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We organized 10Kin1day, a pop-up scientific event with the goal to bring together neuroimaging groups from around the world to jointly analyze 10,000+ existing MRI connectivity datasets during a 3-day workshop. In this report, we describe the motivation and principles of 10Kin1day, together with a public release of 8,000+ MRI connectome maps of the human brain.

Keywords: MRI, connectome analysis, diffusion weighted MRI, brain, network

Ongoing grand-scale projects like the European Human Brain Project (1), the US Brain Initiative (2), the Human Connectome Project (3), the Chinese Brainnetome (4) and exciting world-wide neuroimaging collaborations such as ENIGMA (5) herald the new era of big neuroscience. In conjunction with these major undertakings, there is an emerging trend for bottom-up initiatives, starting with small-scale projects built upon existing collaborations and infrastructures. As described by Mainen et al. (6), these initiatives are centralized around self-organized groups of researchers working on the same challenges and sharing interests and specialized expertise. These projects could scale and open up to a larger audience and other disciplines over time, eventually lining up and merging their findings with other programs to make the bigger picture.


10KIN1DAY

One type of event that fits well with this grass-roots collaboration philosophy are short gatherings of scientists around a single theme, bringing together expertise and tools to jointly analyze existing neuroscience data. We organized 10Kin1day, an MRI connectome event, with the goal to bring together an international group of researchers in the field of neuroimaging and consistently analyze MRI connectivity data of the human cerebrum. We organized the event around five founding principles:

• use existing neuroimaging data, available from many research groups around the world; we focused on diffusion MRI data and aimed to bring together 10,000+ datasets

• analyze data from varying cohorts and imaging protocols, using a single, straightforward analysis strategy to encourage across-group collaborations and multisite studies

• perform all processing during a short workshop, with only basic expertise of analysis needed

• provide education on how to analyze resulting connectome data, so participants can continue to work on their projects after the event

• each participant analyzes their own data and is free to decide what to do with their analyzed results



THE 10K WORKSHOP

Over 50 participants from 40 different neuroimaging groups gathered in The Netherlands for a 3-day event. Participants brought and worked on their own datasets, varying from MRI data on healthy human brain organization, cross-sectional and longitudinal brain development, aging, cognitive psychology, as well as MRI data of a wide range of neurological and psychiatric brain disorders (including among others: Schizophrenia, Mood Disorders, Alzheimer's Disease, Mild Cognitive Impairment, Amyotrophic Lateral Sclerosis, Frontotemporal Dementia, Epilepsy and Parkinson's Disease). Written informed consent of the included healthy controls and/or patients was obtained by each of the participating researchers at their local institute. 10 TB online storage space and 50,000+ CPU hours was reserved on the Cartesius supercomputer of the collaborative Information and Communication Technology (ICT) organization for Dutch education and research (SURF, https://surfsara.nl/) to analyze the data during the workshop. Workshop participants performed data quality checks on their data 1 week before the event after which they uploaded the MRI data (Diffusion Weighted Images (DWI) and pre-processed T1 data, see Materials and Methods) to their own user account on the supercomputer. During the workshop, participants were brought up to speed on DWI processing, connectome construction (see section Materials and Methods for details on the performed analysis), and running parallel jobs on a supercomputer. Together, a total of 15,947 MRI datasets were processed into anatomical connectome maps, with each output dataset including connectivity matrices with different types of connection weights and multiple parcellation resolutions (Figures 1A,B). Data processing was paralleled by interactive educational talks and workshops on connectome analysis.
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FIGURE 1. (A) For each dataset, DWI tractography was combined with T1-based parcellation of cerebral brain regions to reconstruct a brain network. (B) Group-averaged (group threshold 33%) FA matrix of the 10K dataset. (C) High overlap (r = 0.93) between group-averaged FA values as derived from high-resolution HCP data and the 10K dataset. (D) Relationship between age and average inverse mean diffusivity (MD, sec/mm2) across the 10K dataset. Colors indicate the different included datasets. Insert shows a pie diagram of the size of included datasets, color coded to set participation. One dataset (set_634413) was excluded from this plot, showing (across the age span) deviating FA (lower) and MD (higher) values than the other datasets (see methods). Due to the high total n, excluding this dataset did not change the relationship with age. (E) Relationship between age and average cortical thickness (CT). (F) Age distribution of the presented data as in (D,E). T1, anatomical MRI; DWI, diffusion weighted imaging; CT, cortical thickness.





OPEN DATA

In line with the collaborative nature of the event, the 10K group discussed making the connectome maps available to the scientific community for non-commercial use, free of restrictions. We include herein the resulting individual connectome maps of 8,000+ connectome datasets across an age range of 0–90 years, with five different edge weights [number of traced streamlines (NOS), streamline density (SD), fiber length, fractional anisotropy (FA), and mean diffusivity (MD)] at three parcellation resolutions (80+ cortical and subcortical regions, 100+ and 200+ cortical regions, see section Materials and Methods for details). Connectome maps are presented anonymously and blinded for participation site, together with basic demographics (age in bins of 5 years, gender, patient/control status, Figure 1). Data is presented under the Non-Commercial Common Creative (CC BY-NC) license, free for all scientists to use in a non-commercial setting. A download request can be made at dutchconnectomelab.org for a download link to the data. Data for download includes connectivity matrices with five connectivity weights (NOS, FA, MD, fiber length, SD) at three atlas resolutions, information on the cortical and subcortical nodes, blinded group site and subject demographics (gender, age in 5 year bins, case/control).



CONCLUDING WORDS

We performed a few first analyses on the joint dataset, including cross-site consistency, comparison to Human Connectome Project (HCP) data and a first examination of effects of age (see Materials and Methods for more detail). We observed a high average consistency across sites with an average cross-site overlap of 92% (sd:0.0251) and a cross-site correlation of FA weights r = 0.88 (sd:0.0958), as well as a high consistency of the 10K group averaged matrix with data derived from the high-quality HCP, with at least 69% of pathways identified in HCP also observed in the 10K set and with 98% of all non-existing connections in HCP verified in the 10K set (Figure 1C). Furthermore, the distribution of weights across reconstructed connections is highly similar across the two datasets (FA weights, r = 0.93, p < 0.0001, Figure 1C). Age analysis shows clear developmental patterns of cortical morphology (Figure 1E) and white matter microstructure across age. Analysis of inverse MD showed rapid growth of microstructure in early years, with continuing development throughout adolescence, peaking around the beginning of the third decade, followed by a steady pattern of decline throughout aging (Figure 1D).

We acknowledge that there are many shortcomings to the presented MRI connectome dataset. Besides general, inherent limitations of diffusion MRI (7), the presented dataset is a collation of data from a wide variety of groups, acquired with different scanners, different scanning protocols, varying data quality etcetera, and includes data from a mixture of different patient and control populations. While these limitations place constraints on the type of investigations that one can perform with such collated multi-site datasets, we are optimistic that the 10K dataset can be used as a large reference dataset for future studies, enabling many technical and neuroscientific research questions to be addressed (e.g., Figure 1). As such, we hope that the presented data will be of use to the neuroscience community in the examination of the human connectome. Above all, we hope that our report will inspire others to organize exciting 10Kin1day-type of events in the near future, bringing together existing neuroimaging data and further catalyze open neuroimaging research of the healthy and diseased brain.



MATERIALS AND METHODS

A total of 42 groups (52 participants) participated in the workshop, some working on multiple datasets. Each dataset included a diffusion MRI scan and T1 MRI scan processed using FreeSurfer (8). Datasets across groups included data from 1.5 and 3 Tesla MRI with varying scanner protocols and number of applied DWI gradients. Data included MRI data of healthy participants and patients with a neurological or psychiatric disorder. Twenty-three groups were able to make their data available, making a total of 8,000+ connectome maps publicly available through means of this report. Reconstructed connectome maps are presented anonymously, coded for participation site and disease condition(s). Basic demographics of the datasets are included in the download set.


DWI Preprocessing

DWI datasets were corrected for susceptibility and eddy current distortions using the open tools from the FMRIB Software Library (FSL, http://fsl.fmrib.ox.ac.uk). Depending on their DWI dataset, participants preprocessed their data using the FSL eddy_correct or eddy tool. For those DWI sets that included a subset of scans with an opposite k-space read out, an additional field distortion map was formed and applied to the DWI images (9).



Cortical Parcellation

Before the event, the participants created FreeSurfer files based on their T1 images, with this output being subjected to varying degrees of quality control. The resulting parcellations of the cerebrum were used to select the regions of interest for the connectome reconstruction. The 68 cortical regions of FreeSurfer's standard Desikan-Killiany Atlas (10, 11) as well as 14 subcortical regions were selected as network regions. Additionally, FreeSurfer files were used to further parcellate the cortex into 114 and 219 regions, respectively using the Cammoun atlas (12).



Fiber Reconstruction

After preprocessing of the DWI data, in-house developed scripts were used to fit a diffusion tensor to the diffusion signal in each voxel of the white matter mask (selected based on the white matter segmentation map of the FreeSurfer files) using robust tensor fitting (13). Simple Diffusion Tensor Imaging (DTI) reconstruction was used due to its robustness and relatively low sensitivity to false positive reconstructions compared to more advanced reconstruction methods (14), and thus potentially being the least distorting solution for connectome reconstruction and analysis based on MR imaging data (15). Decomposition of the tensor into eigenvectors and eigenvalues was used to select the main diffusion direction in each voxel, and to compute fractional anisotropy (FA) and mean diffusivity (MD) (16). Deterministic fiber tractography was used to construct large-scale white matter pathways. Eight seeds (evenly distributed across the voxel) started in each white matter voxel, and fiber streamlines were formed by following the main diffusion direction from voxel to voxel using the fiber assignment by continuous tracking (FACT) algorithm (17), until one of the stopping criteria was met. A streamline was stopped when (1) it hit a voxel with an FA < 0.1, (2) went out of the brain mask, or (3) made a turn >45 degrees.



Connectome Reconstruction

A connectome map was made by combining the (sub)cortical parcellation map and the set of reconstructed fibers using commonly described procedures [see (18–21)]. For each of the Cammoun Desikan-Killiany parcellation maps (i.e., 14+68, 14+114, and 14+219 regions, respectively), the total collection of reconstructed fiber streamlines was used to assess the level of connectivity between each pair of (sub)cortical regions, represented as the connectivity matrix CIJ. (Sub)cortical regions were selected as the nodes of the reconstructed network, and for each combination of region i and region j where fiber streamlines touched both regions a connection (i.e., network edge) was included in cell CIJ(i,j) in the connectivity matrix. Five different types of strength of a connection were computed and included as edge strength: (1) the number of reconstructed streamlines (NOS) between region i and j, (2) the average FA of the voxels traversed by the reconstructed streamlines, (3) the average MD of the reconstructed streamlines, (4) the average length of the reconstructed streamlines and (5) streamline density computed as the number of reconstructed streamlines corrected for the average volume of region i and region j (18, 19).



Outliers

A total of 15,947 connectome maps were analyzed across the participating groups. Of the datasets that could be shared, 197 were detected as outliers (and were subsequently removed from the dataset). Outliers were detected automatically by testing per dataset and for each connectome map their average connection strength and their distance to the group average prevalence map. The average connection strength of a connectome map was calculated for each of the five connection weights as the mean of the strengths over all existing (nonzero) connections. To measure the presence of odd connections or absence of common connections in a connectome map, we constructed a group prevalence matrix for each dataset, counting per node pair how many times an edge was observed across the group of subjects in the dataset. For each connectome map the total prevalence of all observed connections and the total prevalence of all non-observed connections was computed. Outliers were identified as connectome maps that displayed on any of the 7 measures (5 weight and 2 prevalence measures) a score below Q1 – 2 × IQR or above Q3 + 2 × IQR, with Q1 and Q3 referring to the first and third quartile, respectively and IQR the interquartile range IQR = Q3 – Q1. This resulted in the detection of 189 outliers in total, which were excluded from the dataset. One complete dataset (set_634413, n = 584) showed across all included individual sets an average lower FA / higher MD as compared to the other datasets and this set was excluded from the age curves shown in Figure 1. Due to the high overall sample size, including or excluding this dataset did not change the shape of the final plot.



Cross-Site Comparison

Datasets across sites were compared by computing for each site a group average connectome map (group threshold 60%) and comparing the group average connectivity matrices across each of the sites. Cross-site overlap was computed as the percentage of overlap of the binary matrices and as the correlation between the non-zero elements of the FA group-average matrices.



Comparison to HCP

To test the validity of the 10K dataset, we compared the group average matrix of the 10K set to the group average matrix of data from the Human Connectome Project (HCP) (3). First, for the 10K dataset, a group average FA matrix was computed, by including those edges that were observed in at least 33% of the group (i.e., a group threshold of 33%, >2700 subjects showing a particular network edge). Average weight values of the included edges were taken as the non-zero mean of those edges across the group of subjects. Second, a similar group average FA matrix was derived from previously analyzed HCP data (22) (n = 487 datasets). In brief, HCP analysis included the following steps [see (22) for more detailed information on the HCP data analysis]. For each of the HCP DWI datasets a connectome was reconstructed based on the minimally pre-processed data of HCP. Given the high quality of the HCP data, analysis here included reconstruction of multiple diffusion directions, allowing for the reconstruction of more complex fiber configurations (e.g., crossing fibers) (22). Similarly as for the 10K data, across the total set of 487 datasets, an average FA group matrix was computed, including those network edges that were observed in at least 33% of the total population (i.e., >160 datasets) and taking the non-zero mean of FA values across the group of subjects. Comparison between the 10K set and the HCP dataset was computed by means of (1) counting the number of existing connections and non-existing connections in the 10K dataset as observed in the HCP dataset and (2) by correlating the FA weights of the set of edges as observed in both datasets.
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Mastering detailed anatomy of the human deep brain in clinical neurosciences is challenging. Although numerous pioneering works have gathered a large dataset of structural and topographic information, it is still difficult to transfer this knowledge into practice, even with advanced magnetic resonance imaging techniques. Thus, classical histological atlases continue to be used to identify structures for stereotactic targeting in functional neurosurgery. Physicians mainly use these atlases as a template co-registered with the patient's brain. However, it is possible to directly identify stereotactic targets on MRI scans, enabling personalized targeting. In order to help clinicians directly identify deep brain structures relevant to present and future medical applications, we built a volumetric MRI atlas of the deep brain (MDBA) on a large scale (infra millimetric). Twelve hypothalamic, 39 subthalamic, 36 telencephalic, and 32 thalamic structures were identified, contoured, and labeled. Nineteen coronal, 18 axial, and 15 sagittal MRI plates were created. Although primarily designed for direct labeling, the anatomic space was also subdivided in twelfths of AC-PC distance, leading to proportional scaling in the coronal, axial, and sagittal planes. This extensive work is now available to clinicians and neuroscientists, offering another representation of the human deep brain ([https://hal.archives-ouvertes.fr/] [hal-02116633]). The atlas may also be used by computer scientists who are interested in deciphering the topography of this complex region.

Keywords: atlas, MRI, human, thalamus, hypothalamus, subthalamus, deep brain, stereotaxis


INTRODUCTION

The term “deep brain” (DB) describes the combination of subcortical structures including the mesencephalon. It is anatomically a highly complex region with clinical importance in a number of diseases. Several specialized atlases have been created to orient deep brain interventions. The atlases of the human deep brain most used in clinical neurosurgery relies on histological studies (1–4). They are both, anatomic books, and stereotactic atlases. They are co-registerable with patient brains through landmarks; such as the widely used anterior (AC) and posterior (PC) white commissures. Other proportional grid systems derived from landmarks, are also still largely used (5, 6). These atlases provide probabilistic coordinates of structural related functional targets. Rigid registration of an atlas to a patient's brain MRI refines the quality of probabilistic targeting (7). This approach is called indirect stereotactic identification of structures (2), because the structures of interest were not directly visible before the existence of the MRI.

The deep brain geometry limited variability coupled with the relative facility to construct proportional diagrams made the indirect visualization approach used worldwide in stereotactic and functional neurosurgery, including radiosurgery (8). Yet an increasing number of surgical teams transitioned to use both, MRI landmarks and/or directly visualization of targeted structures for implantation of DB stimulation (DBS) (9–15). We proposed direct targeting of pallidal structures visualized on MRI without the use of AC-PC referencing (16), and since used this approach routinely (17).

Recent advances of MRI technologies have resulted in a dramatic increase in both, spatial resolution and contrast resolution, consequently the ability to identify clinically relevant structures in the deep brain. Our group begun to manually segmenting the DB using ex vivo high field MRI in the early 2000's (18). Because of its complex architecture, it took over 10 years to comprehensively label the majority of relevant structures. We reported intermediate stages of this atlas over the years (19–22). Herein we present a clinical MRI Deep Brain Atlas (MDBA) built from a unique anatomic specimen offering for the first time the most advanced version with detailed volumetric representation. Though mainly developed to identify structures of the deep brain on MRI for neurosurgical practices, it also offers to neuroscientists another representation of the topographic organization of the deep brain.



MATERIALS AND METHODS


Specimen, Raw Image Data, and Initial Contouring of Structures

The brain specimen was obtained from a 65 year-old male subject who died of non-neurological cause. It was studied following our institutional rules and guidelines. After long term fixation in 10% formaldehyde, a block measuring about 60-mm in each direction was scanned at 4.7 Tesla (Bruker, Ettlingen, Germany) with a 3D T1-weighted spin echo sequence (about 14 h of acquisition), resulting in 250 μm isotropic voxels (2563 matrix). The image data was initially manually contoured and labeled using a neurosurgical software (Iplan, BrainLab, Munich, Germany). MRI cartography and labeling relied on the analysis of different signals and patterns of the deep brain structures (19). The signal intensity of a voxel reflects the microarchitecture, i.e., cell density, and anisotropy of bundles of axons (the higher number of anisotropic bundles, the lower signal), as well as the cells contents, notably the ferromagnetic load of neurons (the higher ferromagnetic charge, the lower signal). In addition, at the resolution available in our data set, the common separation of brain tissue into white and gray matters is not binary in the deep brain. For instance, at large scale (centimetric) the thalamus is made of gray matter; at small scale (millimetric) the thalamus is made of gray matter nuclei such as the ventromedial posterior nucleus, of white fascicles such as the mammillothalamic fascicle, and of mixed structures such as intralaminar nuclei or the reticular nucleus crossed by numerous white matter fibers. The cartography was performed structure by structure, starting from the most readily identifiable ones, such as the subthalamic nucleus. In parallel to the progressive mapping of the 4.7-Tesla data set, the updated version was tested in clinical practice for direct targeting in functional neurosurgery as an neuroanatomic aid (23, 24). The different nuclei of the hypothalamus were parcellated into different structures according to proportional topography and structural connectivity (21, 25).



Building of the MRI Deep Brain Atlas

The objects, i.e., the anatomic structures, were exported as surface (stl format) from the surgical software. Surfaces were transformed in binary maps for voxel-based representation and co-registered with a modified MRI data set (Thermo Scientific™ Amira™, v 6.4, Hillsboro, OR, USA). The raw image data set were realigned along AC-PC line, slices being resampled accordingly; leading to a new image data set of 0.125 × 0.125 × 0.256 mm3 voxels (512 × 512 × 256 matrix; 8-bit grayscale ranging from 0 to 255). The resampled MRI images were cleaned (removed of cerebrospinal-fluid spaces, vessels and nerves of the subarachnoid space; Photoshop CC, Adobe, San Jose, CA, USA,) and then filtered (unsharp masking and sigmoid intensity remapping; 16-bit grayscale; Thermo Scientific™ Amira™, v 6.4, Hillsboro, OR, USA). All imported objects were manually re-segmented accounting to the new high geometric resolution and highest contrast between adjacent structures using multi-objects contouring tools (Thermo Scientific™ Amira™, v 6.4, Hillsboro, OR, USA) (Figure 1A). Contours of unnamed structures were identified and labeled during this process (Figure 1B). A unique color (HSV color model) was attributed to each object. The surface representation of voxel objects was smoothed with a Gaussian filter (Thermo Scientific™ Amira™, v 6.4, Hillsboro, OR, USA) (Figure 1C).
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FIGURE 1. Principle of contouring and voxel objects (frontal view; coronal slices). (A) ventrocaudal medial nucleus of thalamus (pink). (B) retrolenticular-reticularoïd zone (light beige). (C) smoothed surfaces of voxel objects, ventrocaudal medial nucleus of thalamus, retrolenticular-reticularoïd zone, red nucleus (red), and hippocampal formation (light brown).





Labeling of Structures

The structures were labeled according to clinically known classical names (1, 2, 26–37) and ontologies (38–40). These structures were essentially nuclear, i.e., where neuronal bodies are concentrated; in addition, small white matter fascicles embedded were included (e.g., thalamic fascicle), but we did not label the large capsule fascicles, namely the internal, external and extreme capsules. Complementary information, such as homonyms and French names were also added. Acronyms were created to reduce the text size of labels on plates. Structures not precisely identified or still unnamed were detailed and labeled according to the location and the aspect on MRI. For instance: (i) the retrolenticular reticularoid zone was observed laterally to the area or zone of Wernicke, hence in a retrolenticular position, Because of its reticular appearance (low signal intensity) it was named reticularoid (Figure 2); (ii) the subthalamic tegmental field covered the historical Forel's H field, and was segregated into anterior, dorsal, medial, lateral and central zones; (iii) the area of reticular appearance, i.e., with an apparent low density of cells, which is placed posteriorly and below the pallidum, was named the posterior subpallidal area. The information is available as Supplementary Table.
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FIGURE 2. (A) Contouring and labeling of the retrolenticular reticularoid zone (RLRZ; the voxel object is overlaid) on MRI slice (see MDBA plate 10); medial geniculate body, M-GB; lateral geniculate body, L-GB; stria terminalis, STR-ter; caudate nucleus, CAU-nu. (B) Same region according to Riley (36); the RLRZ is visible (histologic preparation) but not identified. (C) Same region according to Dejerine (26); the RLRZ is visible (artist drawing) but not identified.



The structures were also specified according to four subregions of the deep brain, although these subdivisions are still not formally set (33, 40), namely the hypothalamus, the thalamus, the subthalamus or prethalamus and the telencephalon (Supplementary Table). The labeling was not fully extensive, as we focused on structures identifiable on MRI for the thalamus, subthalamus, and telencephalon, or inferred from diagrams for the hypothalamus (e.g., the suprachiasmatic and supraoptic nuclei were not separated).



MDBA Plates

For each MRI slice and related maps, structural (MRI slice) and topographic (maps) data were distributed on a double page or plate.

Topographic maps were created from cross sections of objects intersecting with cutting planes (Thermo Scientific™ Amira™, v 6.4, Hillsboro, OR, USA), displaying colored surface and contours of structures overlaid on MRI slices (Figure 3). The MRI slices were not scaled, as they were assumed to be used for direct comparison with patient MRI datasets. Furthermore, the aspect of signal of structures is very similar to that observed in images routinely used in clinical practice, even if the latter have a lower spatial resolution, which is supramillimetric. The contours of structures were overlaid (white line) on each MRI slice, facilitating the identification of structures on the patients' individual imagery. The contrast of each MRI slice was enhanced by automatic adjustment of tones (Photoshop CC, Adobe, San Jose, CA, USA), in a slice by slice fashion, minimizing heterogeneity of signals due to the presence of extremely high (white) and low (black) values within the volume of acquisition (a legacy of the original MRI acquisition).
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FIGURE 3. (A) Colored surfaces and acronyms, plate CR8 (millimeter scale), the ACPC line is depicted as a black circle. (B) Same plate, colors are specified according to subregions (proportional and millimeter scales); thalamus (blue gradation), subthalamus (brown gradation) and telencephalon (green gradation). (C) Same plate, MRI slice and white contours of structures (no scale).



The anatomic space, scaled in millimeters and oriented along vertical and horizontal AC-PC plans, was subdivided in twelfth of AC-PC distance according to Guiot et al. (5), Benabid et al. (6), leading to proportional scaling in the coronal (C), axial (A), and sagittal (S) planes (Figure 4). AC-PC distance was rounded to 27 mm; 1/12th of AC-PC was rounded to 2.25 mm; the midpoint between AC and PC (MI) was rounded to 13.5 mm. The height of the thalamus was 18 mm. The proportional grid system numbers were used to name the slices and related maps. Hence, for one unique location in a plane, both absolute (overlay of absolute millimeter distance grid) and relative (overlay of proportional distance grid) positions were available. Three particular sections served as reference positions. The axial section going through the AC-PC horizontal plane was named A0-AC-PC; sections above that plane were named superior (AS), and below, inferior (AI). The coronal section going through AC (perpendicular to AC-PC horizontal plane) was named C0-AC. All plates in front of AC were named CF, whereas the ones located posteriorly (or rear) to AC were named CR; at the MI point, the coronal section was named CR6-MI (the 6th coronal plane posterior to AC); at PC, CR12-PC (the 12th coronal plane posterior to AC). The sagittal section going through the vertical AC-PC plane was named S0-ACPC.
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FIGURE 4. Position of slices (colored lines: axial, red; coronal, blue; sagittal, green) on the axial ACPC plan (A0-ACPC; left row), coronal MI plan (CR6-MI; intermediate row) and 9-mm lateral sagittal plan (S4; right row); proportional grid (purple) in 12th of ACPC distance; HT, thalamus height.



On each plate whatever the orientation, one MRI slice and related position graphs and maps, were arranged for localization and comparison purposes. The relative position of any given MRI slice and related maps was overlaid on proportional grids on A0-ACPC, CR6-MI, or S4, according to its orientation. Two related maps of the MRI slice were displayed: the first is the map of structures at the specific location with the contours and labels (acronyms), on which is overlaid a millimetric grid (absolute location); the second map is made of the same structures but colored according to the four subregions, including the overlay of a proportional grid as well. This second map was colored using luminance gradients of the specific color of the subregion as follows. The hypothalamus was colored in yellow, the thalamus in blue, the subthalamus in brown, and the telencephalon in green.




RESULTS

Twelve hypothalamic, 39 subthalamic, 36 telencephalic and 32 thalamic structures were identified, contoured and labeled (n = 119; Supplementary Table). Nineteen coronal, 18 axial, and 15 sagittal MRI plates were created (n = 52; Table 1). The acronyms were classified in alphabetic order by subregion. The 52 plates generated for this study can be found in the https://hal.archives-ouvertes.fr/ [hal-02116633].



Table 1. MDBA plates.
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DISCUSSION

The MDBA with 119 structures and 52 plates provides an extensive 3D MRI structural analysis of the human deep brain mainly for clinical applications, but also researchers interested in direct visual identification of neuroanatomical structures. The simple principle of cartography from reconstructed slices of one anatomic specimen without destruction of tissue greatly facilitates the 3D structural analysis, which is also dramatically improved by high spatial resolution with infra millimetric voxels. Although the result of parcellation according to T1-weighted contrast harvested a lot of data, further approaches using others MRI contrast, such as inversion-recovery sequences, or multimodal imaging with DTI, should refine the information.

The large scale maps of MDBA with 250-μm side voxels is compatible with the recent human DTI data sets with isotropic voxels of 400 μm (41) up to 60 μm (42), as well as with high resolution probabilistic atlases (43, 44) and could help in the labeling process of the deep brain. Indeed the MDBA gives high level of structural details of white and gray matter structures substantially enhancing the current structural knowledge within this region. Although it can be used both at the individual level and in series, it is intrinsically a detailed data set of a unique specimen which must interpreted in this strict context as a topological descriptor of the deep brain architecture. Anyway this topological descriptor, could be the support of advanced probabilistic atlases enabling to integrate the variability, still not mastered, of the deep brain, through large cohorts of subjects.

Our approach has shown that it is feasible to identify the details of individual MRI anatomy. Whereas, the atlas-with proportional scales is still largely used for stereotactic targeting, nevertheless there must be kept in mind such unsolved issues as inhomogeneity of ontologies, weak cross-correspondences between atlases (45) and between set of slices within atlases questions (20). On the other hand it can be assumed that machine learning approaches (46) could significantly enhance these anatomical uncertainties, therefore dramatically change paradigms to solve these challenges. This is expected as the learning databases are rapidly becoming stronger. For instance the MDBA could be used in the work flow of learning methods including decision-based approaches whether supervised or not (47–49) to interpret the results. In the interim, the MDBA can assist significantly those who are willing to better master the deep brain architecture, which is particularly important for clinicians implanting devices in the deep brain. In this latter condition, practitioners can use the atlas like classical histological atlases from the proportional grid plates, and at the same time they can adjust or specify directly the targets from the MRI plates. Furthermore, the MDBA is of considerable value to study injured and deformed brains as indirect methods are unreliable due to the hampered landmarks in the injured brain (50). The MDBA also improves scientific knowledge of the deep brain structural aspect as revealed by current MRI. In this sense, it fuels the panoply of MRI-based brain atlases used for research and clinical purposes, notably in computer science (see e.g., https://en.wikibooks.org/wiki/SPM/Atlases). Furthermore, the MDBA creates a link to pioneering data (see Supplementary Table), which otherwise would remain into oblivion. Moreover, the MDBA serves as a new tool in the continuous effort of mastering the structural and functional anatomy of the human brain using either direct or indirect methods of cartography. Last but not least, it can also be used for teaching, learning and training purposes, taking advantage of current publicly available free website-based programs (https://www.openanatomy.org/).
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Susceptibility-weighted magnetic resonance imaging (MRI) (SWI) offers additional information on conventional MRI contrasts. Central veins can be identified within lesions, and recently, it has been suggested that multiple sclerosis (MS) lesions with slowly expanding demyelination, so-called smoldering lesions, can be identified by a phase rim surrounding the lesion. We analyzed post-contrast SWI in regard to intrinsic lesion characteristics in a cohort of MS patients. A total of 294 MS patients were evaluated using a 3-T MRI. A comprehensive MRI protocol was used including post-contrast SWI. Lesions of at least 5 mm in size were analyzed on conventional MRI and SWI with a structured reporting scheme with a focus on SWI lesion characteristics. A total of 1,323 lesions were analyzed: 1,246/1,323 (94%) were non-enhancing and 77/1,323 (6%) were contrast-enhancing (CE) lesions. In CE lesions, the following patterns were seen: contrast enhancement was nodular in 34/77, ring-shaped enhancement was present in 33/77, and areas of peripheral enhancement were present in 10/77. In CE lesions, an association with central veins was found in 38/77 (50%). In 75/1,246 (6%) non-enhancing lesions, a central dark dot in keeping with a central vein was seen, whereas 162/1,246 (13%) showed peripheral hypointense dots/rims, 199/1,246 (16%) showed scattered hypointense dots mainly within the lesion area, and in 374/1,246 (30%), no SWI hypointensity was detected. Furthermore, 436/1,246 (35%) lesions showed isointensity to the surrounding tissue and were not visible on SWI. SWI is able to offer additional aspects of MS pathology also when used after the application of a contrast agent. Veins connected to lesions, a potentially useful marker in the differential diagnosis of MS, were seen in about 50% of enhancing lesions. Susceptibility artifacts, suggested to mark the presence of myelin-laden macrophages and smoldering inflammation, were visible in 28% of lesions as hypointense dots in and in the periphery of the lesion. Given those results, SWI may provide practical useful additional information in the evaluation of the lesion status in MS patients.

Keywords: multiple sclerosis, lesions, MRI, susceptibility-weighted imaging, central vein


INTRODUCTION

Conventional magnetic resonance imaging (MRI) techniques play an important role in the diagnosis and monitoring of disease evolution in multiple sclerosis (MS). Review of MS lesion characteristics can provide insight into the acute and chronic pathology. Hyperintense lesions on T2-weighted (T2-w) images are thought to represent a heterogeneous pathology such as edema, gliosis, axonal loss, and demyelination (1). New T2 lesions on follow-up MRI are commonly employed in the search for a recent inflammatory disease activity. In addition, the presence of contrast enhancement on post-contrast T1-weighted (T1w) images and occasionally hyperintensity on diffusion weighted MRI can also indicate acute inflammatory changes (2–5). Recently, susceptibility-weighted imaging (SWI), a velocity-compensated three-dimensional gradient echo sequence (6), has been shown to be sensitive to iron on the form of ferritin, hemosiderin, and deoxyhemoglobin (7). It is sensitive to iron accumulation in the normal-appearing brain tissue, in lesions, and in the vessel walls of veins in MS (8). Iron is supposed to cause damage to oligodendroctyes and myelin by oxidative stress in the form of free radicals (9). Furthermore, areas of active myelin breakdown also show susceptibility effects in the form of dark dots or rims (10–12). The susceptibility effects in those lesions are due to the presence of iron-laden activated microglia/macrophages and reactive astrocytes at the lesion edge (6, 8–11, 13). These lesions have been suggested to represent areas of so-called smoldering inflammation (10, 11, 13). Furthermore, it has been demonstrated that these lesions may increase in size during longer observation periods. Such gradual slowly evolving increases in lesion size can also be identified when analyzing serial T1w MRI as it has recently been demonstrated (14). This type of lesion has also generated high clinical interest, as it is conceivable that it contributes to gradual clinical worsening in MS.

Commonly, SWI is acquired before contrast agent injection, and only a few studies evaluated contrast-enhancing (CE) lesions on SWI after contrast application (15, 16). We investigated characteristics of active CE and non-enhancing lesions detected on contrast-enhanced SWI.



MATERIALS AND METHODS


Subjects

We performed a retrospective, cohort analysis of MRI in MS patients in our MS database over a 3-year interval. Inclusion criteria were diagnosis of MS according to the McDonald diagnostic criteria (17) and being at least 18 years of age. Exclusion criteria were presence of neurological conditions other than MS, cardiovascular or respiratory disease, contraindication to MRI, and pregnancy or breastfeeding.



MRI Studies

All MRI studies were performed on a 3.0-T MR system [MAGNETOM Skyra, Siemens, Erlangen, Germany, 20-channel head coil, 50-cm field of view [FOV]]. A standardized protocol was used in all patients: (1) axial, coronal, and sagittal localizing sequences followed by axial oblique contiguous 5-mm slices aligned with the inferior borders of the corpus callosum; (2) T2-w images (TR 4,000 ms/TE 78 ms, FOV 220 mm, slice thickness 3 mm, voxel size 0.4 × 0.4 × 3.0 mm); (3) fluid-attenuated inversion recovery (FLAIR) images (TI 2,500 ms/TR 8,500 ms/TE 136 ms, FOV 220 mm, slice thickness 3 mm, voxel size 0.4 × 0.4 × 3.0 mm); (4) T1w images (TR 225 ms/TE 2.5 ms, FOV 220 mm, slice thickness 3 mm, voxel size 0.7 × 0.7 × 3.0 mm); (5) T2*-w images (TR 594 ms/TE 19.9 ms, FOV 220 mm, slice thickness 3 mm, voxel size 0.4 × 0.4 × 3.0 mm); and (6) identical to (4) T1w images 10 min after manual injection of single-dose contrast agent of 0.1 mmol/kg body weight (Dotarem, Guerbet) followed by (7) susceptibility-weighted imaging (TR 27 ms, TE 20 ms, FOV 220 mm, slice thickness 1.50 mm, voxel-size 0.9 × 0.9 × 1.5 mm). SWI and mini-IP images were generated automatically by the scanner software provided by the manufacturer.

To exclude a possible influence of the contrast agent on diagnostic image quality, vascular enhancement, and parenchymal signal alterations in 10 patients were additionally examined with SWI before and after contrast agent injection.



Data Processing and Analysis

Image interpretation was performed on a standard picture archiving and communication system workstation. Two readers experienced in the diagnostic and clinical reading of MS studies examined MR images jointly. Readers were unaware of clinical data and patient identification information. A structured reporting scheme was used. For lesion identification, FLAIR images were used as the “gold standard.” Only brain lesions with a diameter >5 mm on axial slices entered further analysis.

With the use of post-contrast T1w images, lesions were classified as CE lesions (group 1) or non-enhancing lesions (group 2), according to previously published criteria (18). All lesions were further classified on T1w images as T1 hypointense (19) or T1 isointense. In a second step after lesion identification on conventional MR images, SW images were analyzed for the corresponding lesion characteristics. As CE is seen also on SW images, CE lesions in group 1 were categorized as follows: (1) ring-shaped CE lesions, (2) lesions with partial peripheral contrast enhancement, or (3) nodular homogenous contrast enhancement. All lesions of group 1 (CE lesions) and group 2 (non-enhancing lesions) were categorized in regard to hypointense features potentially visible on SW images: (i) lesions with central veins, (ii) lesions with peripheral hypointense dots/rims, (iii) lesions with scattered hypointense dots within the lesion, and (iv) isointense lesions not seen on SWI. These categories were employed similar to previously suggested lesion characteristics (10, 11, 13).



Standard Protocol Approval

This study was approved by the local institutional review board and performed in accordance with the ethical standards laid down in the 1964 Declaration of Helsinki and its later amendments. Patient consent was waived owing to the retrospective nature of the study and the lack of patient interaction.




RESULTS

A total of 294 patients [226 women and 68 men; mean age 36 years (range 18–69 years)] were included in the study. Two hundred seventy-nine patients had relapsing–remitting MS, and 15 patients had secondary progressive MS. The median Expanded Disability Status Scale (EDSS) was 2.0 (range 0–7). Two hundred twenty-four patients were on best individually selected treatment with interferon-beta, glatiramer acetate, dimethyl fumarate, fingolimod, or natalizumab. Seventy-six patients had an acute relapse at the time of MRI. Forty-four patients showed CE lesions on post-contrast T1w images.

Overall, we identified 1,323 lesions on conventional MRI: 77 CE lesions (group 1) and 1,246 non-enhancing lesions (group 2) (915 T1 hypointense lesions and 331 T1 isointense lesions). On T1 and SWI, 33/77 CE lesions presented with ring-shaped contrast enhancement, 10/77 with peripheral contrast enhancement, and 34/77 with homogenous contrast enhancement. When comparing post-contrast T1w and susceptibility-weighted images in respect to contrast enhancement, we found matching enhancement characteristics in all lesions. Figure 1 shows exemplary images of acute lesion subtypes identified on SWI, and Table 1 provides an overview on signal characteristics of CE lesions.


[image: Figure 1]
FIGURE 1. From left to right: representative post-contrast T1, post-contrast SWI, and FLAIR images of acute contrast-enhancing lesion subtypes. (A) Ring-shaped contrast enhancement, (B) peripheral contrast enhancement, and (C) homogenous contrast enhancement. SWI, susceptibility-weighted magnetic resonance imaging; FLAIR, fluid-attenuated inversion recovery.



Table 1. MRI characteristics of contrast-enhancing lesions.
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On SWI, lesions in the non-enhancing lesion group 2 showed the following phenotypes: 374/1,246 lesions were homogenously hypointense without dark susceptibility dots, 162/1,246 showed ring-shaped distribution of susceptibility dots, 199/1,246 showed scattered distribution of susceptibility dots, 75/1,246 showed a central dot suggestive of a central vein, and 436/1,246 were not visible on SWI. Figure 2 demonstrates exemplary images of chronic lesion subtypes identified on SWI, and Table 2 provides an overview on signal characteristics.


[image: Figure 2]
FIGURE 2. From left to right: representative post-contrast T1, post-contrast SWI, and FLAIR images of non-enhancing lesion subtypes. (A) Homogenously hypointense lesion, (B) ring-shaped distribution of susceptibility dots, (C) scattered distribution of susceptibility dots, and (D) lesion with a central dark region. SWI, susceptibility-weighted magnetic resonance imaging; FLAIR, fluid-attenuated inversion recovery.



Table 2. MRI characteristics of non-contrast-enhancing lesions.
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In the subgroup of the 10 patients examined with SWI before and after contrast agent injection, we identified 35 non-enhancing lesions: 6/35 lesions were homogenously hypointense without dark susceptibility dots, 7/35 showed ring-shaped distribution of susceptibility dots, 5/35 showed scattered distribution of susceptibility dots, 2/35 showed a central dot suggestive of a central vein, and 15/35 were not visible on SWI. When comparing pre-contrast and post-contrast SWI, the contrast agent facilitated the visibility of small veins already seen in pre-contrast images but had no influence on the total number of veins detectable or diagnostic image quality and parenchymal signal alterations. Figure 3 demonstrates an example of an MS patient presenting a non-enhancing T1 hypointense lesion on pre-contrast and post-contrast SWI. In this subgroup, no CE lesions were present.


[image: Figure 3]
FIGURE 3. Exemplary MRI of a 44-year-old woman presenting with relapsing–remitting MS. (A) T2-FLAIR, (B) pre-contrast SWI and magnification (E), (C) post-contrast T1-weighted (T1w), and (D) post-contrast SWI and magnification (F). Conventional MRI demonstrates a chronic T1-hypointense lesion (“black hole”) that appears homogenously hypointense on SWI. Post-contrast SWI (D) and magnification (F) facilitated the visibility of the penetrating vein already seen in pre-contrast images but had no influence on the total number of veins detectable or diagnostic image quality and parenchymal signal alterations. MS, multiple sclerosis; FLAIR, fluid-attenuated inversion recovery; SWI, susceptibility-weighted magnetic resonance imaging.




DISCUSSION

SWI is a relatively new MRI technique that has shown promise to provide additional information to established MRI methods in the diagnostic workup and monitoring of MS patients. We limited the analysis of SWI characteristics to lesions of at least 5 mm in diameter in order to be able to differentiate intrinsic lesion characteristics. As a consequence, the results obtained in this study may not or only partly apply to smaller lesions. The results of this study bring out several interesting points.

SWI can demonstrate features of lesions otherwise not visible. Central dots in keeping with central veins can be readily identified, which can help to confirm a typical MS feature as it has been described pathologically. This feature may have value for the differential diagnosis of MS and is currently being evaluated in regard to its potential to facilitate an early diagnosis (20). CE lesions represent a key feature in MS and are thought to demonstrate blood–brain-barrier permeability changes often facilitating the fulfillment of dissemination in time in the diagnosis of MS or demonstrating an ongoing disease activity despite immune treatment. To date, few studies have performed SWI after contrast application. A standard dose of gadolinium (0.1 mmol/kg) appears to provide optimal image quality for clinical application of contrast-enhanced SWI (15). An earlier study applied SWI before and after contrast agent injection in 31 healthy subjects. They found no signal contamination or quality degradation on SWI after application of a contrast agent (16). Other studies have demonstrated an increased detection of small veins in brain neoplasms (21) and MS (22–24). In our study, investigation of SWI after contrast injection facilitated the visibility of small veins already seen in pre-contrast SWI but had no influence on the total number of veins detectable in this subgroup of patients. We found in the CE lesion group that 50% of lesions are associated veins. This underlines one of the characteristics of MS lesions, and when considered together, a combination of (i) the location of a lesion, (ii) contrast enhancement, and (iii) a typical associated vein may have the potential to become highly informative and specific elements in the diagnosis of MS lesions. In this regard, CE SWI contains potentially valuable information for the characterization of focal MS pathology.

Furthermore, there has been recent interest in signs of smoldering active inflammation/presence of macrophages and demyelination, as this might be a pathological element that could contribute to slowly evolving clinical change (7, 25) that can be seen and may be of interest.

Using SWI, Haacke et al. detected different phenotypes of SWI phenomena in MS (10). This included lesions with scattered susceptibility hypointensities and lesions surrounded by a rim of hypointense signal suggestive of a ring-like shape of elevated iron levels. Our results are in line with those findings. From a histopathological point of view, lesions with a hypointense ring seem to indicate the presence of myelin-laden macrophages that may also participate in continuing smoldering inflammation (12). Current studies highlight the concept of “slowly expanding lesions” that may be best detectable on T1w MRI (12, 26). These lesions maintain some degree of inflammatory and myelin breakdown at the lesion edge after the demyelinating event (12). Various studies have demonstrated that iron accumulates within macrophages and microglia at the edges of these lesions, forming rims (8, 27). Using 7-T post-mortem MRI, a current study investigated iron accumulation at the edge of MS lesions. The authors demonstrated that a hypointense rim detected on SWI correlated histologically with iron accumulation in macrophages and microglia expressing the pro-inflammatory markers CD86 and p22phox at the edge of slowly expanding lesions, whereas non-rim lesions showed a tendency to shrink over time (12). The authors concluded that the presence of iron rims on SWI MRI might be a sign of progressive tissue injury and might serve as a marker of a disease activity in MS patients (12). We detected in 29% of lesions larger than 5-mm indications of smoldering inflammatory pathology in the form of scattered or peripheral susceptibility hypointensities. This number is larger than the absolute number of CE lesions in this study, which may indicate that the presence of this pathological change persists for a longer duration than the duration of contrast enhancement. This would be in line with the observation made in a follow-up study (12). To date, no comparative studies to other pathologies are available, and it is possible that hypointense rim lesions are specific for MS and not seen in other pathologies. This could be addressed in future studies.

One limitation of our study is the cross-sectional nature of the analysis and observations. We are aware that although no serial MRI data were available, this is certainly a limitation when trying to obtain information on dynamic phenomena of lesion evolution.

Our data add to the growing database of SWI in MS and point to a potential, useful additional information when integrating the information from CE and SWI MRI.
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Background: Parkinson's disease (PD) is a neurodegenerative disease in which the neostriatum, including the caudate nucleus (CN) and putamen (PU), has an important role in the pathophysiology. However, conventional magnetic resonance imaging (MRI) lacks sufficient specificity to diagnose PD. Therefore, the study's aim was to investigate the feasibility of using a radiomics approach to distinguish PD patients from healthy controls on T2-weighted images of the neostriatum and provide a basis for the clinical diagnosis of PD.

Methods: T2-weighted images from 69 PD patients and 69 age- and sex-matched healthy controls were obtained on the same 3.0T MRI scanner. Regions of interest (ROIs) were manually placed at the CN and PU on the slices showing the largest respective sizes of the CN and PU. We extracted 274 texture features from each ROI and then used the least absolute shrinkage and selection operator regression to perform feature selection and radiomics signature building to identify the CN and PU radiomics signatures consisting of optimal features. We used a receiver operating characteristic curve analysis to assess the diagnostic performance of two radiomics signatures in a training group and estimate the generalization performance in the test group.

Results: There were no significant differences in the demographic and clinical characteristics between the PD patients and healthy controls. The CN and PU radiomics signatures were built using 12 and 7 optimal features, respectively. The performance of the two radiomics signatures to distinguish PD patients from healthy controls was good. In the training and test groups, the AUCs of the CN radiomics signatures were 0.9410 (95% confidence interval [CI]: 0.8986–0.9833) and 0.7732 (95% CI: 0.6292–0.9173), respectively, and the AUCs of the PU radiomics signature were 0.8767 (95% CI: 0.8066–0.9469) and 0.7143 (95% CI: 0.5540–0.8746), respectively. Vertl_GlevNonU_R appeared simultaneously in both the CN and PU radiomics signatures as an optimal feature. A t-test analysis revealed significantly higher levels of texture values of the CN and PU in the PD patients than healthy controls (P < 0.05).

Conclusion: Neostriatum radiomics signatures achieved good diagnostic performance for PD and potentially could serve as a basis for the clinical diagnosis of PD.

Keywords: Parkinson's disease, diagnosis, radiomics, neostriatum, T2-weighted imaging


INTRODUCTION

Parkinson's disease (PD) is a progressive neurodegenerative disease characterized by rigidity, tremor, slowed movements, and other non-motor symptoms. PD affects 2–3% of elderly people >65 years old worldwide and has a significant impact on patients' quality of life (1). PD mainly causes degeneration of the dopaminergic neurons of the nigrostriatal system (2). As part of the nigrostriatal system, the neostriatum includes both the caudate nucleus (CN) and putamen (PU) (3). Abnormal deposition of cytoplasmic inclusions (Lewy bodies) containing a-synuclein and ubiquitin in the neostriatum has been proven pathologically (4). Additionally, iron deposition in the brain, including the neostriatum, has been proposed as having an important role in the pathophysiology of PD (5, 6). Additionally, converging evidence has demonstrated the existence of striatal microstructural changes (7, 8).

The clinical diagnosis of PD essentially relies on a set of clinical presentations that do not provide high accuracy (9). In neuroimaging, based on the above-mentioned pathophysiological changes in PD, some advanced magnetic resonance imaging (MRI) sequences, such as neuromelanin-sensitive MRI (10) and quantitative susceptibility mapping (11), have been reported to be useful for diagnosis of PD. Resting-state functional MRI and diffusion tensor imaging (DTI) also have demonstrated abnormalities in the neostriatum in PD patients (7, 8, 12). Unfortunately, the limitations of these techniques, such as complicated sequences and time-consuming procedures, have hindered their clinical application. As a basic radiological examination, conventional MRI is widely used in clinical neurology. However, conventional MRI only serves to exclude underlying pathologies (e.g., cerebrovascular disease) and lacks specificity in diagnosis (13).

Radiomics, which use mathematical methods to examine a large set of texture features and extract mineable high-dimensional data from the texture features, can provide non-visual information of medical images, such as microstructural alterations and even pathological changes (14). The “texture features” are the interrelationships of image pixel gray-levels and patterns, which are hard to see directly by radiologists. According to the calculation method, these could be divided into first-, second-, or higher-order features. After texture feature extraction, radiomics use machine learning or advanced statistical methods to analyze the high-dimensional feature data to identify the optimal features. Finally, a radiomics signature, a clinical classifier model consisting of the optimal features, was built (14). In the early years of radiomics, this new approach has been widely applied in oncology fields and has shown potential benefits for tumor grading and pathological classification (15, 16). However, given its power in capturing the microstructural changes in tissues and its correlation with clinical endpoints (17) and age progression (18, 19), the use of radiomics is expected to increase in neurodegenerative disorders (20). Presently, radiomics has been applied to the diagnosis of neurodegenerative diseases, including Alzheimer's disease (AD), amyotrophic lateral sclerosis, and Machado–Joseph disease with conventional MRI (21–25), which have similar pathological changes with PD, such as atrophy, abnormal proteins, or iron deposition in many brain regions. In a longitudinal study, radiomics successfully detected microstructural changes in invisible normal-appearing white matter on conventional T2 fluid-attenuated inversion-recovery (FLAIR) images (18). In addition, recent studies indicated that radiomics features derived from DAT SPECT images can serve as a biomarker for PD progression tracking (26, 27). Notably, a previous texture analysis study demonstrated that texture features based on T2-weighted imaging (T2WI) differed between PD patients and healthy controls in many brain regions (28). However, there is no published study that investigated the diagnosis of PD on conventional MRI by using a radiomics approach.

Therefore, the study aim was to investigate the feasibility of using a radiomics approach for discrimination of PD patients from healthy controls on T2WI, which may provide a basis for the clinical diagnosis of PD and guide management for precision medicine. To this end, we developed two T2WI-based radiomics signatures, each consisting of optimal features for either CN or PU, and then estimated the generalization performance in the test group by using receiver operating characteristic (ROC) analysis.



MATERIALS AND METHODS


Participants

This retrospective study was approved by the Ethics Committee at the First Affiliated Hospital of Jinzhou Medical University, and the requirement for written informed consent was waived by the Ethics Committee. MRI and clinical data were retrospectively and anonymously collected from the Picture Archiving and Communication System and medical records of our hospital. All the data were anonymized and de-identified prior to analysis. The inclusion criteria for PD patients was a clinical diagnosis of idiopathic PD per the UK Parkinson Society Brain Bank criteria (29). The exclusion criteria for PD patients were history of other neurological and psychiatric diseases, secondary or atypical Parkinsonism, history of alcohol and/or drug abuse, and history of head injury. The healthy controls with age and sex matched to the PD patients were recruited from the medical examination center of the hospital. All healthy controls had no history of any neurological or psychiatric disorders, alcohol and/or drug abuse, or head injury. All participants underwent conventional MRI examinations with T2WI on the same 3.0T MRI scanner. The T2W images from each participant were evaluated for artifacts that may have affected the feature extraction. Satisfactory image quality for further analysis was obtained for all participants. Sixty-nine PD patients (40 male; 72.4 ± 9.1 years) and 69 healthy controls (35 male; 70.09 ± 5.6 years) were reviewed, according to the above criteria, from February 2017 to December 2018. The PD patients and healthy controls were randomly allocated to training (n = 48) and test groups (n = 21) at a proportion of 7:3.



MRI Acquisition

All MRI images were acquired on the same 3.0T Verio Siemens scanner (Siemens, Erlangen, Germany) equipped with an eight-channel head coil. The acquisition parameters were as follows: (1) axial T1 weighted scan (T1WI) [repetition time (TR)/echo time (TE)/inversion time (TI), 2,000/9/860 ms]; (2) axial T2WI (TR/TE, 6,000/96 ms); (3) axial FLAIR (TR/TE/TI, 8,500/94/2,440 ms); These three sequences shared the following parameters: field of view (FOV), 240 × 204 mm; matrix, 320 × 240 pixels; section thickness, 5 mm; (4) sagittal T1WI (TR/TE/TI, 2,000/9/860 ms; FOV, 240 × 216 mm; matrix, 320 × 240 pixels; section thickness, 5.5 mm) (Figure 1A).
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FIGURE 1. Workflow of this study. (A) All T2-weighted imaging (T2WI) images were acquired on the same MRI scanner. (B) Regions of interest (ROIs) were manually placed on the bilateral caudate nucleus (CN) and putamen (PU). (C) A total of 274 radiomics features were extracted from each ROI. (D) On the R software platform with the glmnet package installed, least absolute shrinkage and selection operator (LASSO) regression was used to optimal features selection and radiomics signature building. (E) Receiver operating characteristic (ROC) curves were used to evaluate classification performance, and t-test analysis and box plots were used to compare the co-occurring optimal feature values.




Image Selection and Region of Interest (ROI) Delineation

The T2W images were used for feature extraction, and T1W and FLAIR images were used as anatomical references for the ROI delineation and placement. The T2W image quality was evaluated, and the slices for feature extraction were determined by two neurological radiologists (SZ and XZ) who had 9 and 28 years of experience, respectively. To extract the texture features more comprehensively and reduce the partial volume effect due to slice thickness, two slices showing the largest respective sizes of CN and PU in each participant were selected for feature extraction. In cases of disagreement of image selection, consensus was reached through discussion (the outcome of the consensus between the two radiologists can be found in Supplementary Table 1).

ROI delineation and texture extraction were performed by using the available MaZda software (MaZda Version 4.6; Technical University of Lodz, Poland). To minimize confounding effects in the image, image gray-level intensity normalization was performed by discarding the image intensities not within μ ± 3δ (μ: mean of gray-level value, δ: standard deviation of gray-level value) (30).

Since different ROI sizes can affect the results of texture extraction (31), to ensure the stability of texture extraction, an ROI was delineated as a rotundity with the same size. In addition, the ROI cannot exceed or coincide the edges of the CN or PU to ensure that it is within the region of the CN or PU. Further, two ROIs were exported as *.roi files with a size of 1,257 pixels and 2,552 pixels for the CN and PU, respectively. Next, we imported the selected CN and PU slices in the MaZda software and then loaded the respective *.roi files. The ROIs were manually placed on the bilateral CN and PU by two neurological radiologists (SZ and XZ, respectively), (Figure 1B). Radiologist SZ placed the ROIs again within a 2 weeks interval.



Texture Extraction

The MaZda software “Analysis” module was used for texture extraction. A total of 274 texture features were extracted from each ROI, and the results were exported as *.sel files (Figure 1C).



Radiomics Signatures Building

LASSO regression with filter, which is a sparse learning method suitable for high-dimensional data (32), was used to optimal feature selection and radiomics signatures building. LASSO regression reduced the penalty term lambda to set the coefficients of diagnostic-unrelated features to zero and retain optimal features with non-zero coefficients. To select optimal features in LASSO regression, we employed 10-fold cross-validation with binomial deviance following minimization criteria to determine the optimal penalty term lambda (33). With lambda determined, the radiomics signature was generated by the multivariate LASSO-logistic regression analysis. To be specific, the radiomics signature was a linear equation consisting of an intercept and optimal features multiplied by their respective coefficients. For each participant in the training group, we substituted the optimal feature values into the equation to obtain their radiomics score (Figure 1D).



Validation of the Radiomics Signatures

The ROC curve is widely used to evaluate performance of supervised classification (34) and is a common method for the measurement of radiomics signature performance in the field of radiomics research (35). The classification performance of our radiomics signature was measured by a ROC curve and the corresponding AUC in this study, and sensitivity and specificity were also calculated. We plotted the ROC curve of the radiomics score and calculated the AUC, sensitivity, and specificity in the training group. To estimate the generalization performance of our radiomics signatures, we used the same image selection and ROI delineation methods to extract the texture features of the CN and PU in the test group. In the same way, the radiomics score was calculated for each participant in the test group using our radiomics signatures by substituting optimal feature values into the equation. The ROC curve of the test group's radiomics score was plotted to show the generalization performance of the signature, and then the AUC, sensitivity, and specificity were calculated (Figure 1E).



Statistical Analysis

All statistical analyses were performed by using SPSS statistical software (Version 20.0; SPSS Inc., Chicago, IL, USA), R software (Version 3.4.3; R Foundation for Statistical Computing, Vienna, Austria), and GraphPad Prism (Version 8.0.2; GraphPad Software, Inc., San Diego, CA). The differences in age, sex, duration of disease, and modified Hoehn–Yahr stage between the study groups were investigated by performing the Chi-square, Student's t, and Mann–Whitney U tests. LASSO regression was performed by using the “glmnet” package in R software. The Hosmer–Lemeshow test was performed to evaluate the goodness-of-fit of radiomics signatures. ROC curves were used to evaluate the diagnostic classification performance of radiomics signatures. The differences in co-occurring optimal feature values between the PD patients and healthy controls were analyzed by using Student's t-test. The inter- and intraobserver agreements of feature extraction reproducibility were evaluated by inter- and intra-class correlation coefficients (ICCs). The interobserver ICC was calculated by using each texture feature for agreement between SZ and XZ, and the intraobserver ICC was calculated by using each texture feature for agreement between two performances by SZ. The threshold for statistical significance was set to P < 0.05, and all reported P-values were two-sided.




RESULTS


Demographics and Clinical Characteristics

The demographic and clinical characteristics of the participants for the training and test group are shown in Table 1. We found no significant differences in age and sex between the healthy controls and PD patients in the training and test groups. Among the PD patients, there were no significant differences in demographic characteristics, modified Hoehn–Yahr stage, and duration of disease between the two groups.


Table 1. Comparison of demographic and clinical characteristics between patients with PD and healthy controls in the training and test groups.

[image: Table 1]



Feature Extraction and Radiomics Signature Building

A total of 274 texture features were extracted from each ROI. The interobserver ICCs ranged from 0.745 to 0.901, and the intraobserver ICCs ranged from 0.776 to 0.924, suggesting favorable reproducibility of feature extraction. Figure 2 shows the dimensionality reduction after LASSO regression. Figures 2A,C shows the trace plots of the texture feature coefficients fit by LASSO. As shown, more coefficients of diagnostic-unrelated features were set to zero with increasing value of the penalty term lambda, which left fewer optimal features with non-zero coefficients in the equation. Figures 2B,D shows the determination of the penalty term lambda based on 10-fold cross-validation. To determine the minimization criteria of binomial deviance, we picked the optimized lambda at the left dotted vertical lines: a lambda value of 0.037 with log (lambda) = −3.310 and a lambda value of 0.052 with log (lambda) = −2.963 were selected for the CN and PU radiomics signatures, respectively. After the dimensionality reduction, there were 12 and seven optimal features with non-zero coefficients remaining in the CN and PU radiomics signatures, respectively (Table 2). All optimal features were derived from image histogram, run-length matrix, and co-occurrence matrix texture features (Table 2). Finally, two neostriatum radiomics signatures were built on the basis of LASSO-logistic regression analysis; the optimal features, coefficients, and intercept are shown in Table 2.


[image: Figure 2]
FIGURE 2. Dimensionality reduction with LASSO regression. (A,C) The coefficients of texture features, represented by each colored line, were plotted vs. log (lambda) in the caudate nucleus (CN) and putamen (PU) radiomics signatures, respectively. (B,D) The binomial deviances were plotted vs. log (lambda) in the CN and PU radiomics signatures, respectively. Using 10-fold cross-validation, the red points indicate average values of deviance for each lambda, and the left and right dotted vertical lines correspond to lambda in the minimum criteria and the one standard error of the minimum criteria, respectively.



Table 2. Optimal features after the dimensionality reduction.
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Texture Feature Analysis

Vertl_GlevNonU_R, a second-order run-length matrix texture feature, appeared simultaneously in both the CN and PU signatures as an optimal feature (Table 2, marked with an asterisk), which means this feature has high diagnostic value in both CN and PU. The t-test analysis revealed significantly higher levels of texture values for both the CN and PU in the PD patients than in the healthy controls (P < 0.05) (Figure 3).


[image: Figure 3]
FIGURE 3. Box plots of optimal feature that appeared simultaneously in two radiomics signatures.




Diagnostic Performance of Two Neostriatum Radiomics Signatures

Figure 4A presents the performance of the CN radiomics signature for distinguishing PD from healthy controls in the two groups. In the training group, the AUC, sensitivity, and specificity were 0.9410 (95% confidence interval [CI]: 0.8986–0.9833), 81.25, and 95.83%, respectively. In the test group, the AUC, sensitivity, and specificity were 0.7732 (95% CI: 0.6292–0.9173), 95.24, and 61.90%, respectively. The Hosmer–Lemeshow test showed an acceptable goodness-of-fit of CN radiomics signature in the training and test groups (P = 0.404, 0.591, respectively).


[image: Figure 4]
FIGURE 4. (A) Receiver operating characteristic (ROC) curves of the caudate nucleus (CN) radiomics signature for distinguishing between Parkinson's disease (PD) patients and healthy controls in the training (red) and test (blue) groups. (B) ROC curves of the putamen (PU) radiomics signature for distinguishing between PD patients and healthy controls in the training (red) and test (blue) groups.


Figure 4B shows the performance of the PU radiomics signature for distinguishing PD from healthy controls in the two groups. In the training group, the AUC, sensitivity, and specificity were 0.8767 (95% CI: 0.8066–0.9469), 91.67, and 75.00%, respectively. In the test group, the AUC, sensitivity, and specificity were 0.7143 (95% CI: 0.5540–0.8746), 76.19, and 66.67%, respectively. The Hosmer–Lemeshow test showed an acceptable goodness-of-fit of PU radiomics signature in the training and test groups (P = 0.285, 0.508, respectively).




DISCUSSION

Using T2W images with feature extraction and a high-throughput radiomics approach, we showed for the first time that conventional MRI-based radiomics signatures with good diagnostic performance for PD could be built. Our results indicated that neostriatum radiomic features had good potential as diagnostic markers for PD. In addition, we also evaluated the differences in co-occurring optimal feature values between PD patients and healthy controls.

PD is characterized by nigrostriatal degeneration. Although the pathogenesis of PD has not yet been clearly elucidated, iron deposition in the neostriatum has been demonstrated in earlier studies (5, 6). Being paramagnetic, iron can influence T2 relaxation times and, therefore, T2 signals (36–38), which can cause local signal non-uniformity. Moreover, decreases in the T2 signals in the neostriatum have been found in an earlier study (39). Although diagnosis of PD on conventional MRI by measuring the striatum T2 signal is non-specific (40), the local signal non-uniformity might cause changes in the neostriatum textural patterns of T2W images. In addition, pathological and DTI studies have demonstrated the presence of Lewy body deposits and microstructural deficits in the neostriatum of PD patients (4, 7, 8, 41). All of these microstructural changes might be characterized by alteration of textural patterns of T2W images (28) and captured by radiomics approach.

In the current study, according to the calculation method, optimal features (Table 2) can be classified into three major categories: the histogram, co-occurrence matrix, and run-length matrix features (42). Further, these major category features were subclassified into two, four, and two minor categories in the histogram, co-occurrence matrix, and run-length matrix features, respectively. As a first-order texture, the histogram only describes the gray-level distribution in the ROI without considering the neighboring pixels as follows: (1) Kurtosis reflects the shape of a histogram and is used to measure the asymmetry of the ROI (43); (2) The Perc indicates the highest gray-level containing a given percentage of pixels in the image (42). The co-occurrence matrix is based on an estimation of the second-order joint conditional probability density functions [p(x,y)]. Each p(x,y) is the probability of a pair of gray values, x and y, in a specified displacement of an image (44). (1) Contrast describes the local variation presented in an image; (2) Correlation describes the image complexity; (3) SumVarnc measures the spread in the sum of the gray-levels of the pixel-pair distribution; (4) InvDfMom describes the local degree of homogeneity (45). The gray-level run-length matrix is based on computing the number of same gray-level runs of various lengths in a given direction (in general, the vertical, horizontal, and two-diagonal directions) (44). Both texture features, GlevNonU and RLNonUni, are derived from the run-length feature matrix. Therefore, the GlevNonU and RLNonUni features are a measure of a given direction's homogeneity of the pixel gray-level distribution of the underlying tissue, with higher values representing more inhomogeneity within the gray-levels of the run-length matrix (46). We found that the feature Vertl_GlevNonU_R co-occurred in two signatures, as one of the optimal features, and their feature values in both the CN and PU were significantly higher in the PD patients than in the healthy controls. Thus, combined with the pathological basis, we hypothesized that the significantly higher value of Vertl_GlevNonU_R might be related to the more heterogeneous texture patterns caused by iron deposition in the neostriatum in patients with PD.

Radiomics has been successfully applied to neurodegenerative disease studies. In a recent radiomics study by Feng et al. (23), T1W images from 78 patients with AD and 44 healthy controls were used for radiomics analysis. The corpus callosum was segmented manually, and texture features were obtained after extraction from each subject. After LASSO dimensionality reduction, a diagnostic model containing 11 features was established, which achieved an AUC of 0.72 for diagnosing AD. In another AD study, a support vector machine model demonstrated that hippocampal radiomics features could distinguish AD from healthy controls, with an AUC of 0.93 (22). Similar to these previous studies, we also used a general radiomics approach to extract features and build models of brain regions that had undergone microstructural changes that were not yet visible on conventional MRI. Previous studies above and our results suggested that radiomics could be used as biomarkers for neurodegenerative diseases on conventional MRI. Sikio et al. (28) applied texture analysis to PD for the first time and proved that the texture features of PD patients were changed in multiple brain regions (including the neostriatum), and stated that texture analysis could detect microstructural changes in T2W brain MRI images. However, they only extracted a few co-occurrence matrix features without further mining and modeling. In the current study, we extracted multiple categories of texture features and employed LASSO method to build radiomics signatures for diagnosis. As a popular machine-learning algorithm, LASSO is widely used as a high-dimensional data analysis tool in radiomics research because it is designed to avoid overfitting, so it can analyze large sets of texture features with a relatively small sample size (32). To our knowledge, no reported radiomics study has described the establishment of a PD diagnostic model for conventional MRI. This is the first radiomics study to diagnose PD by using conventional MRI.

Our study had several limitations. First, we built CN and PU radiomics signatures, respectively, rather than as a combined radiomics signature because of an insufficient sample size (the number of observations did not match the number of variables in the matrix, which meant that LASSO regression could not be performed in the “glmnet” package). Second, the sample size was insufficient to perfectly train the radiomics signature, leading to some degree of overfitting, which can be reflected in the AUC loss between the training group, and the test group. Therefore, further studies with greater sample size of training data set are necessary to reduce the degree of overfitting and improve the generalization performance. Third, the manual image selection and ROI determination was labor-intensive and time-consuming in the current study, which hinders the large sample size research progress and clinical application of radiomics. As the training sample size increases in future research, it is crucial to develop automatic or semi-automatic image selection and ROI determination algorithms to improve the research feasibility and to reduce inter-operator variability. Forth, along with age growth, a series of physiological changes in the brain also affect the texture features (47). Although there was no statistically significant difference in age ratios between the two groups, we did not achieve a complete 1:1 match, so the effects of this incomplete match on the research results cannot be completely excluded. Lastly, this was a retrospective study in which all subjects were recruited from a single hospital. In the future, a large-sample multi-center study is needed to evaluate the generalization performance and potential for clinical translation of our radiomics signatures. Moreover, the usefulness of neostriatum radiomic features as imaging markers for PD progression and response to treatment remains to be further investigated.

In conclusion, neostriatum radiomics signatures based on T2W images in this study achieved good diagnostic performance for PD and potentially could serve as a basis for the clinical diagnosis of PD. Moreover, our preliminary results showed the potential of neostriatum radiomic features as imaging markers for PD.
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Objectives: To evaluate the impact of resting-state functional MRI scan length on the diagnostic accuracy, image quality and lesion volume estimation of BOLD delay maps used for brain perfusion assessment in acute ischemic stroke.

Methods: Sixty-three acute ischemic stroke patients received a 340 s resting-state functional MRI within 24 h of stroke symptom onset. BOLD delay maps were calculated from the full scan and four shortened versions (68 s, 136 s, 204 s, 272 s). The BOLD delay lesions on these maps were compared in terms of spatial overlap and volumetric agreement with the lesions derived from the full scans and with time-to-maximum (Tmax) lesions derived from DSC-MRI in a subset of patients (n = 10). In addition, the interpretability and quality of these maps were compared across different scan lengths using mixed models.

Results: Shortened BOLD delay scans showed a small volumetric bias (ranging from 0.05 to 5.3 mL; between a 0.13% volumetric underestimation and a 7.7% overestimation relative to the mean of the volumes, depending on scan length) compared to the full scan. Decreased scan length was associated with decreased spatial overlap with both the BOLD delay lesions derived from the full scans and with Tmax lesions. Only the two shortest scan lengths (68 and 136 s) were associated with substantially decreased interpretability, decreased structure clarity, and increased noisiness of BOLD delay maps.

Conclusions: BOLD delay maps derived from resting-state fMRI scans lasting 272 and 204 s provide sufficient diagnostic quality and adequate assessment of perfusion lesion volumes. Such shortened scans may be helpful in situations where quick clinical decisions need to be made.

Keywords: perfusion, acute stroke, BOLD delay, scan length, MRI


INTRODUCTION

The assessment of brain perfusion in acute ischemic stroke can be used to guide clinical decision-making, particularly when considering the use of intravenous thrombolysis or mechanical thrombectomy in patients otherwise ineligible for these treatments (1–3). Dynamic susceptibility contrast MRI (DSC-MRI) is most commonly used for this purpose in routine clinical practice. However, it requires the use of exogenous contrast agents, which have potentially severe side effects (4). Even in people with normal kidney function, the gadolinium-based contrast agents used for DSC-MRI accumulate in the brain with repeated administration (5, 6), which has led the European Medicines Agency to recommend restricting their use (7).

As part of the ongoing search for alternative perfusion imaging methods, many studies have recently shown that the temporal properties of the blood-oxygenation-level-dependent (BOLD) signal reflect aspects of perfusion. This is because the BOLD signal, while usually used to probe the hemodynamic response to neural activity, reflects an amalgam of different physiological processes. These include fluctuations originating from outside the brain that travel through the vasculature in a manner closely resembling blood flow (8–11). These non-neuronal oscillations, referred to as systemic low-frequency oscillations (sLFOs), exist in the low-frequency range of the signal (0.01–0.15 Hz). Studies have shown changes in the amplitude, frequency, and phase of sLFOs in areas of low blood flow (12–15). Currently, one of the most well-studied temporal properties of the BOLD signal in relation to perfusion is BOLD delay (also known as hemodynamic lag)–the delay in arrival of sLFOs to a certain voxel compared to a reference region (14).

Evidence for the relationship between BOLD delay and perfusion comes from several sources. Firstly, regions of BOLD delay have been detected in cerebrovascular disorders including stroke (14, 16–21), transient ischemic attack (22), and Moyamoya disease (23). Such regions are also observed in other conditions associated with more subtle changes in cerebral perfusion such as Alzheimer's disease (24), epilepsy (25), and sickle cell disease (26). Secondly, direct comparisons between perfusion modalities have shown that BOLD delay correlates with measures of perfusion derived from DSC-MRI (14, 16, 18–21, 27) and arterial spin labeling (17, 22, 23). In addition, we have recently shown that increased BOLD delay in acute stroke due to large vessel occlusion is reversible following vessel recanalization, and that this reversibility mirrors reperfusion detected using DSC-MRI (19). Thirdly, manipulation of the circulatory system through respiratory challenges affects sLFOs in a manner consistent with changes in cerebrovascular reactivity (28–34). Finally, the physiological basis for BOLD delay seems to lie in axial variations in the concentration of deoxyhemoglobin within arteries and veins caused by vasomotion or changes in oxygen saturation (35). These variations act as a “virtual tracer”—a contrast agent intrinsic to the blood (35).

All this evidence suggests that the use of BOLD delay for assessing perfusion is a promising alternative to DSC-MRI. However, the clinical applicability of BOLD delay is still limited due to its relatively long acquisition time, which particularly hampers its use in clinical situations where decisions have to be made extremely quickly, such as in acute stroke. Studies utilizing BOLD delay for brain perfusion assessment have varied widely in scan length, between 3.5 and 30 min (see Table 1 for an overview), markedly longer than typical DSC-MRI scans (~2 min). In this study, we evaluated the impact of scan length on the diagnostic accuracy, image quality and lesion volume estimation of BOLD delay maps used for brain perfusion assessment in acute ischemic stroke.


Table 1. Overview of resting-state functional MRI scan lengths used in previous studies on BOLD delay for the assessment of brain perfusion.
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MATERIALS AND METHODS


Study Design

Patients with a confirmed clinical and radiological diagnosis of ischemic stroke who received a resting-state functional MRI scan together with a standard stroke protocol were recruited as part of the Longitudinal MRI Examinations of Patients With Brain Ischemia and Blood-Brain Barrier Permeability [LOBI-BBB] study clinicaltrials.gov NCT02077582 from June 2016 to December 2017. The LOBI-BBB study is a single-center, prospective cohort study of patients with acute ischemic stroke. A subset of patients received a follow-up (day 1) scan within 24 h of the first scan session (day 0 scan). This study was approved by the local institutional review board (EA1/200/13) and only patients who gave written informed consent were included. No exclusion criteria based on head motion were used, because we aimed at achieving a representative clinical population in our sample.



Imaging Protocol

A standard stroke MRI protocol was performed on a Siemens (Erlangen, Germany) Tim Trio 3 Tesla MRI scanner. The imaging protocol included a T2*-weighted image (TR/TE=669/20 ms, matrix = 320 × 320, field of view = 220 mm, slice thickness = 5 mm, acquisition time = 1 min 21 s), a diffusion-weighted image (TR/TE = 8900/93 ms, matrix = 192 × 192, field of view = 229 mm, slice thickness = 2.5 mm, acquisition time = 2 min 21 s), a FLAIR image (TR/TE = 8000/96 ms, matrix = 232 × 256, field of view = 199*220 mm, slice thickness = 5 mm, acquisition time = 1 min 21 s) and a time-of-flight MR angiography (TR/TE = 21/3.4 ms, matrix = 218 × 384, field of view = 162 × 199 mm, slice thickness = 0.5 mm, acquisition time = 3 min 2 s). In addition, a resting-state functional MRI was performed using a multiband EPI scan (University of Minnesota sequence cmrr_mbep2d_bold R008) (42, 43): [850 (resting state) time points, TR/TE = 400/30 ms, flip angle 43°, matrix = 64 × 64, 192 × 192 mm field of view (FOV), multiband factor = 6, thirty 4.0 mm thick slices, acquisition time: 340 s]. During the scan, patients were requested to relax, lie still, and close their eyes. In a subset of patients, DSC-MRI data were acquired following the injection of a bolus of 5 mL Gadovist 1 mol/L and a saline flush at a flow rate of 5 mL/s with the following scanning parameters: TR/TE = 1390/29 ms, flip angle = 60, matrix = 128 × 128, 21 slices, slice thickness = 5 mm, acquisition time = 1 min 58 s.



Image Processing
 
Preprocessing

As a first step, the first 25 volumes (10 s) were removed from the full 340 s resting-state scan to allow for magnetization equilibrium. Then, four shortened sets of data of various lengths were produced from the resulting full 330 s resting state scan (68 s, 136 s, 204 s, 272 s), and are referred to in this paper as 0.2, 0.4, 0.6, 0.8 scan segments, respectively.

Preprocessing was performed on the resting-state data of differing lengths using FSL (https://fsl.fmrib.ox.ac.uk/fsl) and AFNI (https://afni.nimh.nih.gov/afni). This comprised volume realignment to the first volume, regression of the effect of three rigid body translations and three rotations, spatial smoothing with 6-mm Gaussian kernel, and band pass filtering (0.01–0.15 Hz). The mean framewise displacement across the scan segments (FD) was calculated (44) and rescaled (multiplied by 10) to increase the comparability of this variable with the rest of the coefficients in the mixed effects models. In addition, to assess the signal change related to head motion, DVARS was calculated, defined as the frame-to-frame root mean square change in voxel intensities averaged across the entire brain (44).



Time Shift Analysis

A template was used to extract the reference time series by averaging the BOLD signal across all voxels in the major venous sinuses. This template was created from the post-gadolinium high-resolution T1-weighted scans of eight subjects, as described in the Supplemental Material of (18). Briefly, segmented gray matter, white matter, and CSF tissue masks were combined and subtracted from the brain-extracted T1 image, leaving an image containing only the vessels. This was registered to MNI space, binarized, summed up across subjects, manually edited to remove voxels outside the major venous sinuses, and spatially smoothed.

The venous sinus was preferred over the whole brain signal because BOLD delay calculated using the venous sinus reference correlated more strongly with DSC-MRI-based perfusion maps in both chronic cerebrovascular disease (23) and acute stroke (18). The venous sinus reference also avoids the contamination of the BOLD delay assessment procedure by hypoperfused voxels because it extracts time courses from voxels outside the brain parenchyma.

BOLD delay maps were generated by assigning each voxel the value of the time shift that achieves maximum cross-correlation between the reference time series and the voxel's time series. For this purpose, we used rapidtide, which is a set of Python tools for finding time-lagged correlations (https://github.com/bbfrederick/rapidtide). Significance thresholds for the cross-correlation were set by rapidtide using a shuffling procedure (10,000 times) to calculate the distribution of null correlation values. To determine the offset associated with the highest correlation coefficient with the reference signal, we shifted the time course from −20 to +20 s. This long tracking range was necessary because delays in acute stroke patients have been shown to be very long (18, 19).

BOLD delay maps generated from the data of each scan segment were registered to an echo-planar imaging (EPI) template derived from a similar cohort of stroke patients (18, 19). A multi-stage registration procedure (rigid → affine → deformable) was applied using the antsRegistrationSyn script from the ANTs software (http://stnava.github.io/ANTs/) (45). Lesions on the diffusion-weighted images (DWI) were manually delineated by a stroke researcher (A.C.T.) and checked by a senior stroke researcher and radiology resident (A.K.) The DWI and the delineated DWI lesions were registered to the template using ANTs. DWI lesions were masked during the registration process to improve registration (46). The results of all registrations were inspected visually for quality.




Quantitative Analysis

Patients with a visible perfusion lesion on their full-length BOLD delay maps (assessed by A.K., a stroke researcher and radiology resident with 7 years' experience with perfusion imaging in stroke) were eligible for quantitative analysis in this study. Perfusion lesions on the BOLD delay maps were automatically delineated using an in-house algorithm used in a previous study (19). This algorithm searches the vascular territory affected by the stroke (defined as the vascular territory where the acute DWI lesion is present) for areas of hypoperfusion on the BOLD delay maps. For this procedure, BOLD delay maps thresholded to >0 s, >2.3 s, and >4.6 s were analyzed separately, generating three perfusion lesion volume values for each dataset (one value per threshold). The potential influence of these thresholds on the outcomes of this study were accounted for in the models.


Spatial Comparison of BOLD Delay Lesions

The Dice similarity coefficient was used for spatially comparing perfusion lesions on BOLD delay maps from shorter scans with those from the full length scan. The Dice similarity coefficient is a statistic used for evaluating spatial overlap and ranges between +1 (perfect overlap) and 0 (no overlap) (47). The association between scan length and the Dice similarity coefficient value was investigated using a linear mixed model (two-level; random intercept), with head motion as a covariate (48).



Volumetric Comparison of BOLD Delay Lesions

BOLD delay lesion volumes were calculated and the following analyses were performed on them:

Bland-Altman analysis (49) was used for assessing the agreement between shorter scans and the full length scan on BOLD delay lesion volume.

A linear mixed effects model (two-level; random intercept and slope model) was used to investigate the association between scan length and BOLD delay lesion volume. Since the distribution of BOLD delay lesion volumes was skewed, the volumes were log-transformed for this analysis. The BOLD delay thresholds (0 s, 2.3 s, 4.6 s; ref = 0 s) and the scan sessions (day 0 or day 1; ref = day 0) were accounted for in this model.



Spatial and Volumetric Comparison of a Subsample of Patients With DSC-MRI Data

In a subsample of the patients eligible for quantitative analysis (n = 10), DSC-MRI data was acquired during the same scanning session after the rsfMRI scan. DSC-MRI data were analyzed using Stroketool version 2.8 (2011 Digital Image Solutions—HJ Wittsack) by selecting an arterial input function of 5–10 voxels in the middle cerebral artery contralateral to the acute infarction (50). Time-to-maximum (Tmax) maps were calculated using block-circulant singular value decomposition deconvolution of the concentration-time curve (51).

In this subsample, the Tmax maps were delineated using the same automated procedure described above for the BOLD delay maps, after applying a Tmax threshold of >6 s (18, 52, 53). The Dice similarity coefficient was calculated between the perfusion lesions derived from each of the BOLD delay scans of different lengths and the Tmax maps. A Bland-Altman analysis was also performed to assess the agreement between Tmax perfusion lesion volumes and BOLD delay perfusion lesion volumes derived from the scans of different lengths.




Qualitative Analysis

Patients were included for qualitative analysis if they met the study's inclusion criteria, regardless of whether or not there was a visible perfusion lesion on their BOLD delay maps.

Two radiologists [K.V. [rater 1] and I.G. [rater 2]], both experienced in stroke perfusion imaging, visually assessed the BOLD delay maps of different scan lengths. The raters were blinded to all patient data and to the length of the scans from which the BOLD delay maps were generated, but had access to the DWI corresponding to each BOLD delay map. Prior to performing the readings, the raters were shown examples of the maps derived from an independent dataset (see Supplementary Figure 2 for examples) and trained on how to fill in the data entry sheet.


Interpretability of Shortened BOLD Delay Maps

The raters assessed whether or not a perfusion lesion was visible on the BOLD delay maps, or if the BOLD delay map was uninterpretable. We calculated the agreement between the BOLD delay maps derived from each of the shortened scans and the BOLD delay maps derived from the full scan using unweighted Cohen's kappa. A binary logistic mixed model (48) (two level; random-intercept) was executed for comparing the interpretability of the BOLD delay maps (reference = “uninterpretable”) derived from scans of different lengths while accounting for head motion and raters (ref = “rater 1”).



Quality of BOLD Delay Maps

The raters assessed how noisy the BOLD delay maps were (on a scale of 1 to 3, with 3 indicating the highest level of noise) and how clear certain structures such as the ventricles were on the map (on a scale of 1 to 3, with 3 indicating the highest structure clarity). Examples of maps of various noisiness and structure clarity are shown in Supplementary Figure 2.

We used the quadratic-weighted Cohen's kappa (54) to assess the agreement between raters on the interpretability, noisiness, and structure clarity of the BOLD delay maps derived from each scan length.

Ordinal mixed models (55) were used to investigate the association between scan length and noise as well as structure clarity of the maps (two-level; random intercept models).

Note that in all statistical models used in this paper, subjects were level two units such that intra-individual correlation among the measures collected on a particular individual was taken into account and scan session identification (reference = “day 0”) was included as a covariate in the models. All models in the qualitative analysis also accounted for the influence of the raters (reference = “rater 1”).




Statistical Analysis

All statistical analyses were performed using R Statistical Software (56). The data and the code used for statistical analysis and data visualization in this study are publicly available at https://github.com/ahmedaak/BD_scan-shortening. Bland-Altman analysis was performed using the R package “blandr” (57), metrics of inter-rater agreement were calculated using the R package “irr” (58), linear mixed models using the “lmer” and “glmer” functions from the R package “lme4” (48), and ordinal mixed models using the “clmm” function from the R package “ordinal” (55). The distribution of continuous variables in different groups is visualized in this paper using raincloud plots, which combine dot plots, box plots, and violin plots (59). The distribution of categorical variables in different groups is visualized using spine plots (60).




RESULTS

Sixty-three patients who underwent an MRI scan within 24 h of stroke symptom onset were eligible for qualitative analysis. Forty-three of these patients had perfusion lesions on their BOLD delay maps and were selected for quantitative analysis. The characteristics of the two study groups for quantitative and qualitative analysis are presented separately in Table 2. The amount of head motion in each part of the rsfMRI scan is depicted for all patients in Figure 1.


Table 2. Demographics and clinical characteristics of the study sample.
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FIGURE 1. Raincloud plots showing the distribution of mean head motion metrics (framewise displacement in (A) DVARS in (C) for each segment of the resting-state functional MRI scan. In Figures 1B,D, each point represents the maximum head motion value across the full scan (from one patient) measured using framewise displacement (B) and DVARS (D), plotted against time.


The characteristics of the subsample who received a DSC-MRI scan are as follows: median age = 77.5 years (IQR = 63.5–80.3 years), median mRS at admission = 4 (IQR = 4–5), median mRS at discharge = 3 (IQR = 1–4), median NIHSS at admission = 11 (IQR = 7–16), median NIHSS at discharge = 4 (IQR = 2–8), median time from symptom onset to imaging = 1.5 h (IQR = 1–6.5 h). In this subsample, 7/10 patients were female, 3/10 had a follow-up MRI the next day, 4/10 had a previous stroke, 8/10 had a vessel occlusion on the TOF-MRA, 7/10 received intravenous thrombolysis, 4/10 received mechanical thrombectomy, 9/10 had an infarct in the MCA territory, and 1/10 had an infarct in the PCA territory. Data processing took a mean of 122 s (0.2 scan), 193 s (0.4 scan), 273 s (0.6 scan), 368 s (0.8 scan), and 411 s (full scan) per patient on an Intel® Xeon® X5570 CPU (2.93 GHz, 4 cores) with 64 GB of RAM. Note that a single thread was used for the processing.


Quantitative Analysis

The DWIs and BOLD delay maps of all the patients in the quantitative analysis sample can be found here: https://doi.org/10.6084/m9.figshare.12022728.


Spatial Comparison of BOLD Delay Lesions

Figure 2 shows the distribution of spatial overlap metrics (Dice similarity coefficients) between BOLD delay lesions from each shortened scan and BOLD delay lesions from the full scan. The highest spatial overlap was between the 0.8 scan and the full scan (median = 0.68; IQR=0.56–0.81) and it decreased with decreasing scan length. The median Dice similarity coefficients between perfusion lesions from each BOLD delay scan length and Tmax perfusion lesions (for the subsample who also received DSC-MRI) were as follows: full scan = 0.29 (IQR = 0.02–0.33), 0.8 scan = 0.26 (IQR = 0.03–0.40), 0.6 scan = 0.17 (IQR = 0.03–0.39), 0.4 scan = 0.1 (IQR = 0.02–0.29), 0.2 scan = 0.16 (IQR = 0.02–0.32).
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FIGURE 2. Raincloud plots showing the distribution of Dice similarity coefficients (y axis) representing the degree of spatial overlap between BOLD delay lesions derived from resting-state functional MRI scans of different lengths (x axis) and the BOLD delay lesions derived from the full scan.


The results of the linear mixed model of the association between scan length and spatial overlap showed that a 1% decrease in scan length was associated with a 0.006 reduction on average in the Dice coefficient between the BOLD delay lesions derived from the shortened scan and the full scan (beta = 0.006, SE = 0.0004, t = 13.6, p < 0.0001).



Volumetric Comparison of BOLD Delay Lesions

The results of the Bland-Altman analysis are presented in Figure 3 and the distribution of lesion volumes for each scan length is shown in Supplementary Figure 1. Compared to the BOLD delay lesion volumes derived from the full scan, the biases of the lesion volumes derived from the shortened scans were as follows: the 0.2 scan = 5.3 mL (a 7.7% overestimation relative to the mean of both scans, limits of agreement = −48.1–58.7 mL), 0.4 scan = 1.04 mL (a 4.5% overestimation relative to the mean of both methods, limits of agreement = −61.1–63.2), 0.6 scan = 0.05 mL (a 0.13% underestimation relative to the mean of both methods, limits of agreement = −50.6–50.7 mL), and 0.8 scan = 1.06 mL (a 1.4% overestimation relative to the mean of both methods, limits of agreement = −34.8–36.9 mL).


[image: Figure 3]
FIGURE 3. Bland-Altman plots of volumetric agreement between BOLD delay lesion volumes derived from resting-state functional MRI scans of different lengths (A) 0.8 scan, (B) 0.6 scan, (C) 0.4 scan, (D) 0.2 scan and BOLD delay lesion volumes derived from the full scans. The upper and lower dashed lines represent the 95% limits of agreement and the middle dashed lines represent the bias (mean difference). The blue solid line and shaded gray region represent the regression lines and 95% confidence interval of the regression lines, respectively.


The results of the Bland-Altman analysis for the subsample who also received a DSC-MRI scan are shown in Supplementary Figure 3. Compared to the Tmax perfusion lesion volumes, the biases of the BOLD delay lesion volumes were as follows: the 0.2 scan = −14.5 mL (a 68.1% underestimation relative to the mean of both methods [BOLD delay and Tmax], limits of agreement = −80.6–51.5 mL), 0.4 scan = −8.2 mL (a 36.7% underestimation relative to the mean of both methods, limits of agreement = −68.0–51.7 mL), 0.6 scan = −18.3 mL (a 43.7% underestimation relative to the mean of both methods, limits of agreement = −80.2–43.5 mL), 0.8 scan = −17.2 (a 56.3% underestimation relative to the mean of both methods, limits of agreement = −65.7 to 31.3 mL), full scan = −12.9 mL (a 58.6% underestimation relative to the mean of both methods, limits of agreement = −58.6–32.6 mL).

The linear mixed model showed that there was no systematic impact of scan length on lesion volumes (Figure 4 and Supplementary Table 1). Head motion measured using mean DVARS was associated with larger BOLD delay lesion volumes (beta = 0.05, 95% CI = 0.02–0.07, t = 3.64, p = 0.0003).


[image: Figure 4]
FIGURE 4. Visualization of the results of the linear mixed model of the association between several predictors and BOLD delay lesion volumes. The points represent the standardized (beta) coefficients and the lines represent the 95% confidence intervals of the coefficients for each predictor. FD: framewise displacement. The scan lengths are shown as 0.8, 0.6, 0.4, and 0.2 with the full scan used as the reference category. This plot shows that the head motion metrics (mean FD and mean DVARS) are significantly associated with larger BOLD delay lesion volumes. There is no statistically significant difference between BOLD delay lesion volumes derived from the shorter resting-state functional MRI scans and the full scan. Note that only a subset of the predictors in this model are shown here—the numerical results of this linear mixed model, including the rest of the predictors, are shown in Supplementary Table 1.





Qualitative Analysis
 
Diagnostic Accuracy

The interpretability of the BOLD delay maps derived from different scan lengths is shown in Figure 5 for each of the raters. Agreement on map interpretability between BOLD delay maps derived from different scan lengths and those derived from the full scan are shown for each rater in Supplementary Table 2. The binary logistic mixed model revealed that scan lengths 0.2 (odds ratio = 0.21, 95% CI = 0.12–0.37, p < 0.0001) and 0.4 (odds ratio = 0.37, 95% CI = 0.21–0.64, p = 0.0004) were associated with decreased interpretability of the BOLD delay maps. Longer scans (0.8 and 0.6) showed no substantial association with interpretability of the BOLD delay maps (Supplementary Table 3).


[image: Figure 5]
FIGURE 5. Spine plots showing the distribution of the qualitative ratings of the BOLD delay maps derived from different resting-state functional MRI scan lengths made by rater 1 (A) and 2 (B) The maps were rated as either showing a perfusion lesion (Y, light blue), not showing a perfusion lesion (N, blue), or being uninterpretable (U, green). Statistically significant differences in interpretability are seen between the full scan and the 0.4 and 0.2 shortened scans. The quantitative results of the binary logistic mixed model investigating the effects of scan length on the interpretability of the BOLD delay maps are shown in Supplementary Table 3.




Inter-Rater Agreement

Table 3 shows the inter-rater agreement on the interpretation, noisiness, and structure clarity of the BOLD delay maps derived from different scan lengths. The raters' agreement on the interpretation of the BOLD delay maps was good across scan lengths (Cohen's kappa 0.64–0.82). Agreement on noisiness and structure clarity was markedly higher in the BOLD delay maps derived from the shorter scans than in those derived from the longer scans.


Table 3. Inter-rater agreement (quadratic-weighted Cohen's kappa) on BOLD delay maps derived from different scan lengths.
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Quality of BOLD Delay Maps

The results of the qualitative assessment of scan noisiness and structure clarity by the two raters are shown in Supplementary Figure 4. The ordinal mixed models showed that scan lengths of 0.2 and 0.4, as well as head motion measured using mean framewise displacement and mean DVARS, were associated with more noise and less structure clarity on the BOLD delay maps (Figure 6). The quantitative results of the mixed models for noise and structure clarity are shown in Supplementary Tables 4, 5, respectively.


[image: Figure 6]
FIGURE 6. Visualization of the results of the ordinal mixed models of the association between several predictors and BOLD delay map noisiness (A) and structure clarity (B). The points represent the odds ratios and the lines represent the 95% confidence intervals of the odds ratios for each predictor. The vertical dashed line represents an odds ratio of 1. FD, framewise displacement. The scan lengths are shown as 0.8, 0.6, 0.4, and 0.2 with the full scan used as the reference category. The plot shows that head motion (mean FD and mean DVARS) as well as the shortened 0.4 and 0.2 scans are associated with a significantly higher odds of more noise and less structure clarity than full scans. Note that only a subset of the predictors in this model are shown here—the numerical results of this ordinal mixed model, including the rest of the predictors, are shown in Supplementary Table 4 (noisiness) and 5 (structure clarity).






DISCUSSION

In this study, the effects of scan length on the assessment of brain perfusion using BOLD delay maps in patients with ischemic stroke were systematically investigated. Our results show that scan length can be reduced from 5 min and 40 s to 3 min and 24 s without a significant loss of diagnostic accuracy and image quality of the BOLD delay maps.

A reduction of scan length by nearly two-and-a-half minutes is especially important in acute stroke, where patients are critically ill and decisions have to be made extremely quickly. The standard MRI protocol in our institution takes about 10 min (without perfusion imaging). Because time-to-treatment is a critical factor influencing stroke outcome, prolonging this by anything more than a few minutes is undesirable.

Our findings are overall in accordance with two previous studies. Lv et al. investigated the similarity between areas of BOLD signal delay and areas of hypoperfusion identified by DSC-MRI in acute stroke patients (61). The acquisition time was 5 min 50 s and the scan length was gradually decreased in increments of 10 volumes. They found that BOLD delay maps acquired in 3 min and 4 s provided qualitatively similar information to that of the full length scan in terms of overlap with the mean transit time (MTT; a parameter map derived from DSC-MRI) lesion of the subject. Christen et al., on the other hand, found that BOLD delay maps derived from resting-state functional MRI scans lasting 3 min and 36 s correlated highly with Tmax in Moyamoya patients (23). However, the impact of scan shortening on the diagnostic quality and clinical interpretability of BOLD delay maps was not systematically investigated in these studies.

In this study, agreement between raters on the evaluation of hypoperfusion presence at different scan lengths was good (weighted Cohen's kappa = 0.64 to 0.82). Data on the inter-rater agreement of this relatively new perfusion imaging method has thus far been unavailable. In a study of 105 acute stroke patients, a similar level of inter-rater agreement on detecting perfusion deficits was found for DSC-MRI and ASL, with weighted Cohen's kappa values of 0.64 and 0.6, respectively (62). In our study, agreement on interpretability, structure clarity, and noisiness of the BOLD delay maps was higher for shorter scans than longer scans. This may be explained by the relative ease with which poor quality maps were judged by the raters. Overall, we found that the inter-rater agreement of this relatively new perfusion imaging method is similar to that observed when using more established perfusion imaging methods.

Several factors potentially interact with scan length to influence the diagnostic quality of BOLD delay maps. The temporal resolution of the resting-state functional MRI sequence is one such factor. Although the BOLD oscillations driving the calculation of BOLD delay are likely slow (<0.15 Hz), scanning with high temporal resolution, as done in this study using multiband EPI (42, 43), has the advantage of allowing high-frequency cardiac and respiratory activity to be filtered out of the data.

Head motion, on the other hand, causes undesired changes in the BOLD signal (44, 63) that adversely affect the cross-correlation underlying BOLD delay calculation. In a recent pilot study, we found that the intra-subject reproducibility of BOLD delay values in stroke patients was adversely influenced by head motion (64). In the current study, we therefore accounted for subject head motion in our analysis of the relationship between scan length and BOLD delay map quality and found that head motion significantly and adversely affected the level of noise, the structure clarity, and the volume of BOLD delay lesions, independent of scan length.

Considering that head motion is one of the main drawbacks hindering BOLD delay's use for brain perfusion assessment (14), exploring appropriate and reliable ways of reducing motion and its effects on the BOLD signal is crucial. Retrospective motion correction techniques such as scrubbing, which effectively removes volumes with high motion, have shown promise in functional connectivity studies (44). However, such techniques require that a sufficient amount of low-motion data remain after the removal of high-motion volumes (46). For this to be applicable, we need to know the minimum amount of data needed to generate adequate results. In functional connectivity studies, 10 to 15 min of data generally provide the best test-retest reliability (65). Our results suggest that much less data is required to provide diagnostically acceptable BOLD delay maps. With this knowledge, real-time motion monitoring approaches can allow us to continue scanning until a sufficient amount of low-motion data is acquired (66). This would reduce waste by reducing overscanning and, more importantly, allows scans to be tailored to the urgency of specific clinical situations.

Our study has a few limitations. We were unable to acquire DSC-MRI data in the entire sample in order to directly compare the shortened BOLD delay maps with a reference standard. This was primarily due to the fact that we no longer routinely perform DSC-MRI at our stroke center due to the European Medicines Agency's recent recommendation to restrict the use of gadolinium-based contrast agents (7). However, the relationship between BOLD delay and perfusion measured using DSC-MRI has been established in several independent studies (14, 16, 18–21, 27). In this study, we chose to retrospectively break up longer scans into smaller parts, which is not the same as acquiring several scans of varying lengths. We chose this strategy for practical reasons, as acquiring several scans of different lengths would have greatly prolonged the scanning protocol and would have been infeasible in the context of acute stroke. However, this choice potentially limits how generalizable are results are to real-life situations where shortened scans are independently acquired. In addition, it should be kept in mind that several other potential factors may interact with scan length to influence BOLD delay map quality, including sequence parameters and field strength. Investigating the influence of these factors is beyond the scope of this study, and is currently the focus of ongoing work by our group (64). Finally, whether scan times longer than the full scan implemented in the current study (5 min 40 s) provide even better BOLD delay map quality is yet to be investigated. Such scans would not, however, be suitable in situations where urgent decision-making is required, such as acute stroke.

In conclusion, we show that BOLD delay maps derived from resting-state fMRI scans lasting 3 min 24 s provide sufficient diagnostic quality and adequate assessment of perfusion lesion volumes. This implies that scans can be shortened beyond currently usual scan times, which may be helpful for reducing the effect of patient motion or in situations where quick clinical decisions need to be made. Our results represent an important step toward implementing BOLD delay for contrast-agent-free assessment of brain perfusion in acute stroke patients in routine clinical practice.
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Purpose: The metabolic patterns of 18F-fluoro-2-deoxy-d-glucose positron emission tomography (18F-FDG-PET) in autoimmune encephalitis associated with leucine-rich glioma-inactivated 1 antibody (LGI1 AE) are still unclear. We performed a cohort study to investigate the clinical metabolic characteristics and diagnostic value based on 18F-FDG-PET in patients with LGI1 AE.

Materials and Methods: A total of 34 patients including 18 patients (53%) in the acute phase and 16 patients (47%) in the chronic phase who were diagnosed with LGI1 AE were retrospectively analyzed from October 2014 to June 2018 at the Department of Neurology in Beijing Tiantan Hospital, the Capital Medical University. The clinical data were collected by searching through electronic medical records.

Results: The initial 18F-FDG-PET scan indicated a significant abnormal metabolic pattern in 31 LGI1 AE patients (91%), whereas only 20 patients (59%) showed an abnormal MRI signal (P < 0.05). The 18F-FDG-PET metabolic pattern was reversible after treatment; most of the patients showed an almost normal uptake of 18F-FDG-PET after discharge. Regarding the spatial distribution, the abnormal metabolic pattern in LGI1 AE subjects exhibiting hypermetabolism was specifically located in the basal ganglia (BG) and medial temporal lobe (MTL). BG hypermetabolism was observed in 28 subjects (82%), and 68% of patients showed MTL hypermetabolism. A total of 17 patients (50%) exhibited faciobrachial dystonic seizures (FBDS), and the remaining subjects showed non-FBDS symptoms (50 and 50%). BG-only hypermetabolism was detected in seven subjects in the FBDS subgroup (7/16) but in only one subject in the non-FBDS subgroup (1/15) (44 vs. 7%, P < 0.05).

Conclusion: 18F-FDG-PET imaging was more sensitive than MRI in the diagnosis of LGI1 AE. Isolated BG hypermetabolism was more frequently observed in subjects with FBDS, suggesting the potential involvement of the BG.

Keywords: LGI1, 18F-FDG-PET, FBDS, basal ganglia, medial temporal lobe


INTRODUCTION

Autoimmune encephalitis (AE) associated with leucine-rich glioma-inactivated 1 (LGI1) antibody, described a decade ago, is a potentially treatable and recidivistic subtype of AE (1). It has been characterized as a subacute or rapidly progressive cognitive impairment accompanied by seizures, faciobrachial dystonic seizures (FBDS), and neuropsychiatric symptoms but rarely cancer (2). FBDS are highly specific and often appear as an initial symptom of LGI1 AE (3), which mainly presents with very frequent (medially 50 times per day) and brief involuntary movements of the ipsilateral face and limbs (usually <3 s for every episode) (4). However, whether FBDS should be treated as epileptic seizures is still controversial (5). Only certain studies have classified FBDS as epileptic-origin tonic seizures based on a detectable generalized electrodecremental event during the episode on ictal electroencephalogram (EEG) (6). However, other studies of LGI1 AE patients with FBDS have detected BG abnormalities on magnetic resonance imaging (MRI) that were not detected in subjects without FBDS, suggesting that FBDS might be a form of movement disorder (7). Hence, it is still difficult to confirm the origin or nature of FBDS.

For LGI1 AE patients, early diagnosis and treatment can prevent the development of the disease syndrome (8, 9). MRI is a preferred radiological modality in the early diagnosis of LGI1 AE, especially when antibody testing is negative or not available (10). Nevertheless, individual patients with LGI1 AE have been shown to exhibit negligible MRI findings, notably during the development of FBDS (4, 11, 12). Thus, it is necessary to find a novel or distinctive imaging pattern to expedite the early diagnosis of LGI1 AE (13). 18F-Fluoro-2-deoxy-d-glucose positron emission tomography (18F-FDG-PET) is a functional imaging modality for in vivo evaluation of the pathophysiology of the brain via application of 18F-FDG; it has been reported to reveal abnormal metabolism patterns in AE subjects, such as typical medial temporal lobe (MTL) hypermetabolism, especially in AE patients with a negative MRI, thus implying that 18F-FDG-PET has higher sensitivity than MRI in the diagnosis of AE subjects (14, 15). However, the 18F-FDG-PET pattern of patients with LGI1 AE is not well characterized or established. Regional basal ganglia (BG) or MTL hypermetabolism on 18F-FDG-PET has been observed in LGI1 AE patients (16–18). To date, only a limited number of isolated cases have been studied in subjects with LGI1 AE using 18F-FDG-PET.

Thus, we conducted a retrospective study and reviewed the 18F-FDG-PET data of 34 patients with a definite diagnosis of LGI1 AE based on symptoms, EEG, and LGI1 antibody testing. We evaluated the diagnostic value of 18F-FDG-PET in LGI1 AE subjects, especially those with unremarkable MRI alterations, and we also aimed to interpret the localization of FBDS by showing different metabolic abnormalities of 18F-FDG-PET in LGI1 AE patients with or without FBDS.



MATERIALS AND METHODS


Standard Protocol, Approvals, and Patients' Consents

The study was approved by the Ethics Committee of the Beijing Tiantan Hospital, which was affiliated with the Capital Medical University of the People's Republic of China. The study was conducted in accordance with the Declaration of Helsinki, and all patients and controls provided informed consent for the use of their medical records.



Study Participants

A total of 34 patients with LGI1 AE were retrospectively identified between October 2014 and June 2018 at the Department of Neurology in the Beijing Tiantan Hospital of the Capital Medical University. The inclusion criteria were based on representative clinical symptoms of LGI1 AE and the presence of positive LGI1 antibodies in the serum or cerebrospinal fluid (CSF). All included patients had undergone MRI and 18F-FDG-PET scans for neurological assessment during clinical evaluation. The demographic, clinical presentation, laboratory testing, EEG, and neuroimaging data were reviewed by searching the electronic medical records.

The 34 patients included 18 patients (53%) in the acute phase and 16 patients (47%) in the chronic phase when they take PET examination based on the previous definition of the acute phase (within 3 months) and chronic phase (over 3 months) in the diagnosis of AE (10).

The patients were divided into two subgroups based on the presence of FBDS, namely, FBDS and non-FBDS. We compared the 18F-FDG-PET findings in these two subgroups, analyzed the 18F-FDG-PET hypermetabolic states in the BG of the subjects, and then inferred the possible etiology or nature of FBDS.

In this study, we randomly selected additional 20 age- and gender-matched controls (14 men and 6 women; median age 62.5 years; range, 25–83 years) for the quantitative analysis of FDG-PET based on volume of interest (VOI). The inclusion criteria are the following: (1) no brain diseases, (2) no mental disorders reported in the medical records, (3) no other diseases that indicated the brain function had been affected, (4) no abnormalities reported by the neuroradiologist, (5) adjustment for gender and age and random pickup of the control subjects.



Laboratory Detection

All patients underwent serum and CSF antibody detection, including N-methyl-D-aspartate receptor (NMDAR), LGI1, contactin-associated protein-2 (CASPR2), α-amino-3-hydroxy-5-methyl-4-isoxazolepropionic acid receptor (AMPAR), and γ-aminobutyric acid type B (GABAB). Serum and CSF samples were tested for the presence of LGI1 antibodies, using both cell-based assays (Euroimmun, Lübeck, Germany) and immunohistochemical analyses in the neuroimmunology laboratory of the Peking Union Medical College Hospital.



18F-FDG-PET Acquisition

18F-FDG-PET images were acquired using a PET/computed tomography (CT) scanner (Elite Discovery, GE HealthCare, Fairfield, Connecticut, USA). All patients (with a median age of 61 years, ranging from 31 to 78 years) fasted for at least 6 h, and blood glucose levels could not exceed 8 mmol/L. No patients received neuroleptic drugs to undergo FDG-PET. 18F-FDG was intravenously injected at a dose of 3.7–5.0 MBq/kg within 1 min, and subsequent uptakes required that patients be in a quiet resting status for 1 h prior to scanning in a dedicated room after 18F-FDG injection. First, a low-dose CT scan was performed, and the CT parameters for attenuation correction were 120 kV, pitch 0.984, automated tube current 60–180 mA, and slice thickness 3.75 mm. The PET scan was subsequently performed in 3D-TOF mode; for the LGI1 patients, a whole-body (including the brain region) FDG-PET scanning was acquired for approximately 30–35 min. The brain imaging data were reconstructed into trans-axial slices with a matrix size of 128 × 128 and a slice thickness of 3.3 mm, using an OSEM (ordered subset expectation maximization) algorithm.



Voxel-Based Analysis of Statistical Parametric Mapping

For statistical parametric mapping (SPM) analysis, 22 age-matched, healthy volunteers served as control subjects. PET data were analyzed by SPM8 software (Wellcome Department of Cognitive Neurology, University College, London, UK) running on Matlab 2014b (MathWorks Inc., Sherborn, MA, USA). First, PET images were co-registered with the SPM template T1-weighted MR. Co-registered PET images were then spatially normalized into a common Montreal Neurological Institute (MNI) atlas anatomical space following a 12-parameter affine transformation and non-linear transformations, yielding images composed of 2 mm × 2 mm × 2 mm voxels. Third, normalized images were smoothed using an isotropic Gaussian kernel to increase the signal-to-noise ratio. Subsequently, preprocessed PET image values were corrected to a mean value of 50 ml/dl/min by “proportional scaling” to reduce individual variation. A two-sample t-test, based on the specified 22 age- and gender-matched controls, was applied between included patient PET data and the control group and to best reduce the impact of age and gender. The regions were considered significant at a corrected level of P < 0.01 for a minimum cluster size of 100 contiguous voxels (8 mm3 per voxel size). We purposefully chose a low threshold to detect any regions in which VT/f P was more significant in patients.



Data Analysis Based on VOI of Standardized Uptake Max Value

For these reported data, the region of interest (ROI) refers to the structure in 2D space (e.g., on a slice), and VOI refers to the structure in 3D space (i.e., a combination of ROIs of adjacent slices in two dimensions was labeled as a VOI). The value for radioactivity in each structure for each participant is the maximum of all pixels in all ROIs assayed for that structure, yielding a VOI. In our study, we selected three consecutive axial sections to define a certain volume (parameters included length, width, and height) to obtain the SUVmax (AW work station, GE HealthCare, USA). We calculated the SUVmax in three VOIs on FDG-PET based on the visual analysis, including the frontal cortex, BG, and MTL. The size of VOIs we selected was fixed, the center coordinate referred to the central location of VOIs, and they were individualized. One of the representative parameters of the individual was as follows: For the frontal cortex, the size of the volume was 25 * 20 * 9.9 mm, and the center coordinate of the volume was 72, 135, 30. For the BG, it was 40 * 30 * 9.9 mm, and the center coordinate was 109, 110, 23. For the MTL, the size of volume was 40 * 25 * 9.9 mm, and the center coordinate of volume was 112, 103, 18 (Supplementary Figure 1). The steps of quantitative comparison were as follows. (1) In the brain, the cubic VOIs were placed manually in the lesion. The SUVmax in the BG, MTL, and the frontal cortex was measured by three experienced neuroradiologists and nuclear imaging specialists (Lin Ai, Xiaobin Zhao, and Yaou Liu). All three specialists were blinded from clinical information of the conditions of either patients or controls, and in case of obvious discordance in their initial evaluations, an informed consensus statement was reached. The kappa coefficient of the three specialists was 0.88. (2) For normalization of SUVmax in the BG and MTL, the respective uptake values were divided by the values measured in the frontal VOI, which was chosen as the internal reference, as it was not expected to be altered in activity in LGI1 AE. Finally, we made a statistical comparison between 20 age- and gender-matched controls and 34 patients. (3) Receiver operating characteristic (ROC) curve analyses of normalized SUVmax in the BG and MTL for controls and patients were performed, and accordingly, optimal threshold values were set to 1.8 for BG and 1.3 for MTL.



Literature Review

An extensive literature search was performed for the terms “positron emission tomography” and “encephalitis” from January 2007 to October 2018. The reported results were reviewed and summarized. The primary search identified 112 publications on PubMed, and any studies and case reports that showed abnormal metabolism on brain PET in patients with AE were included. The subtypes of AE included NMDAR, LGI1, CASPR2, and GABAB. Ultimately, 19 studies and case series were reviewed (Table 4).



Statistical Analysis

Continuous variables with a normal distribution are presented as the mean ± standard deviation, and non-normal variables are expressed as the median (interquartile range, IQR). Continuous variables were compared using the t-test or non-parametric Mann–Whitney U-test. Categorical variables were compared and analyzed by Fisher's exact test. A two-tailed P < 0.05 was considered statistically significant. SPSS Statistics 23.0 software package for Windows (IBM Corp., Armonk, NY) was used for statistical analyses.




RESULTS


Clinical Characteristics

A total of 34 patients (24 men; a median age of 61 years, IQR 54–65 years old; age range, 31–78 years) with LGI1 AE were identified, and their clinical characteristics were reviewed (Table 1). A total of 33 patients (97%) exhibited epileptic seizures, and the remaining one subject presented only with FBDS. Complex partial seizures (CPS) and generalized tonic–clonic seizures (GTCS) were the two main patterns of epileptic seizures. A total of 17 patients (50%) presented with distinctive FBDS, which involved both the arm and ipsilateral face (71%), and only 24% of patients experienced disturbances of awareness. Other symptoms were memory loss (88%), psychiatric disorders (depression, 9%; hallucinations, 26%, disorder of behavior, 24%), somnipathy (50%), and hallucinations (26%). Only one patient (3%) exhibited colorectal adenoma, and the remaining 33 patients did not present with a tumor after a median follow-up of 1.55 years (range, 0.3–4 years).


Table 1. Summary of the clinical characteristics of patients with LGI1 AE (n = 34).
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Laboratory Testing

All 34 patients (100%) were positive for antibodies against the LGI1 protein (Table 1). LGI1 antibodies were commonly detectable in serum (94%) and CSF (94%), although two patients (6%) had positive LGI1 antibodies only in the CSF and in the serum (one patient each). Hyponatremia was reported for 22 patients (65%) (Table 1). A total of 10 out of 34 patients (29%) exhibited CSF pleocytosis (median, 7 white blood cells/μl; range, 6–16) and an increased protein concentration (median, 65 mg/dl; range, 49–73 mg/dl).



Brain Image Review of LGI1 AE Patients

A total of 20 patients (59%) exhibited T2-weighted image (T2WI) or fluid-attenuated inversion recovery (FLAIR) hyperintensity on MRI. No subjects exhibited abnormal signals on T1-weighted image (T1WI). Increased signals were noted only in the MTL for 18 out of 34 patients (53%). A single subject (3%) showed isolated BG hyperintensity, and the remaining one (3%) had hyperintensity in both the MTL and BG.

A total of 31 patients (91%) showed an abnormal metabolism as determined by 18F-FDG-PET, and all of them (100%) presented with pure hypermetabolism. MTL and BG were two distinct metabolic targets in LGI1 AE patients (Figures 2A,C). Three patients (9%) exhibited increased glucose metabolism only in the MTL, whereas eight patients (23%) demonstrated BG-only hypermetabolism. The remaining 20 patients (59%) had increased metabolism in both the MTL and BG brain regions. Therefore, BG hypermetabolism was observed in 28 subjects (82%), and 68% of patients showed MTL hypermetabolism.

Concerning the diagnosis of LGI1 AE, a comparison was made between the MRI and 18F-FDG-PET methods (Figure 1). Our diagnostic tracking showed that the sensitivity of 18F-FDG-PET was apparently superior to that of MRI (91 vs. 59%, P < 0.05), but no significant difference was noted between the two imaging modalities in regard to the median time from onset to the initial scan (82.5 vs. 75 days, P > 0.05). 18F-FDG-PET exhibited 100% metabolic changes when the MRI scans were positive; 11 out of 14 patients (79%) had altered glucose metabolism as demonstrated by 18F-FDG-PET in the presence of normal or unremarkable MRI scans (Figure 2B), and seven of them (64%) had isolated BG hypermetabolism.


[image: Figure 1]
FIGURE 1. Neuroimaging testing in the diagnostic tracking of LGI1 AE. Neuroimaging testing plays an essential role in the diagnosis of LGI1 AE. The sensitivity of 18F-FDG-PET was higher than that of MRI; the 18F-FDG-PET scan was always positive when the MRI was positive, but when the MRI scan was negative for the diagnosis of LGI1 AE, 79% of the patients were still positive on the 18F-FDG-PET scan. LGI1, leucine-rich glioma-inactivated 1; AE, autoimmune encephalitis; EEG, electroencephalogram; MRI, magnetic resonance imaging; PET, 18F-fluoro-2-deoxy-d-glucose positron emission tomography; +, positive; –, negative.
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FIGURE 2. 18F-FDG-PET metabolic pattern in patients with LGI1 AE. (A) Typical BG and MTL hypermetabolism based on 18F-FDG-PET in patients with LGI1 AE. Age-matched control patients with colorectal cancer in the absence of central nervous system lesions indicating healthy metabolism in the BG (a) and MTL (b). Representative increased metabolism in the BG (c) and MTL (d) in a patient with LGI1 AE. (B) MRI-negative and PET-positive metabolic patterns in LGI1 AE subjects. The axial fluid-attenuated inversion recovery image indicates a normal signal in the BG (a) and MTL (b), whereas 18F-FDG-PET reveals hypermetabolism in the identical location from the same patient with LGI1 AE (c,d). (C) The brain sequences in 18F-FDG-PET with LGI1 AE patients. Total brain 18F-FDG-PET mapping indicates the BG and MTL as two distinctive targets in LGI1 AE patients (d–h). (D) The reversible metabolic pattern in LGI1 AE. 18F-FDG-PET indicates increased 18F-FDG uptake in the BG and MTL. Furthermore, the 18F-FDG PET scan shows markedly decreased 18F-FDG uptake in the BG and MTL during the 3-month follow-up period. LGI1, leucine-rich glioma-inactivated 1; AE, autoimmune encephalitis; MRI, magnetic resonance imaging; PET, 18F-fluoro-2-deoxy-d-glucose positron emission tomography; MTL, medial temporal lobe; BG, basal ganglia.


A total of 12 subjects (35%) received a follow-up by 18F-FDG-PET, and all of them showed markedly decreased or normal uptake of 18F-FDG compared with the initial degree of metabolism; follow-ups occurred 68 ± 10 days following clinical treatment (Figure 2D).



18F-FDG-PET Pattern Among Subtypes of LGI1 AE Patients

The patients were divided into two subgroups as follows: FBDS (n = 17) and non-FBDS (n = 17). The imaging data are summarized in Tables 2, 3. In the FBDS subgroup, 18F-FDG-PET was more sensitive than MRI (94 vs. 53%, P < 0.05). A similar result was noted in the non-FBDS subgroup, although this did not reach statistical significance (88 vs. 65%, P = 0.12). For the analysis of the MRI-negative patients, the sensitivity of 18F-FDG-PET in the FBDS subgroup was significantly higher than that of the subjects in the non-FBDS subgroup (50 vs. 29%, P < 0.05; Figure 3A).


Table 2. 18F-FDG-PET characteristics of LGI1 AE patients with FBDS (n = 17).
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Table 3. 18F-FDG-PET features of LGI1 AE patients with non-FBDS (n = 17).
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FIGURE 3. 18F-FDG-PET hypermetabolism in LGI1 AE patients with FBDS. (A) Neuroimaging comparison of the subgroups of LGI1 AE. (B) Representative 18F-FDG-PET hypermetabolism among different subgroups after SPM (P < 0.01) analysis. (C) The comparison of the 18F-FDG-PET hypermetabolic pattern between FBDS and non-FBDS. In the FBDS group, the abnormal PET signal more often appeared in the BG-only group and the BG + MTL group. However, in the non-FBDS group, the abnormal PET signal significantly appeared in the BG + MTL group. (D) A comparison of the 18F-FDG-PET hypermetabolic pattern in FBDS and non-FBDS. In the BG-only group, the frequency of FBDS was higher than that of non-FBDS (P < 0.001). LGI1, leucine-rich glioma-inactivated 1; AE, autoimmune encephalitis; FBDS, faciobrachial dystonic seizures; MRI, magnetic resonance imaging; PET, 18F-fluoro-2-deoxy-d-glucose positron emission tomography; MTL, medial temporal lobe; BG, basal ganglia. +, positive; –, negative.


A total of 31 patients (FBDS = 16, non-FBDS = 15) demonstrated increased metabolic changes as demonstrated by 18F-FDG-PET analysis. We classified the metabolic pattern of the patients into three types (BG only, MTL only, and BG + MTL) based on the location of the lesions in every subgroup (Figures 3B–D). BG-only hypermetabolism was detected in 7 out of 16 subjects (44%) with FBDS, but this pattern was detected in only one patient with non-FBDS (1/15) (44 vs. 7%, P < 0.05; Figure 3C). In the subgroup of BG only, a total of seven patients (88%) presented with FBDS, and one subject manifested with non-FBDS (P < 0.05; Figure 3D). No significant differences were noted between the two subgroups regarding the time from onset to initial 18F-FDG-PET scan (70.5 vs. 72 days, P = 0.53).



Literature Review on 18F-FDG-PET Findings in Subtypes of AE

A total of 124 subjects with AE and PET scans were reviewed as shown in Table 4. For anti-NMDAR encephalitis, 18F-FDG-PET mainly presented with hypometabolism in the occipital (63%) and parietal (42%) areas, in the BG (33%) and the temporal lobe (29%) (14, 19–27). Patients with CASPR2 and GABAB showed no specific metabolic pattern due to the limitations regarding the number of cases (19, 30–32). However, abnormal metabolism in the BG and temporal lobe was observed in 77 and 62%, respectively, of subjects with LGI1 AE, and this pattern was relatively specific compared to the results in other subtypes of AE (4, 11, 17–19, 21, 28, 29).


Table 4. Literature review of 18F-FDG-PET pattern in subtypes of AE.
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Semiquantitative Analysis Based on the 18F-FDG-PET Normalized SUVmax Value

To support the SPM voxel-based analysis results (P < 0.01) shown in our figures, we also performed a VOI standardized uptake max value (SUVmax) data analysis. We showed different raw metabolism patterns in different cases, such as normal, BG only, MTL only, and BG + MTL (Figure 4A), and quantified the normalized SUVmax value (Figure 4B). For the BG threshold, the ROC statistical results showed that the area under the curve (AUC) value was 0.973, that sensitivity was 91.2%, that specificity was 100%, and that the best cutoff value was 1.8. For the MTL threshold, the ROC analysis showed that the AUC value was 0.938, that sensitivity was 82.4%, that specificity was 95%, and that the best cutoff value was 1.3. Our semiquantitative analysis results showed that the normalized SUVmax value in the BG and MTL was higher than that in controls, which suggested that the metabolism of BG and MTL was indeed increased and further supported our SPM data.
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FIGURE 4. 18F-FDG-PET hypermetabolism in eight patients with LGI1 AE recurrence. (A) Representations of the distribution of metabolic patterns without SPM analysis. (B) Normalized SUVmax value in different brain regions and the threshold of BG and MTL based on ROC. (C) The rate of relapse of the subgroups based on the metabolic pattern. The findings showed that patients presenting with BG-only or BG + MTL hypermetabolism had a lower rate of relapse (P < 0.05). LGI1, leucine-rich glioma-inactivated 1; AE, autoimmune encephalitis; 18F-FDG-PET, 18F-fluoro-2-deoxy-d-glucose positron emission tomography; BG, basal ganglia; MTL, medial temporal lobe.




18F-FDG-PET Characteristics of LGI1 AE Patients in Different Clinical Phases

Eighteen patients (53%) were in the acute phase, and 16 patients (47%) were in the chronic phase at the time of PET. In the acute phase, patients with LGI1 AE on FDG-PET mainly presented with hypermetabolism in the BG (median normalized SUVmax = 2.5, IQR 2.2–3.4) and MTL (median normalized SUVmax = 1.5, IQR 1.3–3.2) compared with 20 normal subjects. BG (median normalized SUVmax = 2.3, IQR 2.1–3.1) and MTL (median normalized SUVmax = 1.4, IQR 1.3–2.1) on FDG-PET showed still a hypermetabolism in the chronic phase. FDG-PET hypermetabolism was specifically located in the BG and MTL, whether it was in the acute phase or chronic phase (P < 0.001). However, there was no statistical metabolic change between acute and chronic phases for BG and MTL (Figure 5).
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FIGURE 5. 18F-FDG-PET characteristics of LGI1 AE patients in different clinical phases. FDG-PET hypermetabolism was specifically located in the BG and MTL, whether it was in the acute phase or chronic phase, and there is no statistical metabolic change between acute and chronic phases for BG and MTL. LGI1, leucine-rich glioma-inactivated 1; AE, autoimmune encephalitis; 18F-FDG-PET, 18F-fluoro-2-deoxy-d-glucose positron emission tomography; BG, basal ganglia; MTL, medial temporal lobe.




EEG Features

The EEG characteristics of all subjects during the ictal and interictal phases were reviewed. A total of 25 patients (74%) experienced EEG abnormalities, which mainly included ictal or interictal EEG with slow wave activities and epileptic discharge in the temporal and frontal regions. However, no rhythmic discharges related to FBDS were noted except for artifacts of movements that were observed at the onset of dystonic seizures in eight patients with FBDS during the ictal phase. One subject with FBDS showed questionable low voltages in the right central and parietal areas around 5 s from onset (Figure 6A), and postictal EEG demonstrated rhythmic slow wave activity in the left temporal region after the termination of FBDS, which was accompanied by hand automatism (Figure 6B).


[image: Figure 6]
FIGURE 6. Ictal EEG pattern in an LGI1 AE patient with FBDS. (A) The ictal EEG of a 50-year-old woman with FBDS. No significant rhythm changes were noted except for artifacts of movements that were observed at the onset of the dystonic seizures. However, the EEG indicated low voltage in the right central and parietal areas before 5 s from onset (square frame). (B) The postictal EEG of the patient with FBDS. The EEG demonstrated rhythmic slow wave activity in the left temporal region (square frame) after the termination of FBDS, which was accompanied by hand automatism. LGI1, leucine-rich glioma-inactivated 1; AE, autoimmune encephalitis; FBDS, faciobrachial dystonic seizures; EEG, electroencephalogram.




Treatment and Follow-Up

All 34 patients (100%) were treated with first-line immunotherapy, including IV immunoglobulin (IVIG), IV methylprednisolone (IVMP), and oral steroids (for at least 6 months). A total of 26 patients (76%) were administered IVIG in combination with IVMP, whereas three patients (9%) used isolated IVIG and five patients (15%) received IVMP alone. Only one patient was administered azathioprine and mycophenolate mofetil (MMF) owing to the progression of the disease. Modified Rankin scores (mRS) were applied to evaluate the treatment response. Most patient conditions were improved following immunomodulatory therapies (mRS ≤ 2).

However, eight patients (24%) had a recurrence after a median follow-up of 1.55 years (range, 0.3–4 years). The distribution of metabolic patterns in the eight patients who relapsed is shown in Figure 4C. In the group with BG-only hypermetabolism, only one subject (12%) had a recurrence, and the remaining seven patients did not experience a relapse (P < 0.05). One patient (33%) who demonstrated MTL-only hypermetabolism experienced recurrence after a follow-up of 1 year. Six patients (30%) experienced a relapse, and 14 subjects did not relapse in the group with hypermetabolism in both the BG and MTL (P < 0.05). This showed that patients presenting with BG-only or BG + MTL hypermetabolism had a lower rate of relapse (P < 0.05).




DISCUSSION

In this study, we demonstrated that MRI plays a significant role in the diagnosis of anti-LGI1 encephalitis, whose main features are MTL or BG hyperintensities on T2WI/FLAIR. MRI was abnormal in 59% of subjects with LGI1 AE. We also described a specific metabolic pattern of 18F-FDG-PET among a cohort of subjects with anti-LGI1 encephalitis and further compared functional PET imaging with structural MRI regarding the diagnosis of LGI1 AE. The rate of abnormal brain metabolism based on 18F-FDG-PET imaging was 91%, and 18F-FDG-PET imaging was diagnostically more sensitive than MRI in patients with LGI1 AE, with 79% of subjects exhibiting altered glucose metabolism on 18F-FDG-PET in the absence of any abnormal MRI findings. The associated locations of the abnormal metabolism mainly included the BG and MTL, and the rate of abnormal findings in the BG and MTL was 82 and 68%, respectively. Our results suggest that 18F-FDG-PET abnormalities may support the evidence for a clinical diagnosis of subjects with anti-LGI1 encephalitis. In addition, this study introduces a novel 18F-FDG-PET pattern consisting of isolated striatal hypermetabolism in subjects with LGI1-mediated FBDS. Isolated striatal hypermetabolism was detected in 44% of subjects with FBDS but only in 7% of patients without FBDS. As a subject without FBDS exhibited isolated striatal hypermetabolism, we concluded that the BG might also be involved in the development of FBDS to a certain extent.

Brain glucose metabolism is closely associated with neuronal activity. Regional hypermetabolism may reflect exuberant neuronal activities induced by the inflammatory lesions of encephalitis. Furthermore, abnormalities in brain metabolic dysfunction usually change dynamically and currently precede structural changes. Our results primarily showed hypermetabolism or a healthy metabolism based on 18F-FDG-PET scans in LGI1 AE subjects at first hospitalization, which was potentially consistent with prior studies (4, 11). In addition, similar to previous studies (16, 17), 18F-FDG-PET indicated a reversible metabolic pattern in 12 patients who received follow-up. This observation supported the finding that 18F-FDG-PET exhibited an optimal correlation with disease severity and the hypothesis that it might be used to evaluate treatment response in LGI1 AE patients.

Our results mainly showed an abnormal metabolic pattern among LGI1 AE subjects in the BG and MTL. However, we also found abnormal hypermetabolism in the striatal, cerebellar, and cortex areas in some individual cases (data not shown) (21, 29). Furthermore, prior reports showed that BG and MTL hypermetabolism was also found in some individual cases in other subtypes of AE (20, 21). However, this observation was not specific to the metabolic pattern of anti-LGI1 encephalitis; our study reviewed 18F-FDG-PET patterns in AE and found that the BG and MTL were two distinctive targets in subjects with LGI1 AE compared to other subtypes of AE. Therefore, we may need more prospective studies to illustrate the metabolic pattern of other AE subtypes and to further evaluate the clinical value of striatal hypermetabolism for LGI1 AE subjects.

The origin of FBDS has been extensively debated, but no definite conclusions have been reached to date. Ictal EEG and neuroimaging examinations are the two main methods in current clinical use for explaining the etiology or localization of FBDS. On the one hand, ictal EEG mainly suggests an epileptic origin for FBDS, showing slow waves or epileptiform discharges in the temporal area during FBDS (4, 6, 33). On the other hand, neuroimaging examinations primarily suggest a BG localization, based on the evidence that the structural and functional changes in the striatum are easily detected in subjects with LGI1-associated FBDS (7, 18). Our study showed that pure BG hypermetabolism accounted for a higher proportion of FBDS, and it rarely appeared in subjects without FBDS in terms of functional 18F-FDG-PET. Furthermore, ictal EEG simultaneously indicated no rhythmic epileptic discharges during the ictal phase of FBDS. Hence, this study suggests that abnormalities of the BG might be involved in the etiology of FBDS and further supports the hypothesis that LGI1-associated FBDS is more likely a form of movement disorder rather than an epileptic disease in nature. However, some authors also hypothesize that FBDS might originate from a network dysfunction between the cortical and subcortical areas (28). Thus, future studies are crucial to provide more evidence to settle this controversy by correlating quantitative FDG metabolic uptake values in the BG with the severity of FBDS and further evaluating the existence of lateralized correlations between striatal metabolic changes and the physical aspects of FBDS.

The main limitations of this study are as follows. (1) The study is retrospective in nature: as not all subjects diagnosed with LGI1 AE during the observation period consented to performing an 18F-FDG-PET examination, a potential selection bias due to the small sample size may have been introduced. (2) Not all subtypes of AE were represented to be evaluated for an FDG pattern. (3) At the time point of the study, the diagnosis of LGI1 AE was mainly based on detection of antibodies, which might not necessarily match the final definite diagnosis in the further course of the disease. Therefore, our study was exploratory, and confirmatory tests should be taken with caution. Extensive prospective studies are required to verify the metabolism patterns of LGI1 AE, and a standardized 18F-FDG-PET protocol is also needed to meet the requirements for diagnosing LGI1-associated AE.



CONCLUSION

18F-FDG-PET imaging was more sensitive than MRI in the diagnosis of anti-LGI1 encephalitis, and BG and MTL hypermetabolism are two distinctive targets for LGI1 AE compared to other subtypes of AE. Isolated BG hypermetabolism was more frequently observed in subjects with FBDS and potentially suggests the involvement of BG.
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Supplementary Figure 1. The volume of quantitative 18F-FDG-PET based on VOI in one representative subject. For the frontal cortex, the size of the volume was 25 * 20 * 9.9mm, and the center coordinate of the volume was 72, 135, 30. For the MTL, the size of the volume was 40 * 25 * 9.9mm, and the center coordinate of the volume was 112, 103, 18. For the BG, it was 40 * 30 * 9.9mm, and the center coordinate was 109, 110, 23. 18F-FDG-PET, 18F-fluoro-2-deoxy-d-glucose positron emission tomography; VOI, volume of interest; MTL, medial temporal lobe; BG, basal ganglia.
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18F-FDG-PET, 18F-Fluoro-2-deoxy-d-glucose positron emission tomography; AE, autoimmune encephalitis; AMPAR, α-amino-3-hydroxy-5-methyl-4-isoxazolepropionic acid receptor; BG, basal ganglia; CASPR2, contactin-associated protein-2; CSF, cerebrospinal fluid; CT, computed tomography; EEG, electroencephalogram; FBDS, faciobrachial dystonic seizures; GABAB, γ-aminobutyric acid type B; LGI1, leucine-rich glioma-inactivated 1; MTL, medial temporal lobe; MRI, magnetic resonance imaging; NMDAR, N-methyl-D-aspartate receptor; SPM, statistical parametric mapping; SUVmax, standardized uptake max value.
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Magnetic resonance imaging (MRI) is a leading diagnostic technique especially for neurological studies. However, the physical origin of the hyperintense signal seen in MR images of stroke immediately after ischemic onset in the brain has been a matter of debate since it was first demonstrated in 1990. In this article, we hypothesize and provide evidence that changes in the glial cells, comprising roughly one-half of the brain's cells and therefore a significant share of its volume, accompanying ischemia, are the root cause of the MRI signal change. Indeed, a primary function of the glial cells is osmoregulation in order to maintain homeostasis in the neurons and nerve fibers for accurate and consistent function. This realization also impacts our understanding of signal changes in other tissues following ischemia. We anticipate that this paradigm shift will facilitate new and improved models of MRI signals in tissues, which will, in turn, impact clinical utility.
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INTRODUCTION

Magnetic resonance imaging (MRI) is now a leading human imaging modality, which has revolutionized our study and understanding of the brain, in sickness and in health. Of its many capabilities in the diagnosis of human disease, MRI has proven crucial for the early detection of stroke and for guiding effective treatments (1). In particular, diffusion-weighted imaging (DWI) detects the tissue affected by stroke almost immediately after the infarct. This ischemic region, first demonstrated by Moseley et al. (2), appears as a hyperintensity on the DW image that represents a decrease in the overall apparent diffusion coefficient (ADC) of water in the affected tissue. This ischemic region develops over time as the stroke progresses and, at later times, also results in a change in the transverse relaxation time, T2 (3). In this article, we will be concerned with the initial diffusion changes and propose that glial cells drive the observed signal increase in acute stroke.

Currently, the origin of the observed diffusion signal increase in the infarct is still a matter of debate. Candidate mechanisms include changes in water exchange rates, membrane permeability, restricted diffusion effects, intra/extracellular compartmentation changes, and/or tortuosity effects potentially coupled with relaxation time differences between compartments—for a full discussion see Vestergaard-Poulson et al. (4), Hansen et al. (5). Neurite beading has also been suggested as a mechanism to explain the signal changes in the brain (6).

In order to uncover the likely mechanism(s) of these signal changes, MR microscopy was employed as a means for determining the origins of MR signals at the cellular level, albeit on very large cells initially (7). Since its inception three decades ago (7, 8), MR microscopy has continually improved, next being able to image the large L7 neuron from the sea slug Aplysia californica (9) and more recently applied to the study of isolated mammalian tissues at the single-cell level (10, 11).

This powerful methodology can be used to evaluate a hypothesis of the origin of the signal increase in DW images observed in stroke recently proposed by Le Bihan (12). He asserted that there is a restricted water pool near the cell membrane and that this slowly diffusing water pool would increase its volume as cells swell after an ischemic event. Curiously, the model involves only diffusion restriction on the inside of the cell membrane and not the outside. Moreover, if similar effects were to be applied externally, this would approximately double the volume of restricted water and change his conclusions significantly. Aside from that, MR microscopy studies of frog ova (6), Aplysia californica neurons (7), fixed animal (10), and human (11) neurons, and most recently live rat neurons (13) using MR microscopy methods, do not support this mechanism based upon membrane-bound water. If water diffusion was restricted at the cell membrane to the extent needed to affect the observed clinical signal changes seen in stroke, then DW images of these cells should include a relatively thick bright rim around the cell membranes where the restriction allegedly occurs. A bright rim of a size necessary to cause significant changes in volume fractions is not observed in any of the aforementioned cellular studies. Studies of erythrocyte ghosts also do not support this membrane-bound water hypothesis (14).

Alternatively, an intra/extracellular exchange mechanism was implied by Hsu et al. (15), following perfusion and tonicity studies performed in isolated Aplysia californica L7 neurons. In that work, following a 20% hypotonic perturbation, water diffusion in the cell cytoplasm remained constant, while T2 increased, indicating the cell was behaving as a perfect osmometer. This observation suggested that, after an ischemic event, the cells swell by absorbing water from the extracellular space. Since the ADC stays constant, and the ADC inside the cell was presumed slower than outside the cell, the resulting volume average of signals would result in an overall reduction of the ADC as observed on DW images of infracted areas in stroke.

However, recent microimaging of single neurons in fixed and live tissue contradicts this idea since the neurons are hypointense in DW images, and ADC maps clearly show that ADC in the cell body is larger than that outside the cell body (10, 11). This being the case, one would then expect the reverse to happen—i.e., the DW image of stroke tissue would show a hypointense signal at the lesion as neurons swell.

This issue is further highlighted by data from our laboratory on excised, superfused brain slices. Diffusion signals obtained in segmented regions of the hippocampus correlated strongly with overall density of perikarya (16, 17) as observed in corresponding histology. Data from Shepherd et al. (17) is reproduced in modified form in Figure 1 and clearly shows regions rich in neuronal cell bodies to display faster signal decay than regions less densely populated by perikarya. Therefore, if the neuronal volume fraction was increasing, one would expect the ADC to increase, not decrease. In addition, one would expect perikarya-rich tissue like the stratum pyramidale in the hippocampus's Cornu Ammonis (CA1, 2, 3) regions would be hyperintense in the DW images when, in fact, they are hypointense (18), indicating again that the cell bodies have a faster ADC than the surrounding neuropil.


[image: Figure 1]
FIGURE 1. Top: MR microimage of a hippocampal brain slice (left) with a schematic of the anatomy (right) (reproduced with permission from (17) (Creative Commons license https://creativecommons.org/licenses/by/4.0/, the two elements unaltered but placed side by side), with experimental details in that publication). Middle: diffusion curves from anatomical regions (16). Bottom: grouped histological regions by neuronal density going from left to right (16).


We are thus left with a conundrum. What is the origin of the hyperintensity in DW images in ischemic areas? Here, we present evidence for an alternative mechanism for the observed signal changes in stroke. In this perspective piece, we hypothesize and evidence that glial cells may be an important contributor to the observed signal changes.



DISCUSSION

The number of glial cells in the brain is still a subject of debate, with estimates ranging from 10 times that of the neurons to a number equivalent to that of neurons (19, 20). Given the brain's complexity and the large variation in the ratio of glia to neurons found in different subregions, calculation of these ratios and the volume contributions across the entire brain is a difficult and controversial issue (21). However, whatever the true volume, it is certain that the glial cells comprise a significant fraction of the total brain volume. A primary role of the glial cells is to maintain homeostasis—neurons and nerves thus maintain their water content for accurate and efficient operation.

We hypothesize that the DW image changes observed at stroke onset are due to changes in the glial volume as these cells absorb water from the extracellular space and swell to maintain homeostasis of neurons. The resulting decrease in the ADC could then be explained provided that the diffusivity in the glial cells is lower than that of the neurons. A study by Lee et al. (22) on Aplysia californica neurons provides supporting evidence for this conjecture. In previous studies, the L7 neuron was stripped of surrounding tissue and cells by collagenase treatment; however, in Lee et al. (22), no collagenase was used, and the cell was extracted with the region containing satellite cells, mainly glia (23), intact. Figure 2 from that publication (22) shows that in a DW image, the signal from the region containing satellite cells is hyperintense compared to the neuron, itself, indicating that the ADC in the glia is lower than that in the neuron. These glial cells provide the necessary homeostasis for the neurons. Thus, after an infarct, the glia swell, and assuming the ADC within them also does not change with an osmotic perturbation, as implied by Hsu et al. (15), then the average ADC from the tissue will decrease as observed in vivo. This is because the glial volume increases with respect to the neuronal and extracellular volume. Glia swelling in stroke is supported by literature, and neuronal shrinkage has been observed to occur alongside glial swelling. In the study by Liu et al. (24), astrocytes were seen to have swelling after 90 min of ischemia, whereas in the same regions, the majority of neurons were shrunken by up to 25%. At 24 h post stroke, Garcia et al. (25) also observed swelling of astrocytes and shrinkage of neurons accompanied by initial axonal swelling and large hemispheric swelling (26). We, therefore, think it reasonable to assume that both neurons and extracellular water compartment contribute water to glial cells during ischemic events. We note here that these studies were not performed at the acute stage we are considering in this work, where we contend that the glia cells will be able to maintain the neuronal cell volume.


[image: Figure 2]
FIGURE 2. Diffusion-weighted images of an Aplysia californica L7 neuron at 4 b-values (a–d). Notice that the labeled satellite cells (S) are hyperintense compared to the neuron. (e) Calculated diffusion map and (f) corresponding histology. Data reproduced with permission from Lee et al. (22)—experimental details are in that publication.


Since glial cells are ubiquitous in the nervous system, it would follow that the same mechanism will be evident in both gray and white matter. The axons of the white matter are myelinated making them much less permeable to water than the cell membrane. However the myelinated segments are interspersed with nodes of Ranvier that are approximately 1-μm length of unmyelinated axon membrane segments where ion and water exchange may occur. The length of the myelinated axolemma sections is dependent on the axon diameter (27). Further, there is evidence for water channels in the myelin sheath, itself (28). Whatever the mechanisms are, osmoregulation in axons is critical to ensure accurate and stable action potentials, whose conduction velocity is greatly accelerated by saltatory conduction (29). Again, osmoregulation in axon-rich brain tissue is affected by the glial cells. Thus, DW images should exhibit hyperintense signals during infarcts in both gray and white matter. At some point, the glial cells' capability for osmoregulation will be overwhelmed. This is supported by late-stage observations in rat brains exposed to sub-arachnoid hemorrhage (SAH): here, astrocyte volume was higher in SAH than in sham animals (30). We believe that at this point, vasogenic edema occurs, leading to measurable changes in T1 and T2 in the infarct. This potential causality between these events is the subject of future investigation.

We stress, here, that our discussion, thus far, has focused on the early stages of ischemia when the cells swell, and there is seen a hyperintensity in DW images, but no changes in T2. It is in this early stage that we will first develop and test the glial hypothesis in future studies. The signal changes following the acute phase will be time dependent and also dependent on other factors such as age, location of the stroke, size of the stroke, etc. (31). Later studies will also test the effectiveness of our biological models for assessing treatment, such as reperfusion, etc. (31), that are used in the clinic.

Although our data provide evidence for our hypothesis regarding glial cell osmoregulation and its effects upon diffusion MRI, direct confirmation is required in mammalian tissues. It is not yet possible to image glial cells with MR microscopy as they are too small. However, future studies may involve diffusion measurements on cultured mammalian glial cells assuming that the compartmental averaging issues can be addressed. Future studies and modeling of these systems at the single-cell level will also have to take account of the age of the specimens as demonstrated in maturation studies of Aplysia californica L7 neurons (32).

In addition to this glial hypothesis, Le Bihan (33) also published data showing that functional changes in brain tissue could be detected using DWI data acquired in humans. To our knowledge, other groups have not been able to reproduce this result, leading to speculation that Le Bihan et al. may be actually observing an artifact from the BOLD-fMRI contrast mechanism (34). However, it is important to note that studies in isolated buffer-superfused brain slices (35) devoid of blood do support possible changes in DW image signal associated with neuronal activity, as do studies on optic nerves (36) and spinal cord white matter (37). Specifically, if the glial hypothesis was correct, then we suggest that it is also changes in glial volumes that lead to the reduced ADC with neuronal activation in both buffer-perfused and blood-perfused preparation. We note here that Stanisz (38) included a glial compartment in his modeling approach to the issue of diffusion changes in the brain, recognizing that it would impact his results. However his estimate of the glial volume was too low at 17%, and he had no direct evidence on the diffusion in the glia relative to the neurons, nor perturbation studies at the cellular level, so could not come to the conclusion that we have in this work.

How then do we explain DW image changes associated with ischemia in non-neural tissues, which do not contain glial cells? MR microscopy studies of isolated perfused hearts with MR microscopy exposed to an ischemic event show an immediate decrease in the ADC (39) and T2 (40) after the ischemic insult. Without the osmoregulatory glial cells, the myocytes, themselves, will swell, leading to a change in the ADC and T2 with cell swelling in a straightforward intra/extracellular tissue model of water exchange. We suspect this will be the case in other non-neuronal tissues, and this will be a subject for future investigations. Cardiac studies were not performed at microscopic resolution because of the relatively large sample sizes (whole, excised rabbit hearts). However, microscopic resolution will be feasible on isolated heart slices (41) in the same manner in which brain slices have been imaged (Figure 1 in this paper). In this study on heart slices (41), the resolution was relaxed for SNR reasons to study multicomponent diffusion; however, since the sample size and equipment used is the same as that used for our Figure 1, MR microscopy will be feasible on the heart slices as well.

We note here that our discussion does hinge on using data from invertebrates to interpret rodent and clinical data. Aplysia is, indeed, an exceptionally well-used model for cells since theirs are large and accessible, so much so that the NIH funds an Aplysia facility in Miami to breed them for scientists. So far, studies of frog ova, Aplysia neurons, and mammalian tissues have produced broadly agreeing results with respect to intracellular water, i.e., reduced diffusion in the intracellular space compared to free water. In this work, it is assumed that the even slower diffusion in regions enriched with many glial cells, as observed in the satellite cells on the L7 neuron from Aplysia californica, will translate to mammalian tissues. Indeed, the very testing of the hypothesis presented here will be addressing this issue in future studies.

Caution is needed when trying to integrate results from cellular-level MR microscopy studies and preclinical MRI in animal models with the aim to interpret clinical data. Not only are the model systems employed in MR microscopy (frog eggs, isolated L7 neurons, acute brain slices, spinal cord, etc.) not directly comparable to the human brain but also the experimental details underlying the data are not comparable to clinical imaging. Extremely high SNR is required to achieve the image resolution needed to resolve individual cells. To achieve this, a combination of strong magnetic fields and minute (micro-)coils for radio frequency transmission and reception is typically used for MR microscopy on very small samples (7). Such setups are quite removed from clinical radiology. However, a more determining difference is related to the scanner gradient systems wherein MR microscopy and preclinical MRI gradients are typically strong (allowing short pulses), whereas for clinical DWI, diffusion gradient durations are typically an order of magnitude larger (on the order of TE/2). This is a problem because a lot of our current modeling assumes the short pulse approximation, which is rarely justified for clinical data. Furthermore, for longer diffusion times, water exchange likely cannot be ignored but largely is. The combined effects of diffusion time dependence, restriction sizes, exchange, etc., are difficult to untangle and likely quite different in MR microscopy and clinical MRI. Admittedly, this produces a situation where the comparison of MR microscopy to clinical MRI is complex. However, we point out that this is an issue common to all the microscopies (optical, confocal, X-ray, electron, atomic force, etc.), which interrogate small samples with specialized equipment not appropriate for direct clinical use. Care must be taken extending the results for clinical interpretation; for example, consider the sample preparation techniques required for electron microscopy (42). Still, we see MR microscopy as an essential tool to aid in understanding of clinical data, especially since the samples can be maintained as living tissue samples, allowing meaningful and informative perturbation studies to test models. We also point out that even if we can improve MRI to achieve true microscopic resolutions in the clinic, we will always be able to do much better on smaller samples with specialized equipment.

We end this perspective piece with a hefty dose of speculation or “what ifs.” Maintaining a stable tonicity in axons is essential for accurate and reproducible action potentials and, thus, fidelity of communication in the brain. What if for some reason the glial cells are compromised? What if they become hypo- or hypertonic? This may lead to tonicity changes in the axons, changing the velocity of the action potential. We appreciate that this is a complex issue—changes in tonicity also change axonal diameter, which also impacts conduction velocity (43). An increase in conduction velocity may be a factor in movement disorders where astrocytes have been linked with neuroinflammation and neurodegeneration (44), for example, in Parkinson's disease. A decrease in conduction velocity may be a factor in poor memory formation, again involving astrocytes (44), for example, in Alzheimer's. What if variations in glial tonicity lead to mood disorders, where glial cells have already been implicated to play a role (45, 46)? These ideas are very speculative, and we are not suggesting that glial cell dysfunction is a panacea for brain diseases. However, speculation along these lines may lead to fruitful avenues of research and potential clinical application in which MRI may play a major role. Replenishing the glial cells in some way may prove a potential treatment and seems feasible now that it has been demonstrated that they migrate when injected into the brain (47).

In conclusion, we have proposed and provide experimental support for the hypothesis that it is changes in glial cell volume that cause the ADC changes in ischemic brain tissue after stroke onset in both gray and white matter. Echoing a well-known statement on the relationship between mass and space, water tells glial cells how to change, and the glial cells tell water how to move, potentially solving a nearly 30-year-old mystery on the origin of the diffusion signal changes in stroke. With this in mind, new and accurate models of the tissue signals and how they evolve become possible. Other mechanisms will likely be involved in the resulting tissue changes to varying degrees; perturbation studies on model systems, both fixed and live, will facilitate the elucidation of these effects. It is our belief that this understanding will help improve the sensitivity and specificity of MRI for the diagnosis and monitoring of stroke, in particular, for distinguishing between reversible and irreversible ischemia and guiding the most effective course of personalized therapy. This understanding will also impact our interpretation of MR signals in both normal tissue and pathological tissues.
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The Ontario Neurodegenerative Research Initiative (ONDRI) is a 3 years multi-site prospective cohort study that has acquired comprehensive multiple assessment platform data, including 3T structural MRI, from neurodegenerative patients with Alzheimer's disease, mild cognitive impairment, Parkinson's disease, amyotrophic lateral sclerosis, frontotemporal dementia, and cerebrovascular disease. This heterogeneous cross-section of patients with complex neurodegenerative and neurovascular pathologies pose significant challenges for standard neuroimaging tools. To effectively quantify regional measures of normal and pathological brain tissue volumes, the ONDRI neuroimaging platform implemented a semi-automated MRI processing pipeline that was able to address many of the challenges resulting from this heterogeneity. The purpose of this paper is to serve as a reference and conceptual overview of the comprehensive neuroimaging pipeline used to generate regional brain tissue volumes and neurovascular marker data that will be made publicly available online.
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INTRODUCTION

The Ontario Neurodegenerative Research Initiative (ONDRI) is a multi-site prospective cohort study following patients with neurodegenerative diseases including Alzheimer's disease (AD), mild cognitive impairment (MCI), Parkinson's disease (PD), amyotrophic lateral sclerosis (ALS), frontotemporal dementia (FTD), and cerebrovascular disease (CVD). Over the course of 3 years, multiple assessment platforms acquired comprehensive data from the 520 patients including: neuroimaging (1–3), clinical and demographic assessments (4), neuropsychology (5), genetic variations (6, 7), eye tracking and pupillometry, retinal layer analyses using spectral-domain optical coherence tomography (8), gait and balance performance (9), and neuropathology. The multi-modal data collected from ONDRI will be used to explore earlier detection, guide development of novel therapy, and improve patient care. ONDRI's mission is to bring new diagnostic biomarkers and prognostic tools into clinical practice in order track disease progression and potential response to future symptomatic and disease-modifying therapies targeting dementia/cognitive impairment.

This paper describes the methods implemented to extract normal and pathological brain tissue volumetric information from the structural Magnetic Resonance Imaging (MRI) provided by the ONDRI neuroimaging platform. It includes a comprehensive methodological overview of the structural neuroimaging pipeline's previously published and validated components, with numerous figures to provide a visual description of how the measures were obtained from the MRI, some recommendations for reporting and data analysis, and a brief section providing some basic descriptive statistics to illustrate the whole brain volumetrics that can be obtained from the ONDRI patient cohorts.

Structural MRI processing for volumetrics was performed by the neuroimaging group in the L.C. Campbell Cognitive Neurology Research Unit, within the Hurvitz Brain Sciences Research Program, at the Sunnybrook Research Institute, in Toronto, Canada. The image processing pipeline (Figure 1) has been optimized for an aging population, with a particular emphasis on accounting for chronic stroke and post stroke cortical and subcortical lesions, numerous imaging markers of cerebral small vessel disease, as well as, the focal and global brain atrophy observed in neurodegenerative patient populations such as AD and FTD.


[image: Figure 1]
FIGURE 1. ONDRI MRI processing pipeline overview. General workflow moves from left to right for final volumetric output resulting in a comprehensive spreadsheet in the form of a .csv file. Hippocampal volumes are segmented using the SBHV method (10) which was fully integrated into the pipeline and are included in the final volumetric spreadsheet. Microbleed Rating, Resting State fMRI Analysis, and Diffusion Tensor Imaging (DTI) analyses are processed separately, however, the DTI and Cortical Thickness pipelines are dependent on some components of the primary pipeline, thus, results from these processes are provided in separate spreadsheets.


The main goal of this paper is to highlight the overall features of the neuroimaging pipeline that would be of interest to a neurologist, clinician, or non-imaging researcher seeking to utilize the ONDRI data that will be made publicly available through an application process on October, 2020. For more information on the ONDRI project, please visit: http://ondri.ca/.



METHODS


Study Participants

Ethics approval was obtained from all participating institutions. Participants were recruited at 14 health centers across six cities in Ontario, Canada: Hamilton General Hospital and McMaster Medical Centre in Hamilton; Hotel Dieu Hospital and Providence Care Hospital in Kingston; London Health Science Centre and Parkwood Institute in London; Elizabeth Bruyère Hospital and The Ottawa Hospital in Ottawa; Thunder Bay Regional Health Sciences Centre in Thunder Bay; and Baycrest Health Sciences (Baycrest), Centre for Addiction and Mental Health (CAMH), St. Michael's Hospital (SMH), Sunnybrook Health Sciences Centre (Sunnybrook), and Toronto Western Hospital—University Health Network (UHN) in Toronto.

Full study participant details are previously described (4). Briefly, AD/MCI patients met National Institute on Aging Alzheimer's Association criteria for probable or possible AD, or MCI (11, 12); PD patients met criteria for idiopathic PD defined by the United Kingdom's Parkinson's Disease Society Brain Bank clinical diagnostic criteria (13); ALS patients met El Escorial World Federation of Neurology diagnostic criteria for possible, probable, or definite familial or sporadic ALS (14); FTD patients included possible or probable behavioral variants of frontotemporal degeneration (15), agrammatic/non-fluent and semantic variants of primary progressive aphasia (16), and possible or probable progressive supranuclear palsy (17); CVD patients experienced a mild to moderate ischemic stroke event, verified on neuroimaging, 3 or more months prior to enrollment in compliance with the National Institute of Neurological Disorders and Stroke-Canadian Stroke Network vascular cognitive impairment harmonization standards (18).

For illustrative purposes of the neuroimaging pipeline outputs, baseline MRI data are included for the following ONDRI patient cohorts: 126 AD/MCI, 140 PD, 40 ALS, 53 FTD, and 161 CVD.



MRI Acquisition

Neuroimaging was acquired at the following sites using each site's respective 3T MRI system: a General Electric (GE, Milwaukee, WI) Discovery 750 was used at Sunnybrook, McMaster University/Hamilton General Hospital, and CAMH; a GE Signa HDxt at UHN; a Philips Medical Systems (Philips, Best, Netherlands) Achieva system at Thunder Bay Regional Health Sciences Centre; a Siemens Health Care (Siemens, Erlangen, Germany) Prisma at Sunnybrook and London Health Sciences Centre/Parkwood Hospital; a Siemens TrioTim at Ottawa Hospital/Élisabeth Bruyère Hospital, Hotel Dieu Hospital/Providence Care Hospital and Baycrest; and a Siemens Skyra at SMH.

Harmonized with the Canadian Dementia Imaging Protocol (19), the National Institute of Neurological Disorders and Stroke–Canadian Stroke Network Vascular Cognitive Impairment Harmonization Standards (18), full MRI acquisition protocol details for each imaging site are provided on Supplementary Table 1. In brief, the following structural MRI sequences were obtained for each study participant: 3D T1-weighted (T1), T2-weighted fluid attenuated inversion recovery (FLAIR), interleaved T2-weighted and proton density (T2/PD), and T2*gradient recalled echo (GRE). It should be noted that additional imaging protocol included a 30/32 direction diffusion tensor imaging (DTI), resting state functional MRI, and arterial spin labeling (acquired only at one site), but are beyond the scope of this paper and will be presented elsewhere (1). Prior to image processing for volumetric quantification, MRI were fully evaluated by a neuroradiologist (SS) for incidental findings and for imaging quality by a medical biophysics scientist (RB).



Structural Image Processing Methods: Overview

The structural neuroimaging pipeline used in ONDRI is a component based algorithm commonly referred to as SABRE-Lesion Explorer (SABRE-LE) (20–23). This is a semi-automated personalized approach to imaging-based quantification, as it can provide a comprehensive volumetric profile at the individual patient level. While it may take longer to process each individual relative to fully automatic methods, this careful patient-focused approach is more robust to the large variability in stroke and neurodegenerative patient population. This method has been previously validated (23–25) and implemented in other Canadian studies (26–29). The following sections describe the SABRE-LE comprehensive pipeline method and the volumetric data that is extracted in greater detail. Data visualization was performed using RStudio version 1.2.1335 (RStudio, Inc., Boston, MA) and ITKSnap (30).



Brain Regions of Interest: SABRE

The neuroimaging pipeline integrates a brain region parcellation process called Semi-Automatic Brain Region Extraction (SABRE) (20). This method separates the brain into 26 regions of interest (ROIs: 13 per hemisphere) derived from anatomical landmarks manually identified per hemisphere on each individual patient (Figure 2 and Table 1). Each imaging analyst was required to achieve an intraclass correlation coefficient (ICC) > 0.90 in order to work on ONDRI patient imaging analysis. The automatic SunnyBrook Hippocampal Volumetry (SBHV) tool (10) was subsequently integrated into the SABRE pipeline (Figure 3), resulting in a total of 28 ROIs (left + right hippocampus) (see following section). The SABRE brain maps are personalized maps that are unique to each individual patient and was developed from the Talairach grid system (31). Relative to many brain mapping methods that implement non-linear (i.e., “warping”) techniques to register an individual patient's MRI to a standardized template, such as the Montreal Neurological Institute brain (MNI152) (32), the SABRE approach is essentially reversed, by mapping a brain template onto the individual patient's MRI. This method accounts for natural individual differences in anatomy but more importantly, it is a method that can compensate for significant focal and global brain atrophy that is found in stroke, dementia, and neurodegenerative patients.


[image: Figure 2]
FIGURE 2. A 3-D surface volume rendering of T1-weighted MRI showing right hemisphere SABRE regions in different colours. Left hemisphere regions were made translucent for illustrative purposes, however, SABRE regions are separately parcellated for each hemisphere and delineated using individualized anatomical landmarks for both left and right sides.



Table 1. SABRE-LE neuroimaging pipeline brain tissue and lesion codes (top), and detailed SABRE brain region codes (bottom).
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[image: Figure 3]
FIGURE 3. The SunnyBrook Hippocampal Volumetric (SBHV) segmentation showing left (BLUE) and right (GREEN) hippocampi overlayed on an axial T1 MRI and extracted as 3-D surface volume renderings. Note images are in radiological convention.



Hippocampus

The hippocampus is an important part of the limbic system that has been studied extensively in dementia, given its significant role in memory functions (33, 34). The ONDRI pipeline incorporates the multi-atlas based Sunnybrook Hippocampal Volumetric (SBHV) segmentation tool (Figure 3) that was developed and validated using the Sunnybrook Dementia Study and the Alzheimer's Disease Neuroimaging Initiative (ADNI1) (10).

For ONDRI, the SBHV segmentation has been fully integrated into the SABRE-LE pipeline, and includes left and right hippocampal sub-classifications for parenchyma, hypointensities, and stroke volumes (when present). Currently, there is some controversy over the pathophysiological origin and relevance of small cavities commonly observed in the hippocampus (35–38), which are particularly relevant in the ONDRI CVD patients. Additionally, large cortico-subcortical strokes can extend from the cortex into the hippocampus. Given these vascular issues potentially affecting the overall hippocampal volume, ONDRI provides sub-classifications for parenchyma, hypointensities, and stroke volumes based on the neuroimaging characteristics (i.e., intensity) using the voxel segmentation classifications and takes a neutral stance on the pathophysiological origin of small cavities observed in this region.




Total Intracranial Volume

The supratentorial total intracranial volume (ST-TIV) is a measure of all brain matter that is located below the dura mater. It is referred to as supratentorial because the SABRE-LE method removes all tissue below the tentorium, including the cerebellum and portions of the brain stem (20, 22). Although the removal of infratentorial structures was necessary for technical segmentation reasons, researchers particularly interested in the cerebellum, and brainstem can apply additional imaging tools [e.g., (39)] to obtain these structures from the original acquisitions upon special request.

In addition to sex-related differences, there are also normal variations in head size. In order to account for these differences, most neuroimaging studies implement some form of head-size correction. This is also particularly important when assessing brain atrophy in cross-sectional studies, as a true measure of the total intracranial capacity will provide an indication of where “there used to be brain and now there is cerebrospinal fluid (CSF).” The presence of focal atrophy due to stroke and neurodegenerative processes tends to result in over and under erosion errors with many fully automated T1-based skull stripping techniques, due to the similarity in intensity between background and sulcal CSF. The SABRE-LE method accounts for the presence of focal atrophy since it includes a measure of everything below the dura mater, including sub-arachnoid CSF, thus, providing a more accurate measure of head-size in neurodegenerative patient populations (Figure 4).


[image: Figure 4]
FIGURE 4. Axial views of T1-weighted MRI from an ONDRI FTD patient. Red arrows point to regions with significant focal brain atrophy. The SABRE-LE processing pipeline accounts for this focal atrophy since it includes a measure of everything below the dura mater, including sub-arachnoid and sulcal cerebrospinal fluid (CSF), shown in purple.


It is important to note that there are numerous acceptable head-size correction methods reported in the literature (40). A simple method involves dividing each volume of interest by the total head size to obtain a proportional volume (41). ONDRI provides raw volumes and head size volumes (i.e., ST-TIV) for each individual patient.



Brain Tissue Segmentation

A robust T1 intensity-based brain tissue segmentation, optimized for aging and dementia, is performed after skull stripping and removal of non-brain tissue (24). This automatic segmentation method deals with scanner inhomogeneities by fitting localized histograms to Gaussians to allocate voxels into gray matter (GM), white matter (WM), and cerebrospinal fluid (CSF) tissue classes. After manual ventricular CSF (vCSF) relabelling, there are four brain tissue types that are segmented for volumetrics using SABRE-LE (Table 2):

• Normal appearing gray matter (NAGM)

• Normal appearing white matter (NAWM)

• Sulcal cerebrospinal Fluid (sCSF)

• Ventricular CSF (vCSF).


Table 2. Data is shown as mean (standard deviation) unless otherwise specified. Raw values are presented for transparency purposes.

[image: Table 2]

The T1-based tissue segmentation is further corrected for misclassified volumes using a PD-T2/FLAIR-based lesion segmentation algorithm to account for the voxels appearing as GM or CSF on T1 (42) due to WM changes from stroke and cerebral small vessel disease. For this reason, the GM and WM volumes are denoted as “normal appearing” (NAGM, NAWM) to signify that these volumes have been re-labeled as normal appearing after having been corrected with an additional multi-modal MRI segmentation approach (Figure 5). Additional brain tissue volumes for stroke lesions and cerebral small vessel disease markers are discussed in the following sections.


[image: Figure 5]
FIGURE 5. Due to relative intensities on different MRI sequences, WMH (red arrows) on T2 FLAIR are not hyperintense (bright) on T1-weighted images and tend to appear as GM (gray) or CSF (blue) intensity on T1. Thus, T1-based segmentations tend to inflate the GM and CSF volumes in patients with stroke and cerebral small vessel disease. To account for this, ONDRI's imaging pipeline integrates an additional T2/FLAIR-based WMH segmentation to correct for this misclassification error (42) to produce a normal appearing WM/GM (NAWM/NAGM) volumes.


The NAGM and NAWM volumes can be summed to obtain a measure of parenchymal volume or reported individually for head-size corrected measures to assess potential atrophy. Additionally, a segmentation mask is generated which is used for diffusion tensor imaging (DTI) analyses, where diffusion metrics of the “normal appearing” WM tracts can be separately analyzed from the diffusion within the various types of white matter lesions including WMH, lacunar infarcts, and cortical-subcortical stroke lesions. Details of ONDRI DTI analysis pipeline are discussed elsewhere (1).

The SABRE-LE method segments sCSF and vCSF into separate compartments. The initial T1-based segmentation automatically labels hypointense voxels into a CSF class, and then the ventricles are manually relabelled to a vCSF class by neuroimaging analysts following a standardized procedure. Note that although some vCSF segmentation tools based on standardized templates use smoothing algorithms that reclassify all voxels within the ventricular compartment as ventricles, the SABRE-LE method does not. With the SABRE-LE method, choroid plexus are not arbitrarily removed or re-classified as CSF and thus remain as part of the overall tissue segmentation. Ventricular volumes are often used as a simple indicator of overall brain atrophy, and have the potential for use as a differential indicator of disease and dementia severity (Figure 6) (43–45).


[image: Figure 6]
FIGURE 6. Top row shows axial view of vCSF segmentation overlayed on T1 MRI for patients with AD (left) and FTD (right). Bottom row shows 3D surface volume renderings of the vCSF segmentation. Note the differences in ventricle size and the hemispheric differences between the two neurodegenerative diseases.




White Matter Hyperintensities of Presumed Vascular Origin (WMH)

Also referred to as leukoaraiosis, white matter lesions, subcortical hyperintensities, and even, unidentified bright objects, WMH are radiological anomalies commonly associated with cerebral small vessel disease. Recently, the STandards for ReportIng Vascular changes on nEuroimaging (STRIVE) (46) have established a set of criteria that recommends the use of the term white matter hyperintensities of presumed vascular origin (WMH), as the standard terminology to refer to these regions of hyperintense (bright) signal found on particular MRI. It is important to note that as previously mentioned, WMH do not appear hyperintense on all types of MRIs and often appear isointense to GM on T1 (Figure 7). Additionally, despite the naming convention, it is important to note that WMH are not limited to the white matter regions of the brain, as they are also commonly observed in subcortical GM structures such as the basal ganglia and thalamus. However, to avoid confusion between studies, ONDRI recommends the use of the more popular term “white matter hyperintensities.”


[image: Figure 7]
FIGURE 7. Axial view of various coregistered structural MRI sequences showing the relative intensity differences of WMH. Note that white matter hyperintensities are not hyperintense (i.e., bright) on T1-weighted MRI.



Periventricular (pWMH) and Deep White (dWMH) Hyperintensities

Although WMH can be subdivided using SABRE ROIs, the most common regional delineation of WMH is the separation between periventricular (pWMH) and deep white (dWMH). Historically controversial (47, 48), this concept is based on several theories and research findings which suggest that WMH in close proximity to the ventricles (hence the term “peri-ventricular”) have a different pathological etiology (49, 50) and are differentially correlated with cognitive/behavior deficits in comparison to the more distal dWMH (despite the confusing fact that pWMH are technically found in deeper white matter than dWMH). Additionally, recent imaging-pathology correlations suggest that a common substrate of pWMH relates to vasogenic edema due to leakage and increased vascular resistance caused by venous collagenosis, a small vessel venular disease of the deep medullary venules (as opposed to the arterial side of the cerebral vasculature) (51–53). It is also interesting to note that there is no standard consensus in the literature on how to define pWMH vs. dWMH, with some papers using a proportional distance to the dura mater (54), some using an arbitrary cut-off (typically 13 mm from the ventricles) (55), and others using a 3D connectivity algorithm (23, 56)—the method that is currently supported by ONDRI (see Figure 8).


[image: Figure 8]
FIGURE 8. Shows different methods for segmenting periventricular and deep WMH. Left image shows a proportional distance from the ventricular lining to the dura mater; middle image shows an arbitrary distance of 13 mm from ventricles, right image shows 3D connectivity algorithm supported by ONDRI, displayed as 3D volume renderings of pWMH (red) and dWMH (blue) shown in sagittal and slightly tilted anterior views.





Lacunes

Lacunes of presumed vascular origin are cystic fluid-filled cavities in the subcortical brain regions (57, 58). They appear hypointense (dark) on T1, hyperintense (bright) on PD and T2, and can appear as a lesion with a hypointense central core surrounded by a hyperintense rim/halo on FLAIR MRI (Figure 9, bottom row). The recent STRIVE criteria (46) provides some consensus-based guidelines regarding their definition, however, previous studies have used various terms (e.g., “white matter lesions,” “lacunar infarcts,” “covert strokes”) and radiological descriptions to classify these lesions (59). Often difficult to differentiate from MRI-visible perivascular spaces (PVS) (next section), lacunes tend to be larger and less linear than PVS. They are associated with increased risk of stroke, dementia, and gait disturbances (60). It is important to note that due to the poor sensitivity of FLAIR in thalamic regions (61) (Figure 9, top row), the ONDRI imaging pipeline integrates an additional T2-based segmentation in order to capture any potential lesions in this subcortical region that may not appear on FLAIR.


[image: Figure 9]
FIGURE 9. Top row shows a thalamic lacune as it appears on different coregistered MRI, hypointense (dark) on T1, hyperintense on PD-T2, and difficult to detect on FLAIR. In contrast, the bottom row shows a subcortical lacunar infarct that presents with the classic central CSF-like hypointensity with a surrounding hyperintense halo/rim on FLAIR.




MRI-Visible (Enlarged) Perivascular Spaces (PVS)

Recent studies suggest that the brain utilizes the glymphatic system (62, 63) to clear fluid and metabolic waste, using a complex series of perivascular channels surrounding the brain's veins and arteries. It has been suggested that when the perivascular channels are compromised due to aging, disease, or trauma, the perivascular space becomes enlarged and consequently, visible on structural MRI (64–67). MRI-visible (enlarged) perivascular spaces (PVS) on T2 appear as small (<3 mm diameter), linear, hyperintensities following the course of the vasculature (Figure 10). Additionally, PVS appear hypointense (dark) on T1, isointense to GM on PD (vs. lacunes which are bright on PD), and are very difficult to visualize on 2D FLAIR, particularly in the basal ganglia region. Current research suggests that PVS found in the white matter regions may indicate Cerebral Amyloid Angiopathy (CAA), while PVS in the basal ganglia may be more indicative of hypertensive arteriopathy (68–71). Moreover, recent basic science research and limited clinical evidence supports the theory that clearance of amyloid and other metabolites occurs primarily during deep sleep (72, 73).


[image: Figure 10]
FIGURE 10. Examples of the PVS segmentation (red and yellow) over-layed onto structural MRI in axial (top 2 rows) and coronal views (bottom row).


Previously referred to as dilated Virchow-Robin spaces, measurement of PVS burden is typically accomplished using visual rating scales under this old naming convention (74, 75). However, the novel quantitative method supported by ONDRI provides a volumetric measure of PVS. This method has been previously validated with common PVS visual scales and has been used to study AD, normal elderly, and stroke and cerebrovascular disease patients being assessed with sleep polysomnography (72, 76). Although both lacunes and PVS volumes are segmented automatically using the SABRE-LE pipeline, false positive minimization procedures are manually performed to remove incorrect segmentations and to reallocate PVS to lacunes or vice versa depending on strict intensity and shape-based criteria. Only highly trained neuroimaging analysts achieving ICCs and DICE Similarity Indices (SI) > 0.90 are allowed to perform this procedure. Moreover, a research neuroradiologist (FG) was consulted when faced with complex radiological anomalies that were commonly observed in the CVD patient cohort.



Cerebral Microbleeds

Although the SABRE-LE structural pipeline method used by ONDRI does not support a cerebral microbleed (CMB) segmentation algorithm, this brief section has been included to describe this important measure of cerebral small vessel disease burden. In ONDRI, CMB, and superficial siderosis burden are being assessed visually by a highly qualified neuroradiologist (SS). Cerebral microbleeds (CMB) have been shown to reflect perivascular leakage of red blood cells that can be visualized as low signal intensities (hypointense/dark spots) on T2*-weighted gradient-recalled echo (GRE) (Figure 11) and susceptibility weighted imaging (SWI) (77). There are two commonly used methods of assessing CMB burden, the Microbleed Anatomical Rating Scale (MARS) (78) and the Brain Observer MicroBleed Scale (BOMBS) (79) visual rating scales. Previous studies have shown that CMB are associated with an increased risk of stroke, intracerebral hemorrhage, cognitive decline, and dementia (80–84). Differences in anatomical distribution suggest that CMB found in deep centrencephalic brain regions (basal ganglia, thalamus, and brain stem) are more closely related to hypertensive arteriopathy (85), while lobar CMB are more closely associated with CAA and AD pathology (86–89), leading to the development of the Boston criteria for the diagnosis of possible/probable CAA (90, 91).


[image: Figure 11]
FIGURE 11. Axial view of iron-sensitive T2* gradient echo (GRE) with red arrow pointing to cerebral microbleeds visualized as hypointensities (dark).




Chronic Stroke

According to recent estimates, stroke is the 2nd most common cause of death worldwide (92) and the second leading cause of dementia (93). In a 2013 global report, there were ~25.7 million stroke survivors, and 7.5 million deaths from ischemic and hemorrhagic stroke (94). In Canada, ~62,000 people are treated for stroke and transient ischemic attack. In a series of publications, the Heart and Stroke Foundation Canadian Best Practice Committees have been developing various evidence-based recommendations to address issues regarding: telestroke technologies (95); managing transitions of care following stroke (96); mood, cognition, and fatigue following stroke (97); hyperacute stroke care (98); secondary prevention of stroke (99); and stroke during pregnancy (100, 101).

Although the term “stroke” may encompass a wide range of clinical criteria (102), the Vascular Cognitive Impairment (VCI) (18) inclusion-exclusion criteria for ONDRI CVD patients was limited to mild-moderate ischemic stroke patients, defined by a Modified Rankin Scale (MRS) (103) score of 0–3. It is important to note that although there are a number of imaging techniques used to measure acute stroke in the early stages (within a couple of hours of stroke), the MRI methods applied to ONDRI CVD patients are measures of post-stroke lesions, often referred to as chronic stroke, with structural MRI acquired > 3 months post ischemic stroke event.

As there are currently no reliable automatic ways to quantify the range of cortico-subcortical stroke lesions, ONDRI neuroimaging analysts manually delineate the stroke under the direct supervision of a highly experienced research neuroradiologist (FG). This manual delineation is strictly limited to cortical strokes appearing as hyperintense (bright) on FLAIR and hypointense (dark) on T1, although the entire stroke volume often extended into the subcortical regions of the brain (Figure 12). Although this total volume does not separate the hypointense necrotic stroke core from the surrounding partially infarcted hyperintense region indicating varying degrees of gliosis and encephalomalacia, future automatic segmentation techniques are currently being tested in ONDRI to include this sub-segmentation.


[image: Figure 12]
FIGURE 12. Axial view of coregistered structural MRI sequences (left to right): T1, PD, T2, and FLAIR. Images illustrate relative intensity differences of a large cortico-subcortical stroke lesion across various types of MRI. The last pane shows ONDRI's manual segmentation of the entire stroke core and surrounding hyperintense partially infarcted tissue volume in green.





RECOMMENDATIONS FOR REPORTING AND ANALYSIS

Here we provide some general guidelines for reporting and analysis that can be useful for researchers wishing to use ONDRI data.

First and foremost, when reporting data for characterization of the sample being analyzed, we recommend that the original raw volumes are reported in tables for transparency and between-study comparisons; however, statistical analyses should generally be performed on head-size corrected volumes. Head size correction accounts for individual variations in intracranial capacity and sex-related differences in head size (104). Additionally, depending on the research question, the volume of interest (i.e., NAWM, NAGM, CSF, or WMH) could also be reported as a proportion of the total volume within each SABRE region, or they can be reported as a proportion of the total head-size (ST-TIV) for age-independent normalization/correction. The version or date of the data release should also be reported.

There are several ways that WMH can be analyzed and it depends on the research question in mind. The simplest approach is to sum the dWMH and pWMH, which results in a whole brain measure of small vessel disease burden. Regional analyses of WMH can also be performed to assess WMH burden within a SABRE ROI. Additionally, WMH within different ROIs can be combined by simply summing the volumes from different SABRE regions to generate a larger ROI (e.g., sum all pWMH and dWMH volumes within all frontal SABRE brain region parcellations using the Frontal Lobe Codes shown on Table 1).

It is important to note that many measures of cerebral small vessel disease, such as pWMH and dWMH, are typically non-normally distributed (105), often inter-correlated (54), are known to be age-related (106), and commonly associated with vascular risk factors such as hypertension (107). Thus, careful attention to these factors and previous research findings highlight ONDRI's recommendation to consider these additional factors when analyzing imaging-based markers of cerebral small vessel disease. Given the skewed, non-normal distribution of WMH (even after head-size correction), WMH volumes are typically transformed (e.g., log) prior to standard parametric analyses. For this reason, approaches designed to deal with complex distributions should be considered (108).

Since the pipeline automatically segments lesions in the periventricular region from the deep white regions, the lacunar volumes are also provided in this manner. While some future studies may argue a pathophysiological difference between these two locations of lacunar presentation, there are currently limited studies to suggest this anatomical delineation. Given this, we recommend that the two volumes be summed together prior to analysis. Interestingly, lacunes and PVS volumes are not typically head-size corrected in the clinical/scientific literature, however, age, sex, WMH, and a measure of brain atrophy (e.g., BPF or vCSF), and proper accounting of vascular risk are recommended covariates when analyzing lacunes and PVS (109, 110). Note that in many publications, lacunes, and PVS are reported as counts (i.e., number of), because they are often measured using visual rating methods that require the user to count the number of lacunes or PVS observed on an MRI—often leading to wide variations in definitions and conflicting findings in the literature (59, 111). Since the lacunes and PVS in ONDRI are quantified using segmentation based imaging analyses, PVS and lacunar volumes are provided rather than counts.

Finally, any analyses using ONDRI's CVD cohort should consider the common comorbidities of depression, obstructive sleep apnea, and cognitive impairment (112), as well the subcortical silent brain infarcts/lacunes, WMH, and potentially, CMB, which have recently been acknowledged as playing an important role in primary stroke prevention (113).



RESULTS AND CONCLUSION

Of the n = 520 patients with MRI acquired, the ONDRI neuroimaging pipeline was unable to process n = 1 FTD patient due to extreme motion artifact (despite 2 baseline attempts on 2 separate occasions), and n = 6 CVD patients due to poor imaging quality (n = 3 FLAIR not usable, n = 2 T1 not usable, n = 1 PD/T2 not acquired). To illustrate whole brain data extraction volumetric results from this pipeline, neuroimaging summary statistics for each ONDRI disease cohort are summarized on Table 2, and descriptive violin plots showing median and interquartile ranges are provided for whole brain ST-TIV, NAGM, NAWM, sCSF, vCSF, pWMH, and dWMH PVS, and LACN are displayed on Figure 13. Stroke volumes were not graphed due to the limited number of ONDRI patients with cortico-subcortical stroke lesions.


[image: Figure 13]
FIGURE 13. Descriptive violin plots of the ONDRI disease cohorts showing median and interquartile range volumetrics for whole brain supratentorial total intracranial volume (ST-TIV), normal appearing gray matter (NAGM), normal appearing white matter (NAWM), sulcal cerebrospinal fluid (sCSF), ventricular CSF (vCSF), MRI-visible enlarged perivascular space (PVS) volumes, periventricular white matter hyperintensities (pWMH), deep WMH (dWMH), and lacunes (LACN).


It is important to note that the details in this manuscript focus on ONDRI's baseline data that will be released in October 2020, the longitudinal follow-up data will be forthcoming.

Additionally, a cohort of cognitively normal older adults recruited from the Brain-Eye Amyloid Memory (BEAM) study (clinicaltrials.gov—NCT02524405) with harmonized neuroimaging, neuropsychology, and data acquisition protocol, will be included in ONDRI for comparative analyses. Participants in BEAM were recruited from five sites (Sunnybrook, Baycrest, CAMH, SMH, and UHN) that also participated in ONDRI.

ONDRI is the first multi-site, multiple assessment platform study examining several neurodegenerative and neurovascular diseases using a harmonized protocol that includes standardized structural neuroimaging. The wide range of complex, and often overlapping, brain pathologies represented in this cohort of neurodegenerative patients included a number of comorbid cerebral small vessel disease markers, cortico-subcortical stroke lesions, combined with focal and global atrophy, posing significant challenges to common imaging analysis tools. In this paper, we presented the neuroimaging pipeline methods implemented in ONDRI that were used to overcome many of these challenges.

To further ensure a high level of data quality, the volumetric data generated by the ONDRI structural neuroimaging team were further subjected to comprehensive quality control analysis pipelines including a novel multivariate outlier detection algorithm developed by the ONDRI neuroinformatics group for identification of anomalous observations (114, 115). Future work will include generating longitudinal measures that will also be made publicly available. As the neuroimaging data are combined with releases from ONDRI's clinical, neuropsychology, genomics, eye tracking, gait and balance, ocular, and neuropathology platforms, it becomes evident that ONDRI is a gold mine of data opening the door to an unprecedented broad range of cross-platform analyses resulting in numerous opportunities for discovery and advances in diagnosis, prognosis, outcomes, and care of neurodegenerative diseases.
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The pathophysiology of myalgic encephalomyelitis/chronic fatigue syndrome (ME/CFS) is unknown. In this study, we test the hypothesis that hypermobility, signs of intracranial hypertension (IH), and craniocervical obstructions may be overrepresented in patients with ME/CFS and thereby explain many of the symptoms. Our study is a retrospective, cross-sectional study, performed at a specialist clinic for referred patients with severe ME/CFS as defined by the Canada Consensus Criteria. The first 272 patients with ME/CFS were invited to participate, and 229 who provided prompt informed consent were included. Hypermobility was assessed using the Beighton Score. IH was assessed indirectly by the quotient of the optic nerve sheet diameter (ONSD)/eyeball transverse diameter on both sides as measured on magnetic resonance imaging (MRI) of the brain. We also included assessment of cerebellar tonsil position in relation to the McRae line, indicating foramen magnum. Craniocervical obstructions were assessed on MRI of the cervical spine. Allodynia was assessed by quantitative sensory testing (QST) for pain in the 18 areas indicative of fibromyalgia syndrome (FMS). A total of 190 women, mean age 45 years, and 39 males, mean age 44 years, were included. Hypermobility was identified in 115 (50%) participants. MRI of the brain was performed on 205 participants of whom 112 (55%) had an increased ONSD and 171 (83%) had signs of possible IH, including 65 (32%) who had values indicating more severe states of IH. Cerebellar tonsils protruding under the McRae line into the foramen magnum were identified in 115 (56%) of the participants. MRI of the cervical spine was performed on 125 participants of whom 100 (80%) had craniocervical obstructions. Pain at harmless pressure, allodynia, was found in 96% of the participants, and FMS was present in 173 participants or 76%. Compared to a general population, we found a large overrepresentation of hypermobility, signs of IH, and craniocervical obstructions. Our hypothesis was strengthened for future studies on the possible relation between ME/CFS symptoms and hypermobility, IH, and craniocervical obstructions in a portion of patients with ME/CFS. If our findings are confirmed, new diagnostic and therapeutic approaches to this widespread neurological syndrome should be considered.
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INTRODUCTION

Myalgic encephalomyelitis/chronic fatigue syndrome (ME/CFS) is characterized by severe unmitigable fatigue, post-exertional malaise (PEM), pain, and neurological and immunological dysfunction as noted in the Canada Consensus Criteria (CCC) for ME/CFS from 2003 (1).

The true prevalence of ME/CFS is unknown although previous international studies provide estimates of 0.2 to 1.6% (2). ME/CFS is more common in women aged 30–39 years. The disorder results in large costs of treating and managing this syndrome, which are estimated to exceed $20 billion annually in United States alone (3). The pathophysiological origins of ME/CFS remain unclear. Since the 1960s, a multitude of hypotheses of causality have been proposed, most of which explain disease origins with an infection. A number of bacteria and viruses have been proposed as ME/CFS-causative although there remains no broad consensus (4). The World Health Organization now classifies ME/CFS as a neurological disease of postviral origin (G93.3) (5).

At the request of the Stockholm Region County Council, we started an ME/CFS specialty clinic in 2017 aimed at ME/CFS diagnosis, treatment, and research. Using an extensive neurological protocol, we found that patients frequently had clinical findings including hypermobility and central nervous system (CNS) pathologies, including magnetic resonance imaging (MRI) findings in the brain and the craniocervical region. Thus, we hypothesize that hypermobility and craniocervical obstruction are overrepresented in patients with ME/CFS and that a large portion of these patients may have a degree of intracranial hypertension (IH), which may explain many of the ME/CFS symptoms. To our knowledge, this is the first study of ME/CFS focusing on a possible mechanical pathophysiology.



METHODS


Study Design and Participants

This study is a retrospective cross-sectional study of consecutive patients referred to our open care specialty ME/CFS clinic. Ethical approval was granted by the Swedish Ethical Review Authority (nr. 2019-01566).

At the start of the study, 620 patients had been referred to our clinic, of whom 272 were diagnosed with ME according to the CCC (ICD G93.3). Each of these patients was asked via a letter to participate in the study, and 229 who provided informed consent to participate within 6 weeks were included. Data were extracted from patients' medical records.



Hypermobility and Neurological Assessment

Hypermobility was assessed using nine tests to create a Beighton Score (from 0 to 9) with five or more indicating hypermobility (6). General joint hypermobility according to cutoff values stated by Singh was identified (7). Neurological assessment was done using discomfort drawings and quantitative sensory testing (QST). Discomfort drawings were assessed for pattern of neuropathic pain and pattern of widespread pain (7). QST was performed using an electronic device, the Somedic® algometer, to establish the threshold for skin pressure pain. The pressure was gradually increased with a 1 cm2 surface area probe at stipulated areas in all four body quadrants. The pain thresholds for pressure were measured at 18 locations according to the 1990 ACR protocol, and participants with 11 or more stipulated areas with pain threshold values under the normal 400 kPa/cm2 met criteria for fibromyalgia syndrome (FMS) (8). The number of pain threshold measurements from 1 to 399 kPa/cm2 and from 1 to 199 kPa/cm2 were recorded. The criteria for FMS was evaluated for all participants and required tenderness on pressure (tender points) in at least 11 of 18 specified sites and the presence of widespread pain for more than 6 months for diagnosis. Widespread pain is defined as axial pain, left- and right-sided pain, and upper and lower segment pain.



MRI of the Brain

MRI scans of the brain were offered to all participants. MRIs were conducted in different labs and included T1- or T2-weighted scans with or without fluid-attenuated inversion recovery (FLAIR) with a section thickness of 3 mm. Scans were assessed by an experienced radiologist through the Regions MRI database, using Sectra® software, which offers built-in measurement tools. An interrater reliability (IRR) study of the MRI assessments was performed on 100 randomized participants for whom the radiologist assessments were compared to those made by a resident physician and a medical student.

The eyeball transverse diameter (ETD) was measured on axial sections of T2-weighted images. This was measured in the posterior chamber at the largest diameter of the retina's inner edges from left to right. The optic nerve sheath diameter (ONSD) was measured on the same axial T2 sections 3 mm from the midline of the optic nerve's inner limit to the posterior chamber along its axis. If the measurement did not allow a precision of 1/10 mm due to low resolution, the distance was appreciated to 1/10 mm from the external margins of the thick optic sheath layers covering the optic nerve (Figure 1). The range for normal ONSD is 4.8–5.8 mm, and a value of >5.8 mm corresponds to an elevated CSF pressure (>25 mm Hg) indicating IH (9). The ONSD/ETD ratio has a normal value of 0.19 ± 0.02, and values > 0.25 are related to IH with severe symptoms (10, 11).


[image: Figure 1]
FIGURE 1. MRI scan demonstrating eyeball transverse diameter and optic nerve sheath diameter measurements, which, in this case, indicates abnormal widening.


The foramen magnum was identified and measured on a midsagittal slice on T1-weighted scans. Distances were measured by the length of a line (McRae line) drawn on a sagittal skull radiograph joining the basion and opisthion as described by FW Smith (Figure 2A) (9). The position of the cerebellar tonsils and, if so, degree of herniation were measured as the distance from the McRae line to the most inferior point of the tonsil on frontal or sagittal projections on T1- or T2-weighted MRI scans (Figure 2B).


[image: Figure 2]
FIGURE 2. (A) A case featuring a right-sided, low-lying cerebellar tonsil; (B) The axial projection position.


The clivo-axial angle (CXA) was measured on a midline sagittal slice on T1-weighted scans. A straight line was drawn along the caudal edge of the clivus bone, and a second was drawn by extending a straight line along the posterior axial line from the base of the axis to the dens. The angle at the intersection of these two lines was then measured. A CXA of <150° was considered abnormal as stated by Henderson et al., who in 2018 reported a growing recognition of the relationship between a kyphotic CXA and the risk of brainstem deformity and craniocervical instability (10).

All variables were recorded and rounded to the nearest millimeter except the CXA, which was measured in degrees.



MRI of the Cervical Spine

When clinical findings were suggestive of cervical spine pathology, an MRI from C1 to T2 was ordered in cases lacking recent imaging. MRI scans of the cervical spine were acquired and assessed using the same labs and machines as used for MRI of the brain. Spondylolisthesis (forward or backward slipping of a vertebral body), osteophytes (bone formations that may obstruct nerve and other soft tissue passages), spinal cysts, and syringomyelia were noted regardless of segment or severity. Spinal cord compression due to bulging or herniated discs or bones impinging upon the medulla spinalis was noted on axial and sagittal sections. The level of most prominent reduction of space in the spinal cord was noted as well as the degree of reduction. The area immediately above and below the most reduced area was compared to the area in which the most prominent reduction was located. All areas were measured in mm2, and the difference was then calculated as a percentage of reduction compared with the closest normal segments. Correlation between the degree of joint hypermobility and the ONSD/ETD ratio as a marker for IH was calculated.




RESULTS


Characteristics of the Participants

There was a skewed sex distribution among the participants with 83% being women. The mean age of the 190 female participants was 45 years and, for the 39 men, 44 years (range 17–75 years). The mean body mass index (BMI) of participants was 25.1 for women and 24.9 for men. A BMI > 25 was noted in 101 (44%) participants, and a BMI > 30 was noted in 34 participants (15%).

The mean duration of ME-related symptoms was approximately 9 ± 8 years. We could assess earlier care contacts through our regional common medical record system for 198 participants. The mean number of contacts with the health care system during the last 5 years was 90. The mean number of diagnoses that participants had received over the last 5 years included 20 somatic diagnoses and three psychiatric diagnoses. A total of 150 (76%) participants had received at least one psychiatric diagnosis. The diagnosis of FMS had been given to 31 participants (16%). There were 48 participants (25%) who had received an ME/CFS diagnosis before first admission to the clinic.

The prevalence of permanent sick leave was 39% and, together with other forms of social welfare, 57% of the participants had their income covered by social insurance, 10% had no income at all, and 25% still worked to some degree. The education level was high as 40% of participants had previous or actual work with an academic background, and 10% had blue-collar work.



Hypermobility and Neurological Assessments

General joint hypermobility was identified in 115 participants or 50% (Table 1). A total of 93 participants (41%) had Beighton scores of >4 points. A diagnosis of hEDS when criteria other than hypermobility are considered had been given earlier or after admission to 44 participants (20%).


Table 1. Prevalence of general hypermobility in different groups with cutoff values according to Singh (7).
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Assessment of pain drawings could be made in all but four participants, and 192 or 85% marked pain in all four body quadrants—that is, widespread pain.

Allodynia criteria, defined as pain at harmless pressure, were met in 219 participants (96%) with 153 (67%) having >11 painful areas with a limit of 200 kpa/cm2, that is, half the criteria limit for FMS. The criteria for FMS were met in 173 of our 229 participants, that is, in 76%.



MRI of the Brain

MRI exams of the brain were performed on 205 (90%) participants. Twenty-four participants did not undergo a brain MRI scan due to claustrophobia or other contraindications. The exams were performed within 6 months before or after the first visit to the clinic in 171 participants (84%). Examiner IRRs ranged between 0.77 and 0.88 for the assessment of ONSD, ETD, tonsil position, and craniocervical obstructions.

ONSD had a mean of 5.64 ± 0.67, and values >5.8 mm were found bilaterally in 61 participants and unilaterally in 51 participants, that is, all together in 55% of the participants. ETD had a mean value of 23.5 ± 1.1 mm bilaterally. The mean ONSD/ETD was 0.24 ± 0.03 and a value >0.22 on either side was found in 171 of our participants (83%). An ONSD/ETD larger than 0.25 was identified in 87 participants (42%).

The position of the cerebellar tonsils under the McRae line of the cerebellar tonsils had a mean value of 0.80 ± 2.95 mm. Negative values indicate a position above the McRae line, and positive values represent a position below the line (Table 2).


Table 2. The position of the cerebellar tonsils in relation to the McRae line as measured on MRI scans of the brain in participants with ME/CFS (n = 205) and in the general population.
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The mean CXA was 148° ± 10°, and 114 participants (56%) had a CXA of <150°.



MRI of the Cervical Spine

An MRI scan of the cervical spine was or had been performed in 125 participants (55%).

Spondylolisthesis was identified in eight (6%) and osteophytes in 11 (9%) participants. Spinal cysts or syrinxes were not identified in any scan. Obstructions of different varieties were present in 100 participants (80%). More than one segment of C1–T2 was obstructed in 80 participants (64%). Spinal cord compressions were most frequent at C5–C6 (53%) and C6–C7 (28%). The age distribution and findings of obstructions is presented in Table 3.


Table 3. Findings of obstructions in the cervical spine on MRI scan of the cervical spine. Number of participants.
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DISCUSSION

Our hypothesis that general joint hypermobility and craniocervical obstructions is overrepresented in patients with ME/CFS and that many of these patients may have a degree of IH was supported by our findings outlined above. Based on these findings, we propose that joint hypermobility and craniocervical obstructions may be one pathway to develop ME/CFS. ME/CFS as defined by the large CCC umbrella may include subgroups with infectious, immunological, traumatic, and craniocervical origins. The complexity of ME/CFS and the difficulty faced in diagnosing this syndrome is reflected by the numerous healthcare contacts with 90 visits in the last 5 years although the mean in the general population, including those with chronic diseases, is <30. The many diagnoses our participants had encountered prior to admission at our clinic is also conspicuous.

Joint hypermobility was overrepresented in our study as 49% of the participants with ME/CFS had a Beighton score >4 compared to 3% in the general population (6). To discriminate between ME/CFS and Ehlers Danlos syndrome hypermobility type (hEDS), other features were also considered, including overly relaxed skin, a history of joint displacements, bruising, and a family history including or typical for hEDS. A Beighton score cutoff value for hEDS is 5 or more. The diagnosis of hEDS was made or confirmed by the physicians at the clinic, specialists who are experienced in pain medicine. Unfortunately, the genetic clinic in the region does not accept referrals for hEDS without suspicion of the vascular type of EDS, and there is no available specific biomarker to confirm the diagnosis of hEDS. A diagnosis of hEDS was present in 20% of our study population, and the prevalence in the general population is <1% (11). Such an overrepresentation of connective tissue disorders, such as hEDS, has, to the best of our knowledge, not been previously described in a large adult ME/CFS cohort. However, the comorbidity between hEDS and ME/CFS has been proposed in many reviews and shown in a cohort of 68 children and controls previously (14). Furthermore, numerous neurological and spinal manifestations of hEDS are known, giving symptoms similar to those in ME/CFS (15).

ONSD and the ONSD/ETD ratios are related to IH. Our results indicate that IH may contribute to ME/CFS symptoms (Table 4). ONSD ratios indicating IH were significantly more common in our study cohort compared to that of the healthy adult population as described in a study by Kim et al. of 314 individuals (16). ONSD values of >5.8 mm, indicating IH, were found in a majority of our participants. However, when we calculated ONSD/ETD ratios, which are considered a more adequate predictor of IH than ONSD as they eliminate body-size-related variability, 171 participants (83%) had ratios >0.22. ONSD/ETD ratios >0.22 has been found in 5% of the normal population (16). The ratio has a small variation as the normal value is 0.19 ± 0.02. In our population, 65 participants (32%) had an ONSD/ETD ratio >0.25, indicating a considerable and significant difference. In a study of 1,766 participants with either IH or intracranial hypotension, an ONSD/ETD ratio of 0.29 ± 0.04 was used as an indicator of significantly elevated intracranial pressure (17) although 0.25 was correlated to IH in a separate study of patients who underwent surgery for vascular infarctions (18). This suggests that a portion of patients with ME/CFS may have more harmful intracranial pressure.


Table 4. A comparison of our study population (n = 205) and a healthy reference population (n = 314) for optic nerve sheath diameter and eyeball transverse diameter as assessed by MRI scan of the brain.
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Low cerebellar tonsils that protrude into the foramen magnum may obstruct the flow of CSF and indirectly cause IH. The limit for what is considered a low position of cerebellar tonsils varies between investigators, and most argue that a position >5 mm below the McRae line bilaterally should be considered a Chiari 1 malformation. That criteria was fulfilled by 3.4% of our participants as compared to prevalence in a normal population, which is estimated to be 0.3–1%, indicating at least a three-fold higher prevalence in our participants with ME/CFS (12). Others have used a definition for Chiari 1 malformation when the position of the tonsils are >3 mm below the McRae line, which occurred in 4% of patients referred for MRI for different diagnosis in a retrospective study of 2,480 MRI scans (19). Normal values vary with age and sex, and the position of the cerebellar tonsils rises with age due to general cerebral atrophy (12). Only a fraction (11%) of our participants with ME/CFS had a normal cerebellar tonsil position well above the McRae line. Symptom onset in our study population was greater in the 25–45 age range, when symptoms of Chiari syndrome usually also first present (20).

Interestingly, a high proportion of our participants with ME/CFS exhibited signs of IH, and the criteria for ME/CFS include many symptoms similar to those of IH, including cognitive dysfunction, headache, dizziness, and pain. We contend that IH symptoms should not exclude patients from being evaluated for and potentially diagnosed with ME/CFS. A connection between ME/CFS and IH has previously been suggested by Higgins 2017 (21). In Higgins' study, 5 out of 20 patients with ME/CFS also had increased CSF pressure, >20 cm H2O.

Also interesting is that 173 or 76% of participants had concomitant FMS. The prevalence of allodynia was even higher at 96%. This finding, characteristic of widespread sensitization, is a strong argument for CNS engagement in ME/CFS. A shared pathophysiology between ME/CFS, IH, and FMS has also been hypothesized by Hulens (22). Other criteria for FMS are illness of more than 3 months and pain in all four body quadrants. As all participants had a pain duration of more than 6 months, which is a criterion for referral to the clinic, and the majority also fulfilled the criteria of pain distribution, FMS seems to be a very common comorbidity even if that diagnosis only had been given to 25% of the participants prior to admission.

The correlation between the degree of joint hypermobility and the ONSD/ETD ratio as a marker for IH was very weak. There might be unknown confounders, or both IH and joint hypermobility can contribute to ME/CFS symptomatology independently.

Craniocervical obstructions were frequent in our study sample. Most of these were disc bulges and hernias, which were found in 80% of participants who underwent MRI of the cervical spine. These kinds of obstructions are increasingly frequent with increased age and may be asymptomatic. However, our study population was relatively young with a mean age of 45 years. One of the surprisingly few studies on the normal prevalence of craniocervical obstructions is the still often cited work by Boden from 1990, in which 63 asymptomatic volunteers participated (23). Of the 40 participants with age <40 years, four participants or 10% had disc bulging or hernias; of the 23 participants with age >40 years, two participants or 9% had such findings. If we presume that all of our participants without a present MRI scan are free from findings of obstruction of this kind (which gives an underestimate of the true obstruction prevalence in our sample), we still find a significant overrepresentation compared with the groups in Boden's study. The prevalence of cervical hernias or disc bulging in our study with this presumption is 35% with such findings in 28 of altogether 79 participants <40 years of age. In the group >40 years of age, we find such obstructions in 48%, that is, in 72 of altogether 150 participants. Comparing these prevalence's with Boden's study using a Chi-square test shows a significant overrepresentation of craniocervical obstructions in our study, both in the age group <40 years (p = 0.003) and in those >40 years (p = 0.004).

In the Wakayama Spine Study, a more recent study on spine pathology from 2014, Teraguchi and others studied the prevalence of spine disc degeneration grade 3–4 in the whole spine of 975 Japanese volunteers from the general population (24). The findings in that study correspond well to the craniocervical obstructions we observe as disc bulging or disc hernia. The Wakayama cohort is interesting as also patients with different symptoms were recruited, for example, 25% reported neck pain. It should, therefore, reflect the general population rather than the healthy population. This Wakayama Spine Study makes it possible to also compare prevalence of craniocervical obstructions in both males and females. In ME/CFS, there is an overrepresentation of women, and the relatively small number of men in our study does not justify proper statistical evaluation of differences in prevalence. However, for females and the cohort as a whole, we found a significantly higher proportion of craniocervical obstructions, in particular, among females younger than 50 years of age (p < 0.01). In our cohort, 25 participants had no cervical obstructions and 100 had. In the Wakayama study, 367 participants had no cervical obstructions, and 608 had. The difference is significant with p < 0.01 using Fisher exact test. See Table 5.


Table 5. MRI findings of craniocervical obstructions with comparison to the Wakayama spine study by Teraguchi et al. (24).
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Craniocervical obstructions causing changed CSF flow and neuronal dysfunction have been proposed as a possible vehicle to develop ME/CFS symptoms. In a recent study from Johns Hopkins University, three patients with cervical spinal stenosis and ME/CFS who underwent decompressive spine surgery were considerably improved and relieved from ME/CFS symptoms (25). Another common observation in patients with ME/CFS is that they find relief from nausea, vertigo, and pain symptoms in a supine position. This observation prompts the hypothesis that an upright position may alter CSF and blood flow in the craniocervical area due to the weight of the head compressing cervical segments and gravity pulling cerebellar tonsils caudally/into the foramen magnum. This hypothesis is supported by a pilot study by Freeman et al. on 1,200 patients with neck pain in which they found that both cervical spine obstructions and tonsil position were more prominent in MRI exams conducted in the upright position (9). Consequently, in a future study, patients with ME/CFS should be examined with upright MRI of the craniocervical area and compared with the standard supine MRI.

Several limitations may be noted in our study. First, our patient cohort may differ from what is seen in other clinics as referral to our clinic requires that patients have severe symptoms indicating ME/CFS. Second, the CCC are inclusive and may not discriminate sufficiently between other disorders, such as idiopathic intracranial hypertension (26). Third, MRI assessments were done by a single radiologist and, thus, not confirmed. However, we made an IRR assessment between the radiologist, a resident physician, and a medical student, and we found good-to-excellent reliability for most assessments. Fourth, we did not perform a direct measurement of IH as this would have required the use of invasive methods. However, measuring ONSD is considered a reliable method for indirectly measuring IH and corresponds to directly measured intracranial pressure (17).

Neuroinflammation of the CNS is a proposed consequence of craniocervical obstructions and IH. This idea was recently raised by articles on ME/CFS and IH (24, 25). Other mechanisms that may cause neuroinflammation in the CNS are also possible. For instance, the “glymphatic system,” a functional metabolic waste clearance system that engages the CNS, can contribute to IH, and obstructions or flow disturbances can compromise the glymphatic system (27). Komaroff recently expressed this view of ME/CFS pathophysiology (3). We have no ground to say that cervical obstructions cause neuroinflammation and ME/CFS; however, our observation that craniocervical obstructions were very frequent in our population of patients with ME/CFS prompts a question: Is there a substantial subgroup of patients, worldwide, with ME/CFS for whom findings of craniocervical obstructions are signs of undetected IH?

Findings and symptoms from the head and neck region, shoulder, and arms should not be seen only as common complaints among patients with ME/CFS. Rather, as relevant information for future studies to evaluate a possible correlation between craniocervical obstructions, IH, ME/CFS, and neuroinflammation of the CNS. Future studies may also consider a common pathological pathway between ME/CFS and FMS.



CONCLUSIONS

In this relatively large novel study on symptoms and signs of IH, hypermobility and craniocervical obstructions in patients with ME/CFS we found to have a significant overrepresentation in our cohort compared to the general population. These signs might explain some of the major clinical symptoms and signs of ME/CFS, such as brain fog, fatigue, orthostatic intolerance, PEM, preference for the supine position, widespread pain, CNS neuroinflammation, immunological reactivity, and autoimmunity mechanisms. If our findings are further validated, a paradigm shift in the diagnostic methods and treatments for patients with ME/CFS may occur.
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Background: The degenerative pattern of white matter (WM) microstructures during Alzheimer's disease (AD) and its relationship with cognitive function have not yet been clarified. The present research aimed to explore the alterations of the WM microstructure and its impact on amnestic mild cognitive (aMCI) and AD patients. Mechanical learning methods were used to explore the validity of WM microstructure lesions on the classification in AD spectrum disease.

Methods: Neuropsychological data and diffusion tensor imaging (DTI) images were collected from 28 AD subjects, 31 aMCI subjects, and 27 normal controls (NC). Tract-based spatial statistics (TBSS) were used to extract diffusion parameters in WM tracts. We performed ANOVA analysis to compare diffusion parameters and clinical features among the three groups. Partial correlation analysis was used to explore the relationship between diffusion metrics and cognitive functions controlling for age, gender, and years of education. Additionally, we performed the support vector machine (SVM) classification to determine the discriminative ability of DTI metrics in the differentiation of aMCI and AD patients from controls.

Results: As compared to controls or aMCI patients, AD patients displayed widespread WM lesions, including in the inferior longitudinal fasciculus, inferior fronto-occipital fasciculi, and superior longitudinal fasciculus. Significant correlations between fractional anisotropy (FA), mean diffusivity (MD), and radial diffusion (RD) of the long longitudinal tract and memory deficits were found in aMCI and AD groups, respectively. Furthermore, through SVM classification, we found DTI indicators generated by FA and MD parameters can effectively distinguish AD patients from the control group with accuracy rates of up to 89 and 85%, respectively.

Conclusion: The WM microstructure is extensively disrupted in AD patients, and the WM integrity of the long longitudinal tract is closely related to memory, which would hold potential value for monitoring the progression of AD. The method of classification based on SVM and WM damage features may be objectively helpful to the classification of AD diseases.

Keywords: Alzheimer's disease, white matter damage, cognitive impairment, diffusion tensor imaging, support vector machine


INTRODUCTION

Alzheimer's disease (AD) is a chronic neurodegenerative disease characterized by progressive cognitive decline in multiple domains, including memory, language, executive function, and attention. AD accounts for 60–70% of the ~47.5 million dementia cases worldwide (1), exerting huge distress to patients and their families, as well as an extraordinary financial burden. Amnesic mild cognitive impairment (aMCI) is a prodromal stage of dementia, between normal aging and very early dementia, of which 10–15% progress to AD annually (2). Since there is no cure for AD, there is a great need for monitoring markers in the earlier phase of the disease.

The etiology and pathogenesis of AD are still unsolved. Gray matter neurodegeneration theory has attracted the most attention, particularly the decrease of hippocampal volume (3). Recently, however, there has been an increasing interest in the potential contributions of white matter (WM) integrity damage to the pathogenesis of AD (4, 5). Evidence from the autosomal-dominant AD revealed that WM hyperintensities were a core feature in the process of AD, which can impair cognition either directly, or indirectly by interacting with tau pathology (6, 7). Moreover, the tract-specific WM hyperintensities volume rate was negatively associated with the functional connection in the corresponding connected brain regions (8). The gradual loss of morphological and functional integrity of cortico-cortical pathways [e.g., corpus callosum (CC), inferior fronto-occipital fasciculi (IFOF), superior longitudinal fasciculi (SLF), and inferior longitudinal fasciculi (IFL)] and limbic pathways (e.g., fornix and cingulum) were dominant features accompanied with AD pathogenesis (9). To our knowledge, few studies have investigated the role of cortico-cortical WM integrity on memory processes in patients with aMCI or AD.

Diffusion tensor imaging (DTI) provides an indirect method of detecting a neuroanatomical structure on a microscopic level using water molecules' degree of anisotropy and structural orientation within a voxel (10), which is sensitive to the alterations in the WM structure such as myelin loss, axonal injury, cell death, and edema (11). The parameter of fractional anisotropy (FA) reflects the integrity of the axon. Decreased FA values indicate axonal damage. Mean diffusivity (MD) indicates the rate of molecular diffusion, which increases along with the WM injury (10, 12, 13). Axial diffusion (AxD) reflects the diffusion of water molecules parallel to the axon direction. The radial diffusion (RD) reflects the diffusion of water molecules perpendicular to the axon direction.

Region of interest (ROI) based analysis, voxel-based analysis (VBA), and tract-based spatial statistics (TBSS) are all methods widely used in DTI studies (10). ROI-based methods are highly subjective and only focuses on a certain fiber bundle or a few fiber bundles. Due to requiring a prior assumption, describing the intrinsic WM lesions with ROI-based methods are difficult and may result in poor repeatability. Meanwhile, the VBA method also exhibits some problems, such as registration irregularity and smooth kernel selection (14). Superior to ROI and VBA, TBSS analyzes WM lesions using standard registration algorithms, which do not require prior assumptions, smoothness, or data distribution (14, 15).

The support vector machine (SVM) approach represents a data-driven method for solving classification tasks (16). This approach for neuroimaging data has been widely applied to diagnose individual-level patients. Compared to classifiers based on other methods like decision trees and artificial neural networks, SVM has certain advantages such as high accuracy, avoids less overfitting, and direct geometric interpretation (16). Several studies have used the SVM to classify AD and healthy control based on the features screened from structural MRI (17, 18). The results have shown a high performance with accuracy of up to 92.48%. Until now, few studies have focused on the classification effect based on information from DTI data in the AD spectrum. Therefore, our study aimed to explore the pattern of WM microstructure changes in AD-spectrum patients using the TBSS method. Moreover, SVM was performed to determine the discriminative ability of these DTI metrics in separating aMCI and AD from controls.



MATERIALS AND METHODS


Participants

Overall, 78 right-handed subjects were recruited from the Neurological Department of Nanjing Drum Tower Hospital from September 2016 to December 2018. Among them, 20 subjects were AD patients, 31 subjects were aMCI patients, and 27 subjects were healthy elderly controls. The research protocol received approval from the ethics committees of the Affiliated Drum Tower Hospital of Nanjing University Medical School (clinical trials government identifier: NCT01364246), and each participant provided written informed consent before the experiment. A series of standardized clinical evaluations were arranged, including an interview to obtain medical records, a detailed neuropsychological test battery, a whole-brain 3.0T MRI scan, a general medical examination, and an integrated neurological examination which was implemented by an experienced neurologist (Dr. Zhao).

The clinical diagnosis of aMCI was based on the recommendations of previous studies (19–21), which were as follows: (1) chief complaint of memory impairment, corroborated by the subject and/or an informant; (2) objective impaired memory function documented by an auditory verbal learning test—Huashan 20-min delayed recall (AVLT-DR) score ≤ 1.5 SD of age and education adjusted norms; clinical dementia rating scale—sum of the boxes (CDR-SB) score = 0.5 (with a score of at least 0.5 on the memory domain); (3) normal general cognitive functions evaluated by a mini-mental state examination (MMSE) score ≥24; (4) preserved basic activities of daily living or minimal impairment in complex instrumental functions; (5) not diagnosed with dementia. Patients with AD met the National Institute of Neurological and Communicative Disorders and Stroke and the Alzheimer's Disease and Related Disorders Association (NINCDS-ADDRA) criteria for probable AD (22). The criteria for NC participants were as follows: (1) no concerns of cognitive impairment; (2) normal in the neurological examination and cerebral MRI scan; (3) MMSE scores ≥28, Montreal cognitive assessment (MoCA) scores ≥25, CDR scores = 0, and other scores of neuropsychological battery (as described in Part 2.2) within the normal range.

The exclusion criteria applied to all subjects were as follows: (1) vascular cognitive impairment (Hachinski Ischemic Scale score > 4 points), or other types of dementia; (2) depression or other mental disorders, or a history of drug or alcohol addiction; (3) other central nervous system diseases that impact cognitive decline (e.g., epilepsy, Parkinson's disease, or encephalitis) or systemic diseases that interfere with cognitive function (e.g., thyroid dysfunctions, vitamin b12 or folacin deficiency); (4) severe end-stage disease or severe diseases in acute stages; (5) visible WM hyperintensities higher than Fazekas I grade (23); (6) any contraindication for MRI or poor images quality; (7) <6 years of education.



Neuropsychological Evaluation

A standardized neuropsychological test battery was performed by a professional neuropsychologist who was blinded to the MR imaging results. The Chinese version of the MMSE, the Beijing version of MoCA (24), and CDR (25) scores were used for general cognitive screening. Depression was assessed by the Hamilton depression rating scale (HAMD). Daily life ability was assessed by the activities of daily living scale (ADL). Memory was assessed using the AVLT-DR test and auditory verbal learning test recognition (AVLT-R) (20). The animal fluency test (AFT) and Boston naming test (BNT) were used for language domain assessment. Executive function was evaluated using the trail making test B (TMT-B) and the Stroop-C test. Processing speed was assessed using the trail making test A (TMT-A) and the Stroop-B test. The raw scores of AFT, BNT, TMT-B, Stroop-C, TMT-A, and Stroop-B were transformed to a Z standardization value by the following rule: standardized language (Z-lang) = (Z-AFT+Z-BNT)/2; standardized executive function (Z-EF) = (Z-TMT-B+Z-Stroop-C)/2; standardized processing speed scores (Z-proc) = (Z-TMT-A+Z-Stroop-B)/2. Due to severe dementia, some patients in the AD group failed to complete the TMT test within 10 min, which resulted in missing data.



MRI Data Acquisition

Whole-brain MRI scanning was performed on a 3.0 T scanner (Achieva 3.0 T TX, Philips Medical Systems, the Netherlands, equipped with an 8-channel head coil). During scanning, cushions and headphones were used to immobilize the subject's head and reduce scanner noise. The conventional three-dimensional T1-weighted acquisition was performed for anatomical reference, using magnetization-prepared rapid gradient-echo sequence with the following parameters: repetition time (TR)/echo time (TE) = 9.8/4.6 Ms, flip angle (FA) = 8°, in-plane resolution = 1.0 mm2, field of view (FOV) = 256 × 256 mm, matrix = 256 × 256, and 192 sagittal slices, slice thickness = 1 mm. Diffusion-weighted images were acquired using a spin-echo planar imaging (EPI) sequence (TR/TE = 9,154 /5 ms, FOV = 224 × 224 mm, matrix size 112 × 112, voxel size 2 × 2 × 2 mm3, slice thickness = 2.5 mm) with both 32-directional diffusion encoding (b = 1,000 s/mm2 for each direction) and no diffusion encoding (b = 0 s/mm2). In addition, fluid-attenuated inversion recovery (FLAIR) sequence images were collected to exclude organic physical illness or WM hyperintensity lesions and were obtained with the following parameters: TR/TE = 4,500/344 ms, FA = 90°, matrix = 272 × 272, slice thickness = 1.0 mm, slice number = 200.



Image Preprocessing and TBSS

Before any pre-process procedures, visual inspection was conducted for all images' artifact, signal-noise ratio, and head motion for quality control. The imaging data were preprocessed using the FSL toolbox (http://fsl.fmrib.ox.ac.uk/fsl/fslwiki) (26, 27). Preprocessing steps comprised of the following: (1) NIFTI format images were converted from the DICOM format; (2) corrected for head motion and eddy current distortions using affine registration in Eddy Current Correction; (3) non-brain voxels were extracted using the Brain Extraction Tool (28) (included in the FSL package) with an extraction factor of 0.2 to generate a binary brain mask; (4) voxel-wise diffusion parameters, including FA, MD, RD, and AxD were then calculated using DTIFIT. All individual FA, MD, RD, and AxD images were performed using TBSS in the FMRIB software library (http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/TBSS/UserGuider). Detailed methods were introduced in the article by Smith et al. (14). The main steps were as follows: (1) each individual original FA map was aligned to a target FMRIB58_ FA template in the MNI space using fully non-linear registrations; (2) all co-registered FA maps were averaged to produce a mean FA image and a mean FA skeleton which represents the centers of all tracts common to the group (using a threshold of mean FA at 0.2 to include non-skeleton voxels); (3) individually aligned FA images were projected onto the mean FA skeleton; (4) the resulting skeletonized FA images were used for voxel-wise cross-subject statistical analysis. Diffusivity maps for MD, RD, and AxD were generated by applying the same steps outlined above.



Support Vector Machine-Based Classification

SVM has been extensively applied in disease classification. Generally, the SVM procedure involves three stages: feature selection, classifier training, and predication. SVM starts with the feature selection as the basis for classification to form a high dimensional space. Then SVM conducts the classifier training to construct a hyperplane that optimally separates the classes. Lastly, the classifier is used to predict the class label when a new sample is added to the classifier. The validation testing and training dataset is completely independent. In this study, the SVM analysis was performed based on the combined mean FA and mean MD values of clusters which showed significant group differences using the LIBSVM toolkit (https://www.csie.ntu.edu.tw/~cjlin/libsvm/). Due to the small sample size, we used the leave one out cross-validation (LOOCV) test to evaluate the average discriminant accuracy among the three groups. This strategy provides an optimistic estimation of accuracy since only one subject is left out for testing while the others are used to train the classifier and get the optimal parameters, just as mentioned in Weikai et al.'s research (29, 30). The performance of a classifier can also be quantified using sensitivity, specificity, and the area under the receiver operating characteristic curve (ROC) according to the results of cross-validation.



Statistical Analysis

Voxel-wise statistical analysis of FA, MD, RD, and AxD maps was conducted using randomize (part of FSL toolbox), a non-parametric permutation program inference on statistic maps when the null distribution is ambiguous. A standard general linear model (GLM) design matrix was applied across all subjects to identify the significant regions among three groups with age, gender, and years of education controlled as possible confounding variables. Random permutations were 5000, P < 0.01, using threshold-free cluster enhancement (TFCE) for multiple comparison corrections. Mean FA, MD, RD, and AxD values of significant clusters on each tract (anatomical locations of the significant clusters were defined by ICBM-DTI-81 white-matter labels atlas and JHU white-matter tractography atlas) were extracted based on the fslstats command. The following WM tracts were discussed in our present research: anterior thalamic radiation (ATR); corticospinal tract (CST); cingulum of the cingulate gyrus (Ccing); cingulum of the hippocampus (Chippo); forceps major (for ma); forceps minor (for mi); IFOF; IFL; SLF; uncinate fasciculus (UF); superior longitudinal fasciculus-temporal part (SLFt); and CC. Mean FA, MD, RD, and AxD values of each significant cluster were analyzed using ANOVA and post-hoc analyses (using the Bonferroni correction).

Statistical analysis of demographic, clinical variables, and neuropsychological scores was all performed using SPSS version 20 (SPSS, Chicago, IL, U.S.A). Continuous variables were tested by one-way ANOVA (LSD for post-hoc analysis) or a Kruskal–Wallis test (non-normally distributed variables). Categorical variables were compared using the Chi-squared test or Fisher's exact test. Partial correlation analysis was performed to detect the relationship between diffusion metrics of a cluster which showed significant group differences and the neuropsychological scores in aMCI and AD groups, respectively, controlling for the effect of age, gender, and years of education. Power analysis was performed in the G power 3.1.9.2 version. P < 0.05 was statistically significant.




RESULTS


Demographics and Clinical Characterizations

No significant differences were found in gender, age, HAMD, hyperlipidemia ratio, hypertension ratio, or diabetes ratio among the three groups (Table 1). However, the individuals in the AD group had significantly lower years of education than those in the NC and aMCI groups (P = 0.046, Table 1). Significant differences in the MMSE, MoCA, ADL, CDR, AVLT-DR, AVLT-R, and Z-lang scores were found among the three groups (for details see Table 1). There was no difference in the scores of executive function and processing speed between the NC and aMCI groups.


Table 1. Demographic and clinical characteristics of all subjects.

[image: Table 1]



TBSS Analyses Between Groups and post-hoc Analysis

The TBSS analyses revealed widespread WM microstructure changes among the three groups. For reduced FA, the anatomical locations and clusters voxel were listed in Table 2, including the bilateral ATR, CST, IFOF, ILF, and unilateral for ma, for mi, right SLF, left UF, and CC. For each subject, the mean FA values across all voxels in each significant cluster were computed for further post-hoc analysis. Compared to the NC and aMCI groups, the AD group presented decreased FA values in the bilateral ATR, IFOF, ILF, and unilateral left CST, for ma, for mi, and CC (Bonferroni correction, P < 0.05) (Figure 1). No significant differences in FA values were found between the NC and aMCI groups.


Table 2. Significant clusters of FA values among the three groups by TBSS analysis.
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FIGURE 1. Clusters with decreased FA in AD patients by TBSS analysis. Significant clusters (red, threshold-free cluster enhancement corrected and Bonferroni corrected) in axial views overlaid onto the group averaged FA skeleton (green) and the MNI152 T1 template; ATR, anterior thalamic radiation; CST, corticospinal tract; FMa, forceps major; FMi, forceps minor; IFOF, inferior fronto-occipital fasciculus; ILF, inferior longitudinal fasciculus; CC, corpus callosum; L, left; R, right. FA, fractional anisotropy.


The significant clusters of MD values among the three groups were listed as follows: the bilateral ATR, CST, Ccing, IFOF, SLF, UF, and unilateral for ma, for mi, CC, and left ILF (Table 3). In contrast to the NC group, the AD group displayed increased MD in the bilateral ATR, CST, IFOF, SLF, UF, and unilateral for ma, for mi, CC, left ILF, and left Ccing (Bonferroni correction, P < 0.05) (Figure 2). No significant changes in MD values were found in aMCI and NC.


Table 3. Significant clusters of MD values among the three groups by TBSS analysis.
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FIGURE 2. Clusters with increased MD in AD patients by TBSS analysis. Significant clusters (blue, threshold-free cluster enhancement corrected and Bonferroni corrected) in axial views overlaid onto the averaged MD skeleton of all participants (green) and the MNI152 T1 template; ATR, anterior thalamic radiation; CST: corticospinal tract; Ccing: cingulum (cingulate gyrus); FMa: forceps major; FMi: forceps minor; IFOF, inferior fronto-occipital fasciculus; ILF, inferior longitudinal fasciculus; SIF, superior longitudinal fasciculus; UF, uncinate fasciculus; CC, corpus callosum; L: left; R: right; MD, mean diffusivity.


Multiple tracts were identified where elevated RD reached significant levels in AD patients, including the bilateral ATR, CST, IFOF, ILF, SLF, and for ma, for mi, and left Ccing (Bonferroni correction, P < 0.05). Compared with the NC group, significant elevated RD values were found (Table 4, Figure 3) in the tract of the right CST, right IFOF, right ILF, and for mi in the aMCI group. Likewise, significant elevated AxD values were identified (Table 5, Figure 3) in the bilateral ATR, ILF, SLF, and left CST, left IFOF, right UF, for ma, and for mi. As for AxD value, there was no difference between the aMCI and NC groups.


Table 4. Significant clusters of RD values among three groups by TBSS analysis.
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FIGURE 3. Clusters with increased RD/AxD in AD patients in TBSS analysis. Significant clusters (significant RD clusters are in yellow, significant AxD clusters are in pink, threshold-free cluster enhancement corrected and Bonferroni corrected) in axial views overlaid onto the averaged FA skeleton of all participants (green) and the MNI152 T1 template; RD, radial diffusion; AxD, axial diffusion.



Table 5. Significant clusters of AxD values among three groups by TBSS analysis.
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Correlation Between Cognitive Domains and Diffusion Metrics in the aMCI or AD Group

For the aMCI group, significant correlations were found between the mean FA value of ROI and AVLT-DR scores in the following tracts: left IFOF (r = 0.42, P = 0.024, Figure 4A), right IFOF (r = 0.39, P = 0.035, Figure 4B), and left ILF (r = 0.45, P = 0.014, Figure 4C). The mean MD value of ROI in the right Ccing (r = −0.48, P = 0.006, Figure 4E) and right SLF (r = −0.37, P = 0.039, Figure 4F) was negatively associated with the AVLT-DR scores. The average RD value of ROI in the left ILF was negatively correlated with the AVLT-DR scores (r = −0.438, P = 0.02, Figure 4D) and language function (r = −0.414, P = 0.028 Figure 4G). Moreover, the left ILF FA value had a negative correlation with the AVLT-DR scores in the AD group (r = −0.54, P = 0.0159, Figure 4H). It is worth pointing out that the correlations all listed above were not able to survive Bonferroni correction. No significant correlations were observed between other cognitive domains and DTI metrics in both the aMCI and AD groups.


[image: Figure 4]
FIGURE 4. Partial correlations between cognitive scores and altered diffusion value, adjusted for years of education, age, and gender (A-G: aMCI group; H: AD group); (A) correlation between IFOF-L FA value and AVLT delayed recall score; (B) correlation between IFOF-R FA value and AVLT delayed recall score; (C) correlation between ILF-L FA value and AVLT delayed recall score; (D) correlation between ILF-L RD value and AVLT delayed recall score; (E) correlation between Ccing-R MD value and AVLT delayed recall score; (F) correlation between SLF-R MD value and AVLT delayed recall score; (G) correlation between ILF-L RD value and z standardized language AVLT delayed recall score; (H) correlation between ILF-L FA value and AVLT delayed recall score. Ccing, cingulum (cingulategyrus); IFOF, inferior fronto-occipital fasciculus; ILF, inferior longitudinal fasciculus; SIF, superior longitudinal fasciculus; L, left; R, right. FA, fractional anisotropy; MD, mean diffusivity; RD, radial diffusion aMCI, amnestic mild cognitive; AD, Alzheimer's disease; AVLT-DR, auditory verbal learning test delayed recall. Different colors represent different fibers.




DTI Metrics Separate AD Patients From Other Participants by SVM Classification

The results of the SVM classification demonstrated the discriminative power of disrupted diffusion metrics in the differentiation of AD patients from the other two groups (Figure 5). The disrupted FA value exhibited an area under curve (AUC) of 0.94 (accuracy 89%, sensitivity 85%, specificity 93%, Figure 5A) for discriminating AD patients from controls, and an AUC of 0.77 (accuracy 69%, sensitivity 70%, specificity 68%, Figure 5B) for discrimination between AD and aMCI. The disrupted MD value showed an AUC of 0.94 (accuracy 85%, sensitivity 85%, specificity 85%, Figure 5C) for discrimination between AD and controls, and an AUC value of 0.78 (accuracy 73%, sensitivity 65%, specificity 78%, Figure 5D) for discrimination between AD and aMCI. It should be noted that the identifying accuracy of aMCI from control participants was lower than 50% for both the FA and MD value.


[image: Figure 5]
FIGURE 5. ROC curves of the SVM classification between groups. (A) differentiate the AD and NC group according to FA value; (B) differentiate the AD and aMCI group according to FA value; (C) differentiate the AD and NC group according to MD value; (D) differentiate the AD and aMCI group according to MD value; AUC, area under curve; SVM, support vector machine; ROC, receiver operating characteristic curve.





DISCUSSION

This current study investigated the potential roles of DTI metrics in the discriminative ability of AD-spectrum patients. Using TBSS and SVM classification approaches, three observations were made: (i) limbic association tracts, cortico-cortical, interhemispheric, and corticospinal tracts were widely damaged in AD patients; (ii) the long longitudinal tracts (including IFOF, ILF, and SLF in our study) are closely related to memory function in aMCI or AD patients. (iii) DTI metrics of the WM microstructure allowed for the classification of these samples, indicating their potential role as “trait” neuroimaging markers for monitoring the progression of AD.

Relative to normal elderly adults, AD patients displayed decreased FA values and increased MD/RD/AxD values in widespread brain regions, including temporoparietal regions and the fronto-parietal cortex. The aMCI group showed a tendency topographic concordant with the AD group. Previous DTI studies have demonstrated that WM alterations in clinical AD spectrum disease were initially localized in the medial temporal limbic associated tracts, then prominently spread to the temporal and parietal, and to a lesser extent, the frontal lobes which was associated with WM as the disease progressed (31–33). The pattern of WM change is consistent with the pathology of AD which primarily involves the temporal lobe. In the present study, the WM integrity of AD patients decreased in the bilaterally limbic tracts (UF and Ccing), which were in line with previous literatures (34, 35). The UF is a WM tract connecting the anterior part of the temporal lobe with the frontal lobe which is associated with episodic memory. A 3-years follow-up research considered WM abnormality in UF as a potential indicator of the conversion from aMCI to AD (36). The cingulum occupying the central position of the papez circuit is assumed to be vital for normal memory functions (37). UF and cingulum tract damage would lead to memory decline. In addition, impaired CC was also observed in the dementia group. CC is the main connectivity pathway between hemispheres. Any neurodegenerative process involving the cerebral WM may have an impact on the diffusivity of CC (31). Our findings of destruction in the IFOF, ILF, and SLF in the aMCI and AD groups were consistent with previous ROI-based and voxel-based DTI studies, which showed damage of the WM regions outside the medial temporal lobe (MTL) network in AD patients (34). Our results supported the hypothesis that AD had a disconnection process (38).

There are many theories about the underlying pathophysiology of WM damage (39). Previous studies observed Wallerian degeneration secondary to neuronal damage in the AD brains postmortem (40). Pathological vascular deposition of amyloid protein β (Aβ) might play a role in the microvascular alterations and WM lesions in AD through neuroinflammation (39–41). A large body of literature on prior DTI work has shown neurodegenerative changes of brain WM in aMCI when compared to healthy controls (42–44), typically in the posterior cingulate gyrus and hippocampus (45, 46). In the present study, we failed to observe cingulate gyrus and hippocampus diffusion metric differences in the aMCI subjects. Nonetheless, the mean RD value in ROI of the for mi, right IFOF, and left ILF have shown significant differences in the aMCI group when compared with normal control. It might be due to the fact that the patients in our cohort are in the extremely early stage of aMCI, and the cognitive impairment was relatively slight.

When considering the relation between cognitive domains and DTI metrics, the scores of memory performance revealed significant correlations with the FA, MD, and RD index in certain specific fiber bundles in the present aMCI or AD group. Recent research has shown that associations between the WM microstructure and memory or executive function were evident across widespread regions of the brain in a mixed sample of AD and healthy elderly subjects (47). However, no significant linear relationship between the degree of WM disruption and the level of cognitive function (memory and executive abilities) were found within either the AD or healthy older adult group (47). In our study within the aMCI group, AVLT-DR scores were positively related to the mean FA value of significant clusters in the bilateral IFOF and left ILF; and negatively related to the mean MD value of significant clusters in the right Ccing and right SLF. The IFOF served as a direct connection from the extra-striata occipital cortex to the anterior temporal lobe, playing an important role in visuospatial processing, object recognition, and memory (46). Previous tractography studies in aMCI and AD have shown diffusion abnormalities in the IFOF (34, 48). We further confirmed its close relationship to memory function in the preclinical phase of dementia. Meanwhile, the relationship between the IFOF, the cingulum tracts, and memory performance indicated that memory function depends on both the integrity of MTL structures and their connectivity with temporal, parietal, and frontal lobe regions. On the contrary, the FA value in the left ILF was negatively related to the AVLT-DR scores in the AD group. Namely, some subjects with higher FA values suffered from poorer memory function. It could be the results of dispersed WM impairment and gray matter atrophy in the AD group.

MTL substructures are the earliest regions affected by AD pathology, mainly amyloid deposition, and neurofibrillary tangle tau pathology. Anatomically, WM degeneration in AD follows the topographic progression of cortical AD pathology (49, 50). As mentioned above, AD pathological invasion was initially localized in MTL, and then gradually spread to the temporal, parietal, and frontal lobes. In the current study, the early stage of the aMCI group showed WM disruption in the right IFOF and left ILF as reflected by the RD property. While in the dementia stage, more extensive and severe white matter damage was observed. IFOF has complex intrinsic projections of the brain, including extensive cortical termination territories within the middle and superior frontal, middle and posterior temporal lobes, superior parietal, and angular gyri (51, 52). This means that the diffusion abnormalities of IFOF could influence the structural connectivity architecture among the MTL, the frontal lobe, and the parietal lobe (53). Besides, the ILF also has projections involving the MTL (54). Therefore, we speculated that in the early stages, long fibers pathway damage could indirectly affect the MTL connectivity, which can be used to explain early memory loss. The mediation role of long longitudinal tract alterations during the progression of AD needs to be investigated in more large-scale cohorts.

SVM provides great potential for future artificial intelligence aided diagnosis, and has been increasingly implemented in various classification problems (49). For instance, SVM successfully classified multiple sclerosis patients from healthy controls with accuracies as high as 89% by combined DTI and functional data (50). Similarly, we revealed that combining disrupted diffusion metrics and SVM classification, the accuracy of classification was higher than 85% in distinguishing AD patients from controls, which shows promise comparable with previous brain microstructure studies to predict progression (55, 56). A moderate discernment was observed between the AD patients and aMCI with the accuracy of 69 and 73%. We did fail to distinguish with high accuracy (lower than 50%) between aMCI patients with the NC. This could be due to the little difference between cognitive levels between both groups. It may also be due to insufficient sample size which affects the classification efficiency. These findings shed light on the potential utility of brain WM microstructural-based markers combined with SVM classification for the individual prediction of disease progression, which may provide a novel avenue into the early diagnosis of AD.

Several limitations of the study should be considered. Firstly, our small sample may limit the statistical power of the differences of WM integrity between groups. Replication in an independent and larger cohort is necessary. Secondly, our diagnosis of aMCI was purely based on clinical symptoms. The sample would be less heterogeneous if biomarkers were added into the inclusion criteria. Thirdly, our research mainly focused on WM microstructure alteration. Future research should investigate the association between WM alterations, gray matter atrophy, metabolic function changes, and pathological indicators to offer a comprehensive insight into the pathologic basis of WM neurodegeneration.

The original intention of this study was to analyze the integrity of the whole brain WM in patients on the AD spectrum and hoped that the machine learning classification could suitably classify the disease according to the characteristics of WM damage. We initially explored the role of mechanical classification in assisting clinical diagnosis of AD diseases to make up for the drawbacks of subjectivity in assessment by the artificial cognition scale and to compensate for the shortcomings of being easily affected by education level and cultural background. This study found that consistent with previous reports, AD patients have extensive WM damage. Long connective fibers lesions are obviously associated with memory deficiency. The effect of mechanical classification in the early stage of the disease is not very satisfactory, but it is very favorable in the AD stage.



CONCLUSION

The WM microstructure is extensively disrupted in AD. An impaired long longitudinal tract (including IFOF, ILF, and SLF) is closely related to memory deficits. DTI metrics of the brain WM microstructure may hold potential value for the diagnosis of AD as an imaging biomarker. The classification effect of SVM in the early stages of AD disease needs to be further exploration.
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Background and Goals: Multiple sclerosis (MS) is a central nervous system inflammatory disease where magnetic resonance imaging (MRI) is an important tool for diagnosis and disease monitoring. Quantitative measurements of lesion volume, lesion count, distribution of lesions, and brain atrophy have a potentially significant value for evaluating disease progression. We hypothesize that utilizing software designed for evaluating MRI data in MS will provide more accurate and detailed analyses compared to the visual neuro-radiological evaluation.

Methods: A group of 56 MS patients (mean age 35 years, 70% females and 96% relapsing-remitting MS) was examined with brain MRI one and 5 years after diagnosis. The T1 and FLAIR brain MRI sequences for all patients were analyzed using the LesionQuant (LQ) software. These data were compared with data from structured visual evaluations of the MRI scans performed by neuro-radiologists, including assessments of atrophy, and lesion count. The data from LQ were also compared with data from other validated research methods for brain segmentation, including assessments of whole brain volume and lesion volume. Correlations with clinical tests like the timed 25-foot walk test (T25FT) were performed to explore additional value of LQ analyses.

Results: Lesion count assessments by LQ and by the neuro-radiologist were significantly correlated one year (cor = 0.92, p = 2.2 × 10−16) and 5 years (cor = 0.84, p = 2.7 × 10−16) after diagnosis. Analyzes of the intra- and interrater variability also correlated significantly (cor = 0.96, p < 0.001, cor = 0.97, p < 0.001). Significant positive correlation was found between lesion volume measured by LQ and by the software Cascade (cor = 0.7, p < 0.001. LQ detected a reduction in whole brain percentile >10 in 10 patients across the time-points, whereas the neuro-radiologist assessment identified six of these. The neuro-radiologist additionally identified five patients with increased atrophy in the follow-up period, all of them displayed decreasing low whole brain percentiles (median 11, range 8–28) in the LQ analysis. Significant positive correlation was identified between lesion volume measured by LQ and test performance on the T25FT both at 1 and 5 years after diagnosis.

Conclusion: For the number of MS lesions at both time-points, we demonstrated strong correlations between the assessments done by LQ and the neuro-radiologist. Lesion volume evaluated with LQ correlated with T25FT performance. LQ-analyses classified more patients to have brain atrophy than the visual neuro-radiological evaluation. In conclusion, LQ seems like a promising supplement to the evaluation performed by neuro-radiologists, providing an automated tool for evaluating lesions in MS patients and also detecting early signs of atrophy in both a longitudinal and cross-sectional setting.

Keywords: MRI, longitudinal lesions, brain atrophy, automatic lesion detection, multiple sclerosis


INTRODUCTION

Multiple sclerosis (MS) is a chronic inflammatory, demyelinating disorder of the central nervous system. Most frequently MS is characterized by a relapsing remitting disease course (RRMS) that over the years often converts to a secondary progressive disease course (SPMS). MS leads to variable degrees of physical and cognitive impairment. About 10 percent of the patients experience a progressive disease course from disease onset [primary progressive MS (PPMS)] (1, 2). A key challenge in MS care is to identify and develop prognostic biomarkers for the disease course (3). Magnetic resonance imaging (MRI) is still the most important tool for the diagnosis and monitoring of MS (4–6). MRI has a high sensitivity for the evaluation of inflammatory and neurodegenerative processes in the brain and spinal cord and it is the most commonly used method in the follow-up of MS patients (7).

Visual inspection of the MRI scans of people with MS is time consuming for the neuro-radiologist. Subjective measurements based on a radiologist's visual inspection may result in low reproducibility (8). In addition, the degrees of brain atrophy and MS-related pathology in the gray and white matter may be difficult to estimate, especially in early adulthood (9, 10).

Advanced tools have been shown necessary to detect early brain atrophy in MS (11). New MRI post-processing tools that automatically analyse complex brain volumetric information and lesion load have recently become commercially available. A study comparing two different software types for assessment of longitudinal whole brain atrophy in MS patients found a strong level of statistical agreement and consistency between the two programs in a real-world MS population (12). The authors conclude that automated measurements of atrophy show promise as biomarkers of neuro-degeneration in clinical practice and will enable more rapid clinical translation. If these types of programmes are to be introduced, in addition to showing their performance compared to competing programs or established research tools, we need to evaluate their use compared to clinical practice today. Do they perform as well, or better than current practice, and in what way can they be useful and valuable?

Although a neuro-radiological evaluation of structural brain MRI in MS patients can easily estimate the pathologic burden of abnormalities such as T2 hyperintense lesions, limited correlation exists between these measures and the clinical phenotype (13). This has been termed the “clinico-radiological paradox” and is well-described for both physical and cognitive impairments. Some explanations to this paradox have been suggested, including inappropriate clinical rating, and underestimation of damage to the normal appearing brain tissue (14). In a large meta-analysis including 2,891 patients, Mollison et al. found a modest correlation (r = –0.30) between MRI measures of total brain white matter lesions and cognitive function in people with MS (13).

LesionQuant(LQ) by CorTechs Labs is a software that automatically segments and measures volumes of brain structures and compares these volumes to norms based on the more established NeuroQuant(NQ) software (15). LQ was specifically designed for the evaluation of lesions and atrophy in MS patients. LQ also provides volumes and counts of new and enlarging brain lesions, and it automatically labels, visualizes and obtains the volumetric quantification of lesions based on brain MRI. LQ can therefore be used in the longitudinal follow-up of patients with MS. A recent study compared NQ to another software tool, Functional Magnetic Resonance Imaging of the Brain's (FMRIB's) Integrated Registration Segmentation Tool (FIRST), for estimating overall and regional brain volume in patients with clinically isolated syndrome (16). To our knowledge, no data is published that compares the LQ software in MS with visual evaluations performed by neuro-radiologists.

By using data from our prospective longitudinal study of newly diagnosed MS patients, results from longitudinal LQ analyses were compared to visual evaluations performed by neuro-radiologists in our hospital. We hypothesize that quantitative measurements of brain lesions and atrophy, using an unbiased automatic tool, may improve the correlation between clinical phenotype and MRI results.

Our aims were to evaluate (a) The performance of LQ at detecting brain lesions compared to a neuro-radiologist, and (b) brain atrophy as measured by LQ in comparison to the visual inspection by the neuro-radiologist. (c) The correlations of results from both visual assessment and LQ with clinically relevant variables and (d) the correlation between the segmented brain volumes and lesion volumes acquired from LQ and volumes from the two brain segmentation tools, FreeSurfer and Cascade.



MATERIALS AND METHODS


Participants

All analyses were based upon carefully phenotyped MS patients in an ongoing prospective longitudinal MS study in Oslo (17, 18). A total of 56 MS patients were included in this study, which had been examined on average 1 year after diagnosis. The inclusion criteria were a diagnosis of RRMS in the period 2009–2012 and age 18–50 years. The exclusion criteria were a history of psychiatric or other neurological diseases than MS, drug abuse, previous adverse Gadolinium reaction, pregnancy or breast-feeding at inclusion, or non-fluency in Norwegian. Data from two time-points after diagnosis of MS were included in this study; data from time-point 1 (TP1) was collected 13 months after diagnosis (±9, n = 56) and data from time-point 2 (TP2) after 66 months (±12, n = 56). At both time-points an expanded disability status scale (EDSS) score was calculated based on a standard neurological examination by trained clinicians (19, 20). For assessment of walking ability and upper extremity function we also performed timed 25-foot walk test (T25FT) and 9-Hole Peg Test (9HPT). A brain MRI scan for clinical and research setting, was performed at both time-points.

We classified the disease modifying treatments (DMTs) as follows; group 0: no treatment, group 1: Glatiramer Acetate, Interferons, Teriflunomide or Dimetylfumarate, group 2: Fingolimod, Natalizumab or Alemtuzumab.



MRI Acquisition

MS patients were scanned at both time-points with the same MRI scanning protocol in the same 1,5 T scanner (Avanto, Siemens Medical Solutions; Erlangen, Germany). The following two MRI sequences were required for the LQ analyses in this study;

(a) A Sagittal 3D T1 MPRAGE (FOV: 240 × 240 mm; slice thickness: 1.2 mm; voxel size: 1.3 × 1.3 × 1.2 mm; TR: 2,400 ms; TE: 3.61 ms; TI: 1,000 ms; flip angle: 8 deg.

(b) Pre-contrast sagittal 3D FLAIR (FOV: 260 × 260 mm; slice thickness: 1 mm; voxel size: 1 × 1 × 1 mm; TR: 6,000 ms; TE: 333 ms; TI: 2,200 ms.

The neuro-radiologist could in addition use all available other sequences in the study protocol, as mentioned in previous publications (17, 21).



LesionQuant Analyses of Lesion Count, Brain Volume, and Lesion Volume

The MRI data from the 56 patients were analyzed using the LQ tool (version 2.3.0), comparing data at TP1 and TP2. For each patient, T1-weighted and FLAIR sequences were uploaded to the LQ server from the PACS system in the hospital, without the need for pre-processing. Finalized LQ-reports were received after ~10 min. The reports provided volumes and counts of all lesions, including new and enlarging lesions at TP2. A lesion was defined by LQ as being ≥ 4 mm3. Volumes of brain structures in the MS patients were compared with age and sex matched healthy controls from the LQ reference database. To establish the normative LQ database, CorTechs Labs combined data from several thousand scans including publicly available studies, studies by collaboration partners, and other proprietary data sources (age range 3–100 years, acquired using Siemens, GE and Philips MRI scanners with both 1.5T and 3T field strength).

The LQ-reports provided information about volumes of different brain structures, including whole brain, thalamus, cerebral white matter, volume of white matter lesions and cortical gray matter. The results for each patient are illustrated both using percentiles and absolute values (Figure 1). A cut off for atrophy was defined as a 10 percentile drop in brain volume for LQ between TP1 and TP2 (= 5-year interval).


[image: Figure 1]
FIGURE 1. LesionQuant report. Example of a LesionQuant report from one MS subject comparing two MRI scans with a 5-month time interval between the two time-points.




MRI Evaluation of Lesion Count and Brain Volume Presented by the Neuro-Radiologist

The brain MRIs from the included MS patients were systematically evaluated by a neuro-radiologist who carefully counted all lesions on the MRI scans of the patients at TP1 and TP2. A lesion was defined as having a high T2/FLAIR signal ≥ 3 millimeters in diameter. To evaluate the intrareader variability the neuro-radiologist read the data twice in 10 of the patients. A second neuro-radiologist also calculated the number of lesions in the same 10 patients to give information about the interrater variability. In addition to this, another method for evaluating the number of lesions was added. Two neuro-radiologists estimated a lesion number score at TP1. If the number of lesions were between 0 and 9 the lesion number score given was 1, if the number of lesions were between 10 and 19 the lesion number score given was 2, if the number of lesions were more than 20 the lesion number score given was 3.

A neuro-radiologist also assessed whether increased whole brain atrophy was visually evident between the two time-points or not (Figure 2). Visual evaluation of atrophy was done using the 3D T1 series, where increased CSF in the sulci or on the surface of the brain or volume loss of the gyri between TP1 and TP2, was regarded as atrophy.


[image: Figure 2]
FIGURE 2. An example of the visual assessment by the neuro-radiologist. In (A) we see an axial T1 MRI at time-point 1, while in (B) we see the MRI at time-point 2, highlighting a circle with an example of a new lesion evolving during the follow-up period. The oval circle is an example of an area showing increased CSF in the sulcus, which was evaluated as representing atrophy between the two time-points.


The exact lesion number, lesion number score, and the evaluation of atrophy were then compared to the output from LQ. The assessment by the neuro-radiologist was used as the gold standard to compare the LQ data with.



MRI Evaluation of Brain Volume and Lesion Volume Using Freesurfer and Cascade

To compare LQ with other research methods for brain segmentation we compared LQ with the softwares FreeSurfer and Cascade (22). To compare brain volume between the different softwares we used the measure for whole brain volume from both LQ (including brain stem) and FreeSurfer (excluding brain stem) (23). To compare the lesion volume between the different softwares we used the measure for total lesion volume from both LQ and Cascade.



Statistical Analysis

We used R (R Core Team, Vienna, 2018, version 3.6.1) for statistical analyses. To assess reliability of the whole brain volumes from LQ and FreeSurfer we computed the intraclass correlation coefficient (ICC) using the R package “irr” (24). Figures were made using “ggplot2” (25) and “cowplot” (26) in R.

To evaluate the associations between the assessment provided by LQ, the neuro-radiologist, analysis using the FreeSurfer and Cascade softwares and the clinical data, we used the “stats” package in R and calculated the Pearson's correlation coefficient and applied the student's t-test (27).

To adjust for multiple comparisons, we calculated the degree of independence between the four clinical variables available, making a 4 × 4 correlation matrix based on the Pearson's correlation between all pair-wise combinations of clinical data. Utilizing the ratio of observed eigenvalue variance to its theoretical maximum, the estimated equivalent number of independent traits in our analyses was 3.0 (28). To control for multiple testing, our significance threshold was therefore adjusted accordingly from 0.05 to 0.017 (28).




RESULTS


Participant Demographics and Characteristics

At TP1 mean age of the study participants was 36 years (range 21–49 years), 70% were females and 96% were classified as having RRMS. EDSS was stable between TP1 and TP2 with median EDSS 2.0 (range 0–6). Time since MS diagnosis was on average 12.9 months (SD = 9.3) at TP1 and 66.0 months (SD = 11.7) at TP2. At TP1, 25% did not receive any DMT for MS, 63% received a group 1 DMT (moderately effective treatment) and 12% a group 2 DMT (highly effective treatment). At TP2, 34% did not receive any DMT, 36% received a group 1 DMT and 30% a group 2 DMT (Table 1).


Table 1. Demographic and clinical characteristics of the multiple sclerosis patients.
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Cross-Sectional Comparison of Lesion Count Between the LesionQuant Reports and the Neuro-Radiological Evaluations

The lesion count assessments by LQ and the neuro-radiologist were significantly correlated at TP1 (cor = 0.92, p = 2.2 × 10−16) and TP2 (cor = 0.84, p = 2.7 × 10−16) (Supplementary Figure 2). The lesion counts were identical in only two and three patients at TP1 and TP2, respectively. While lesion counts were higher by the neuro-radiologist in 39 and 40 patients at TP1 and TP2, respectively. Lesion counts were lower by LQ in 15 and 13 patients at TP1 and TP2, respectively. In general, the differences in number of lesions evaluated by LQ and the neuro-radiologist increased with age. For patients with higher number of lesions the neuro-radiologist tended to count more lesions than LQ, and the opposite with lower number of lesions, see Supplementary Figure 1. To evaluate the intra and interrater variability the neuro-radiologist recounted the lesions in 10 of the patients, and a second neuro-radiologist counted lesions in the same 10 patients. Both the intra- and the inter-rater variability were significantly correlated (cor = 0.96, p < 0.001, cor = 0.97, p < 0.001). This was also the case for the lesion number scores estimated between LQ, and two different neuro-radiologists.

The lesion volume assessments by LQ and the Cascade software were significantly correlated (cor = 0.7, p < 0.001).



Longitudinal Evaluations of Atrophy and Lesions

We also compared the LQ software with the assessment by the neuro-radiologist in identifying whole brain atrophy at TP2. The neuro-radiologist classified 12 subjects to have brain atrophy. These 12 subjects also had significantly lower scores on whole brain atrophy by LQ (mean brain volume percentile 37.0, range 10–80), compared to the subjects that were not classified as having brain atrophy (mean brain volume percentile 48.7, range 2–99).

At TP2, LQ and the neuro-radiologist agreed in classifying 33% of the subjects with atrophy (four out of 12 subjects). In addition, the neuro-radiologist identified eight more subjects with brain atrophy (mean LQ whole brain percentile 31.3).

LQ detected a reduction in whole brain percentile >10 in 10 patients between TP1 and TP2, while the neuro-radiological evaluation identified six of these. The evaluation by the neuro-radiologist identified an additional six patients with increased atrophy between TP1 and TP2, all of whom displayed low whole brain percentiles at TP2 (median 11, range 8–28) and decreasing percentile between the time-points.

At TP2 we found that LQ showed reduced whole brain volume in 51 patients compared to TP1 with a mean reduction in volume of 20.5 ml/1.59% (range 0.4–109.4 ml/0.03–8.08%) of the whole brain volume. In the remaining five patients we found an increased volume with a mean increase in volume of 6.8 ml/ 0.56% (range 0.2–17.4 ml/0.02–1.44%).

To evaluate the sensitivity of LQ in detecting new lesions, compared to the neuro-radiologist, the difference in number of lesions assessed at the two time-points was analyzed in a 2 × 2 table (Table 2). The sensitivity of the LQ-analysis to correctly classify the patients according to the gold standard neuro-radiological evaluation was 53% (17/32 patients). The specificity of the LQ-analysis to correctly evaluate the MRI follow-up as stable according to the neuro-radiological evaluation was 75% (18/24). In total, 43 % of the patients were evaluated with no new lesions on MRI at TP2 by the neuro-radiologist. Also, 57% (32 patients) had new lesions according to the neuro-radiologist, and only 17 of these had new lesions according to the LQ-reports (Table 2 and Figure 3).


Table 2. A 2 × 2 table based on the ability to capture MRI activity based on the presence of new lesions in our longitudinal MS sample.
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FIGURE 3. An overview of the evaluations of change in lesions between the two time-points. The LesionQuant assessments are depicted with a circle, while the neuro-radiological evaluations are depicted using a triangle. Each subject is visualized with both assessments and with a unique color. The green circles show examples of assessments with good agreement between LQ and neuro-radiologist, while the red circles show assessments where the two methods differ a lot in the same patient.




Correlations Between MRI Features and Clinical Variables

We found significant positive correlations between T25FT and the lesion volume as measured by LQ at both TP1 (t = 3.08, p = 3.2 × 10−3) and TP2 (t = 3.72, p = 4.8 × 10−4) (Table 3). These results also indicate slower test performance by T25FT in patients with a higher burden of lesion volume. In addition, we found a significant positive correlation between the 9HPT using the left hand and lesion volume at TP2 (t = 5.34, p = 2.09 × 10−6), indicating slower test performance with increased lesion volume. We also found a significant negative correlation with EDSS and whole brain volume at TP1 (t = −2.68, p = 9.8 × 10−3), indicating higher EDSS scores with lower brain volumes. We found no significant correlations between the number of lesions reported by the neuro-radiologist and the clinical variables. All significant correlations reported were adjusted for multiple testing.


Table 3. Associations between LQ-variables and clinical variables.
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Reliability of LesionQuant Volumes

To validate the LQ data with the established FreeSurfer output for brain segmentation we compared the measure for whole brain volume from both LQ (including brainstem) and FreeSurfer (excluding brain stem), (Supplementary Figure 2). At both TP1 (t = 51.6, cor = 0.99) and TP2 (t = 45.2, cor = 0.99), Pearson's correlations were highly significant. We also validated regional volumes for thalamus using both raw FreeSurfer data and data processed through the longitudinal stream compared to the LQ data, yielding less significant correlations (t = 2.4–2.8 and, cor = 0.32–0.35, p = 0.02–0.008).



LesionQuant Reports and Neuro-Radiological Evaluation

All longitudinal LQ-data yielded excellent concurrence. To evaluate the consistency and agreement of the longitudinal LQ-reports, we measured the Intraclass correlation coefficients (ICC) between TP1 and TP2 for brain volume (ICC = 0.97, p = 2 × 10−35), lesion count (ICC = 0.91, p = 1.4 × 10−23), lesion volume (ICC = 0.88, p = 5.2 × 10−20) and thalamus volume (ICC = 0.91, p = 3.0 × 10−23) (Supplementary Table 1). We found significant correlations between lesion volume and the number of lesions at both TP1 (t = 6.32, p = 5.05 × 10−8) and TP2 (t = 4.21, p = 9.77 × 10−5). We found no significant changes in the parameters between TP1 and TP2 (Supplementary Table 1). As a sanity check, the ICC for lesion counts reported by the neuro-radiologist was very high (ICC = 0.99, p = 2.6 × 10−50), as expected.




DISCUSSION

Magnetic resonance imaging is an important para-clinical tool for the diagnosis and monitoring of MS. Quantitative measurements of lesion volume and distribution of lesions have a significant value for evaluating disease progression in a clinical setting and brain atrophy is a possible new measurement to be used in future evaluation in MS patients. In this study we explored the use of the LQ software for evaluating cerebral MS lesions as well as brain atrophy in a clinical setting, and investigated if an automatic analysis of MRI scans using such software shows promise for use in the clinical follow-up of MS-patients.

We found a high correlation between lesions counted by the neuro-radiologist at TP1 and TP2 and the lesion count output from LQ. In evaluation of atrophy between TP1 and TP2 there was only agreement between the neuro-radiologist and LQ in 50% of the patients (6 out twelve). Differences in whole brain percentiles between TP1 to TP2 were detected with LQ in the majority of patients, ranging between 0.03 and 8.08%. Lesion volume from LQ analysis correlated with outcome of clinical tests of walking speed and upper extremity function. Significant positive correlation was identified between lesion volume measured by LQ and test performance on the T25FT both at 1–5 years after diagnosis. There was a significant correlation between the results of LQ and the segmented volumes by FreeSurfer, showing high reliability of LQ output for whole brain volume. The correlation between lesion volume estimated by LQ and by the Cascade software were also highly significant.

In order to evaluate treatment-effect, it is of importance to see if new or enlarging lesions appear on a follow-up MRI scan. The lesion counts of the LQ software and the neuro-radiologist were highly correlated at both timepoints. However, visual assessment revealed somewhat higher lesion counts than the LQ assessment, more so in patients with a high number of lesions. The explanation of this difference in lesion number could be explained in differences in the definition of a lesion. As mentioned in the materials and method chapter a lesion was defined as having a T2/FLAIR signal ≥ 3 millimeters in diameter when analyzed by visual evaluation, but the lesion size set by LQ was ≥ 4 mm3. With the high correlation of lesion count overall, the LQ tool should be valuable for detecting lesions in routine follow-up MRI in MS. The resulting LQ report could then be controlled by a neuro-radiologist.

Regarding the detection of lesions, we used the assessment by the neuro-radiologist as the “gold standard.” However, it is well-established that the detection of cortical lesions may be challenging using conventional brain MRI and these may be missed by radiologists (29). This is shown in a study comparing the number of MS lesions counted by radiologists and as analyzed by MSmetrix (today known as IcoBrain MS), a software comparable to LQ (30). This study showed a higher recount-difference when recounting was performed by radiologists than in MSmetrix (31). Therefore, the gold standard as we defined it in this paper, may be more variable than the automated software tool.

Reliable evaluation of atrophy is difficult with only visual inspection, although it is not a very time-consuming task. Results from studies comparing visual ratings of atrophy using GCA have shown Inter-rater reliability of > 0.6 and Intra-rater reliability of >0.7, which is considered moderate agreement (32). When the neuro-radiologist evaluated the MRI, images from TP2 was compared with the MRI scan at TP1 for each patient. In a clinical routine setting, the neuro-radiologists often compare to the previous MRI, which may be taken months or up to a year before. The changes in atrophy are rather small from year to year −0.2 to −0.3% per year in our patients' age range) (33) and it is not possible to detect such small changes in reduction of brain volume for the neuro-radiologist. A better approach may be to always compare the last scan to the first MRI in order to increase sensitivity of visual atrophy assessment. But even if there are several years between the MRI scans it could be difficult to estimate reduction in brain volume if the patients evaluated are young and stable. The discrepancy between the 12 patients found to have atrophy from visual inspection, to the 51 patients showing reduced brain volumes in the 5-year follow-up may indicate that LQ would be helpful in clinical practice. Never the less we should have in mind the risk of detecting reductions in whole brain volume with LQ which is not clinically relevant. Our MS population is young (mean age 36 years) and relatively stable (median EDSS 2,0). Finding small reductions in brain volume in such a population would not necessarily improve their general health condition. But overall, our results indicate that the automated method LQ performs better than the visual evaluation method in terms of atrophy evaluations, as discussed above.

Most of the MS patients were treated with moderately or highly efficacious disease modifying therapies at TP1 and TP2. In total, 10 MS patients changed to a more efficient MS treatment during the follow-up. We found no significant differences in brain volumes or change in brain volumes between the patients who increased treatment efficiency during the follow-up and those who either used the same treatment or reduced the efficacy of their MS treatment during the follow-up period. As a confounding factor we have to consider that switching to more efficacious treatments would impact the brain volumes by possible pseudoatrophy during the first 6 months (34). Although, during our observational period we did not find any significant differences. Other short term confounding factors affecting brain volume measurements are known, such as fluid restriction, the time of the day for MRI measurements, corticosteroids, antipsychotic treatment and short-term effects of pathological processes that decrease global brain volume (35).

LQ compared differences in brain volume during approximately a 5-year period (2012/2013 and 2016/2017). During this period the patients were scanned on several occasions, which were not part of the study. One of the main benefits of using automated methods for image analysis in MS patients, is the possibility to perform more reliable and quick evaluation of brain atrophy. As shown by Pareto et al. when comparing two different tools for automated volume analysis of different brain regions, the size of the brain region of interest seems to be important (16). We found an excellent correlation between the FreeSurfer and LQ software's in the assessment of whole brain atrophy (cor = 0.99). However, for thalamus we only found modest correlations between both the raw and processed volumes estimated by LQ and FreeSurfer (cor = 0.32–0.35, p = 0.02–0.008, respectively), confirming the results of Pareto et al. In a recent paper, Storelli et al. also studied reproducibility and repeatability using different software's for atrophy measurements (10). They concluded that an improved reproducibility between scanners is required for clinical application.

In our study the LQ software estimated an unexpected increased whole brain volume in six patients between TP1 and TP2. This could be due to variability in the MRI scanner or other technical reasons. Alternatively, changes in lesion load in the patient over time may affect the atrophy measurements (10).

We hypothesized that improved measurements of brain lesions and atrophy, using an unbiased automatic tool, may improve the correlation between clinical phenotype and MRI results. We found that only the automated LQ software was able to show significant correlation with the standard clinical tests (T25FT, 9HPT, and EDSS). We consider this to be a robust and expected finding as only LQ and not the neuro-radiologist could provide volumetric information. In line with this, the 9HPT was positively correlated with lesion volume at time-point two; although only significant for the left hand, the same trend was seen for the right hand. The EDSS scale, which is the most widely used method to grade disability in MS, was only associated with whole brain volume at TP1 (t = −2.68, p = 9.8 × 10−3). There were no correlations between lesion count, either from LQ or the neuro-radiologist and the EDSS, T25FT or 9HPT, also showing the value of having volumes of the lesions and whole brain available.

In general, we found very high levels of intraclass correlation coefficients (0.88–0.97), showing consistency and agreement among the longitudinal LQ-reports. A strength of this paper is the longitudinal design where the MS patients were examined clinically and with brain MRI both one and 5 years after diagnosis. The patient cohort is well-characterized by trained clinicians, performing the clinical and MRI assessments. The same MRI scanner and protocol was used for all patients at the two time-points of evaluation, and all patients were scanned in the afternoon/early evening. The neuro-radiological evaluation of the 56 patients at TP1 and TP2 was performed by the same neuro-radiologist, and in addition both inter and intrarater evaluations were performed. Thus, the quality of the data included in this study is suitable for addressing the research question. A weakness of the study is that we did not perform visual assessment by two independent raters for the visual evaluation of atrophy. Also, there was no control group.

The structured LQ report is acquired using fully automated MRI post-processing software, which requires only minimal effort and reduces bias of different raters, which is present when using visual inspection of images. Another advantage is the very short processing time of LQ compared to similar software used for research, with only about 10 min from the uploading of images to the final report is received. In comparison, software like FreeSurfer needs hours to process the data, cannot be interpreted for individual patients and is not feasible for clinical practice.



CONCLUSION

In conclusion, automatic analyses of MRI scans of MS patients may provide faster assessments than the traditional evaluation performed by the neuro-radiologist. LQ seems like a promising supplement to the evaluation by the neuro-radiologist, providing an automated tool for assessment of MS lesions and brain volume in MS patients.
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1.1561 £ 0.048
1.21 £ 0.056
1.309 £ 0.058
1.329 + 0.091
1.138 +£0.048
1.139 £+ 0.054
1.227 £ 0.042

AD

1.361 £ 007520
1.346 +0.11%°
1.287 £ 0.0612°
1.213 £ 008420
1.747 £ 007320
1.325 £ 0.042°°
1.206 + 0,087
1.207 £ 0.0542>
1.375 £ 0.056°
1.206  0.08420
1.212 +£0.03720
1.195 & 0.042°
1.27 £ 0,062

P

<0.001**
<0.001***
<0.001***
0.084
0.001**

<0.001***
0.001**
<0.001***
<0.001***
<0.001**

Power

1.0
1.0
1.0
0.84
0.971
10
1.0
0.898
0.996
0.999
1.0
1.0
1.0

“Significant clusters from TBSS results among three groups through a GLM (corrected by threshold-free cluster enhancement, P < 0.01); AxD data equal to the original values x 10%

and are presented as means = SD;

'P < 0.05 after Bonferroni correction. a: vs. NC P < 0.05; b: vs. aMCI P < 0.05; * Anatomical locations were defined from the JHU WM tractography

atlas. ATR, anterior thalamic radiation; CST, corticospinal tract; Ccing, cingulum (cingulate gyrus); For ma, forceps major; For mi, forceps minor; IFOF, inferior fronto-occipital fasciculus;
ILF, inferior longitudinal fasciculus; SIF, superior longitudinal fasciculus; L, left; R, right; aMCI, amnestic mild cognitive; AD, Alzheimer's disease. NC, normal control, AxD, axial diffusion.
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Bragée Reference p-value*

ME-center population

(+SD) (£SD) (16)
ONSD mm 5.64+067 4.71£031 <0.001
ETD mm 2347 £1.05 21.24£0.79 <0.001
ONSD/ETD ratio 024003 0.22:£0.01 <0.001

*Per two sample t-test using the published means from reference population. ONSD,
Optic Nerve Sheath Diameter; ETD, Eyeball Transverse Diameter.
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Female participants (number of) Male participants (number of)

Our study Wakayama study Our study Wakayama study

Age No obstr. Obstr. Noobstr  Obstr. *Stat.diff. No obstr. Obstr. no No obstr. Stat. diff
<50 18 57 63 24 p <001 5 3 28 10 ns
50-59 1 24 59 57 p <001 1 4 31 28 ns
60-69 0 7 72 86 P <005 0 3 22 43 ns
70-79 0 2 48 124 ns 0 0 17 72 ns

>79 0 0 17 101 ns. ) 0 10 63 ns.

Al 19 % 259 302 p <001 6 10 108 216 ns

“Statistical difference between groups using Fischer exact test.
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Number  Study Normal Comments (over

of prevalence prevalence  representation)

participants (%) (%)
A Both tonsils 22 1" 50 No obstruction
>2mm (-5%)
above line
B Both tonsils 68 38 25 No obstruction
inline or =
1-2mm
above line
G Any tonsil 115 56 25 Obstruction
under line @0
D Any tonsil 51 25 8 Tonsillr ectopia
3-4mm (&)
under line
E Any tonsil 27 13 3 Chiari 1
5mm or more @x)
under line
F Both tonsils 7 3 1 Chiari 1
5mm or more @
under line

A participant could be included in two groups (C-E). Normel prevalence was determined
by Smith (A-E) (12) Vernooij (F) (13).
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Demographics AD/MCI ALs FTD PD cvD

Number of participants 126 40 52 140 155
Age, years 71082) 62.0(8.7) 67.8(7.1) 67.9(6.3) 69.3(7.4)
Sex, n (%) female 57 (46.2) 16 (40.0) 19(36.5) 31(22.1) 48(31.0)
STV, e 1285.6 (144.6) 12036 (162.8) 1245.8 (129.6) 1316.6 (127.0) 12245 (133.2)
NAWM, co 395.4 (344.5) 4250 (788) 295.1(59.4) 446.1 (61.2) 387.4(54.4)
NAGM, cc 5333 (51.4) 556.2(65.7) 2525 (56.0) 5747 (47.1) 535.7 (52.3)
SCSF, co 256.3 (62.1) 195.9 (62.9) 277.0(67.8) 252.3 (53.3) 242.6 (59.3)
VCSF, co 45.7 (28.4) 238 (11.1) 437 (16.6) 382 (19.4) 413(23.0)
PWMH', mm® 25645 (2811.2) 1040.0 (1252.5) 2786.0 (1623.8) 25635 (2708.0) 4054.0 (7468.0)
AWMH", mm?® 2805 (424.7) 208.0(386.5) 138.5 (379.9) 2595 (225.7) 555.0 (584.0)
LACN', mm® 155 (66.0) 14.5(12.2) 95(65.5) 17,5 (70.0) 920 (291.0)
PVS', mm® 455 (35.5) 17.5(0.5) 325(36.3) 34.0 (300) 44.0 33.0)
Stroke®, mm? - 900° 393.0 (294.0° 531.5 (1269.0° 4644.5 (12963.0°

“Datais shown as medlan (interquartile range). * Avaiable in 1/40 participents. ®Available in 6/52 prticipants. Avaiable in 4/140 participants. ®Aveileble in 88/155 participants AD/MC},
Alzheimer's Disease and Mid Cognitive Impairment; ALS, Amyotrophic Lateral Sclerosis; FTD, Frontotemporal Dementia; PD, Parkinson's Disease; VCI, Vascular Cognitive Impairent;
ST-TW, supratentorial totel intrecranial volume; NAWM, normal appearing white matter; NAGM, normal appearing gray matter; sCSF, sulcal cerebrospinal flid; vCSF, ventricular
cerebrospinal fluid: pPWMH, periventricular white matter hyperintensities; dWMH, deep white matter hyperintensities; LACN, lacunes; PVS, perivascular spaces.
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Cluster™®

ATR-L
ATR-R
CSTL
CSTR
Ceing-L
Ceing-R
For ma
For mi
IFOF-L.
IFOF-R
ILF-L
ILF-R
SLF-L
SLF-L

Cluster voxel

523
288
646
311
226
21
621

3264
705
664
126
44
653
187

NC

0.649 + 0.053
0.646 £ 0.066
0.467 £ 0.0256
0.519 % 0.027
0.446 £ 0.034
0.5 +0.039
0.413 £0.025
0.512 £ 0.082
0.545 + 0.027
0.544 £ 0.028
0.633 +0.03
0511 £0.03
0.547 £ 0.031
0.531 £ 0.031

amcl

0.68 + 0.093
0.668 % 0.093
0.476 £ 0.025%
0525 + 0.035
0.452 + 0.044
0518+ 0.043
0.424 £+ 0.045
0.531 £ 0.049%

0.65 + 0.047
0.551 £ 0.0442
0627 + 0.058
0.511 £0.0422
0.5638 + 0.031

0.53 £0.04

AD

0.802 + 0.0772°
0.807  0.068°°
0.514 4 0.035%°
0.56 £ 0.036°°
0.514 & 0.0542°
0.548 = 0.064°°
0.481  0,038°°
0579 4 0,04125
0.604  0.039%°
0602  0.035%°
0.588  0.05°>
0552  0.045%°
058 + 0.033°>
0572 £ 0.089%°

P

<0.001***
<0.001***
<0.001***
<0.001***
<0.001***
0.005

<0.001***
<0.001***
<0.001***
<0.001***
<0.001***
0.001***

<0.001***
<0.001***

Power

10
10
10
0.999
1.0
0.965
10
10
10
10
10
0.998
0.993
0.997

&Significant clusters from TBSS results among three groups through a GLM (corrected by threshold-free cluster enhancement, P < 0.01); RD data equal to the original values x 10%
and are presented as means = SD; ""P < 0.05 after Bonferroni correction. a: vs. NG P < 0.05; b: vs. aMCI P < 0.05; * Anatomical locations were defined from the JHU WM tractography
atlas. ATR, anterior thalamic radlation; CST, corticospinal tract; Ceing, cingulum (cingulate gyrus):; For ma, forceps major; For mi, forceps minor; IFOF, inferior fronto-occipital fasciculus;
ILE, inferior longitudinal fasciculus; SIF, superior longitudinal fasciculus; L, left: B, right; aMCl, amnestic mild cognitive; AD, Alzheimer's disease. NC, normal control, RD, radial diffusion.
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Age (years)
Gender (n, %)
Male
Female
Education (years)
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Hyperlipidemia
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MMSE (M,JQR)
MOCA (M,JQR)
HAMD
ADL (M, IGR)
CDR (M, IQR)
CDR=0
CDR =05
CDR =
CDR =2
CDR=3
AVLT-DR
AVLT-R
ZLang
Z-Executive
Z-Processing speed

NC (n = 27)

62.30 £ 6.46

14(51.9)
13 (48.1)
11.74 £2.90
12 (44.4)
3(11.1)
4(14.8)
29(2)
26(3)
567+5.13
8(0)
00)

27 (100)

0
o
0
0
6.2+ 1.89
2133+ 1.96
0.45 +0.46
0.77£085
0.4 £ 087

aMCl (0 =31)

66.70 + 8.90

10 (32.3)
21(67.7)
11.66 £ 3.00
12(38.7)
7(226)
6(19.4)
27 (1)
225
503+ 3.97
80
05 (0
0
31 (100)

o
0
0
2234 1.65°
17.52 = 2.56°
0.16 0.76*
067 £0.76
031 0.82

AD (n = 20)

66.86 +9.47

10(50.0)
10(50.0)
955 £ 3.79%
5(25.0)
1(6.0)
0(0.0)
195 (1125120
14 (6.75)°
4504358
105 (5.75
110
0
16)

10 (50)
5(25)
4(20)
0.65 + 1.14%°
11.05 & 5.78%°
—0.85 % 0.67%°
/

/

P Power

0.113 0.65
0.259

0.046 0.68
0.385 =
0.182 -
0.121 -
<0.001 -
<0.001 %
0.653 0.95
<0.001 -
<0.001 =

<0.001 0.97
<0.001 0.99
<0.001 0.997
0.271 -
0.846 =

Date are represented as mean  SD or medien (IQR) or n (%); a: vs. NC P < 0.05; br vs. aMCI P < 0.05; n, data x 10=* equal to original date; Z-Lang, Z stendardized lenguege
abillty; Z-EF, Z standardized executive function; Z-proc, Z standardized processing speed; MMSE, mini-mental state examination; MoCA, Montreal cognitive assessment; CDR, clinical
dementia rating: AVLT-DR, auditory verbal leaming test delayed recall; AVLT-R, auditory verbal leaming test recognition; HAMD, Hamiton depression rating scale; ADL, actities of daily
living scale. aMCI, amnestic mild cognitive; AD, Alzheimer's disease; NC, normal control.
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Anatomical extent of cluster* Cluster voxel NC amcl AD P Power

ATR-L 100 0.342 +0.038 0.332 + 0.056 0.289 + 0.0313° <0.001*** 0.994
ATR-R 128 0.348 + 0.041 0.338 + 0.043 0.298 % 0.028*° <0.001"** 0972
CST-L 67 0.475 +£0.034 0.472 £ 0.041 0.433 £ 0.0412° 0.001"** 0.986
CSTR 161 0.482 + 0.037 0.5 +0.048 0.455 + 0.041° 0.002** 0.967
Forma 598 0.668 £ 0.02 0.661 + 0.036 0.611 £ 0.025%° <0.001*** 1.0
For mi 1099 0.56 + 0.031 0.541 4 0.036 0.5 £ 0.026%> <0.001*** 1.0
IFOF-L. 295 0.49 £ 0.023 0.486 £ 0.044 0.438 =+ 0.0223° <0.001** 1.0
IFOF-R 285 0.51£0.03 0.505 + 0.044 0.454 + 0.035%° <0.001*** 1.0
ILF-L 88 0.539 + 0.034 0548 + 0.066 0.481 % 0.035%° <0.001** 1.0
ILF-R 58 0.53 £ 0.037 0.528 £ 0.045 0.479 £ 0.0442° <0.001*** 0.997
SLF-R 20 0.481 +0.038 0.481 4 0.06 0.448 + 0.06 0.062 0.845
UF-L 18 0.375 +£ 0.035 0.373 £ 0.037 0.346 + 0.029 0.01 0.778
cc 3401 0.642 +0.029 0.629 + 0.047 0.582 & 0.0392° <0.001"** 1.0

&Significant clusters from TBSS results among three groups through a GLM (corrected by threshold-free cluster enhancement, P < 0.01); FA values are presented as means  SD; P
< 0.05 ater Bonferron correction. a: vs. NC P < 0.05 (Bonferroni correction); b vs. aMCI P < 0.05 (Bonferroni correction); *Anatomicallocations were defined from JHU ICBM-DTI-81
white-matter lebels and JHU WM tractography atlas. ATR, anterior thalamic radition; CST, corticospinal tract; For ma, forceps major; For mi, forceps minor; IFOF, inferior fronto-occipital
fasciculus; ILF, inferior longitudinal fasciculus; SIF; superior longitudinal fasciculus; UF; uncinate fasciculus; CC, corpus callosum; L, left; R, right; aMCI, amnestic mild cognitive; AD,
Alzheimer’s disease. NC, normal control; FA, fractional anisotropy.
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Cluster"*

ATR-L
ATR-R
CSTL
CST-R
Caing-L
Ceing-R
For ma
For mi
IFOF-L
IFOF-R
ILF-L
SLFL
SLFL
UF-L
UF-R
cc

Cluster voxel

628
353
568
126
219
5
333
3358
691
462
87
1278
428
142
8
5098

NC

0.819+0.05
0.811 +£0.058
0.708 + 0.02
0.725 £0.019
0.726 +0.023
0.703 + 0.032
0.772 +0.029
0.76 £0.031

0.745 + 0.026
0.731 £0.029
0.818 +0.035
0.733 +£0.026
0.729 £ 0.02

0.737 £0.02

0.714 £ 0.026
0.832 £0.08

amcl

0.848 + 0.085
0.823 +0.084
0.717 £0.019
0.736 £0.03
0.729 £ 0.04
0.712 £ 0.051
0.784 + 0.039
0.772 £ 0.048
0.754 +0.041
0.738 + 0.039
0.811 +£0.035
0.732 +£0.031
0.729 + 0.032
0.756 + 0.032
0719+ 0.04
0.859 + 0.062

AD

0.964 + 0.077%°
0.95 = 0.067%°
0.758 +0.03%°
0.762 % 0.038%°
0.781  0.039%
0.741 £ 0.048
0.83 £ 0.03%
0.817 +0.042°
0.8 4 0,039
0.784 % 0.035%
0.859 +0.04%°
0.774 % 0.027%°
0.764 +0.03%°
0.784 + 0.083*°
0.75 £ 00320
0.918  0.046%°

P

<0.001***
<0.001**
<0.001**
<0.001***
<0.001**
0.014

<0.001"*
<0.001**
<0.001***
<0.001***
<0.001***
<0.001**
<0.001**
<0.001***
<0.001***
0.001***

Power

1.0
10
1.0
0.99
1.0
0.96
0.99
0.99
0.99
1.0
0.995
10
1.0
1.0
0.995
1.0

& Significant clusters from TBSS results among three groups through a GLM (corrected by threshold-free cluster enhancement, P < 0.01); MD deta reflect the original values x 10~3 and
are presentedas means  SD; ™"P < 0.05 after Bonferroni correction. a: vs. NC P < 0.05 (Bonferroni correction); b: vs. aMCI P < 0.05 (after Bonferroni correction); * Anatomical locations
were defined from JHU ICBM-DTI-81 white-matter labels and JHU WM tractography atias. ATR, anterior thelemic radiation; CST, corticospinal tract; Ccing, cingulum (cingulate gyrus);
: ILF, inferior longitudinal fasciculus; SIF, superior longitudinal fasciculus; UF, uncinate fasciculus;
CC: corpus callosum; L, left; R, right; aMCJ, amnestic mild cognitive; AD, Alzheimer’s disease. NC, normal control, MD, mean diffusivity.

For ma, forceps major; For mi, forceps minor; IFOF, inferior fronto-occipital fascicult
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Patient cases

Hypermetabolism (N)

BG (1)
Temporal (6), Cerebellum (3), Frontal (6)
Temporal (5)

BG (4), Frontal (1), Temporal (1)

BG (6), Frontal (4), Temporal (2)

BG (2), Cerebellum (2)

BG (1)

BG (2), Cerebellum (2), Occipital (1)
BG (4), Temporal (4)

Temporal (1)

BG (3), Cerebellum (3), Occipital (2)
BG (1)

BG (5), Temporal (3), Frontal (5)

BG (1), Temporal (1)

BG (1), Temporal (1)

BG (7), Temporal (7)

BG (28), Temporal (28), Cerebellum (1)
BG (1)

BG (1), Thalamus (1)

Temporal (2)

Temporal (1)

18F-FDG-PET findings

Hypometabolism (N)

Thalamus (2)
Occipital (3)

Parietal (6), Cingulate gyrus (1)

BG (1), Frontal (5), Temporal (4), Parietal (3), Occipital (6)
Occipital (7)

Temporal (1), Parietal (1), Occipital (2)

Parietal (1), Occipital (1)

BG (2), Frontal (4), Temporal (3), Parietal (5), Occipital (6)
Frontal (3), Temporal (2), Parietal (4), Occipital (5)

BG (2), Temporal (2)

Gingulate gyrus (4)

Temporal (1), Occipital (1)
The whole cerebral cortex (1)

T8F-FDG-PET, '8F-fluoro-2-deoxy-d-glucose positron emission tomography; AE, autoimmune encephaliis; NMDAR, N-methyl-d-aspartate receptor; LGI1, leucine-rich glioma

inactivated-

CASPR?, contactin-associated protein-2: GABAB, y-aminobutyric acid type B; BG, basal ganglia.
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Patient

FBDS

Involvement Loss of

1 Am, Face

2 Am,Face

3 Am

4 Am, Face,
Leg

5 Face

6 Am,Face

7 Am, Face,
Leg

8 Am,Leg

9 Am,face
10 Am, Face
11 Am, Face
12 Am, Face
13 Am, Face
14 Am, Face
15 Am, Face
16 Am, Face
17 Am, Face

awareness

No
No
No
Yes

No
Yes
Yes

No
No
No
Yes
No
No
No
No
No
No

Ictal EEG

Normal

Normal

Normal

Normal
Normal
Normal

Normal

Normal

Time from
onset to

MRI

MRI(day) Tawi/FLAIR

425
75

130

174

92
214
100

14
28
305
34
95
207
257
17
a5
12

hyperintensity

MTL
Normal
Normal
MTL

MTL
MTL
Normal

BG

MTL
Normal
BG, MTL
Normal
Normal
Normal
Normal
MTL
MTL

Time from
onset to

"8F-FDG-PET (day) Hypermetabolism Hypometabolism Time from treatment Metabolic

143
80
13

188

98
o1
50

25
21
302
35
332
45
276
94
127
17

8F-FDG-PET before treatment

BG, MTL
BG, MTL
Normal
MTL

BG, MTL
BG, MTL
BG

BG
BG, MTL.
BG
BG, MTL
BG
BG
BG
BG
BG, MTL
BG, MTL

Follow-up '®F-FDG-PET

to follow-up (day) changes

45

112

142

82

98

27

53

Decreased

Decreased

Decreased

Decreased

Decreased

Decreased

Decreased

18F-FDG-PET, '8F-fluoro-2-deoxy-d-glucose positron emission tomography; LGI1, leucine-rich gliomarinactivated 1; AE, autoimmune encephalitis; FBDS, faciobrachial dystonic seizures;
EEG, electroencephalogram; MRI, magnetic resonance imaging; MTL, medial temporal lobe; BG, basal ganglia.
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4 Normal
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15 TAD
16 TAD
17 -

EEG

Interictal

TAD
Normal
TAD, FAD
Normal
Normal
FAD
Normal
TAD
Normal
FAD, TAD
Normal
FAD, TAD
Normal
Normal
TAD

TAD

FAD, TAD

onset to
MRI (day)

12
190
798
34
75
9
38
4
87
51
12
148
71
7
9%
67
50

Time from  T2WI/FLAIR

hyperintensity

MTL
MTL
MTL
MTL
MTL
Normal
Normal
Normal
MTL
MTL
MTL
MTL
Normal
MTL
MTL
Normal
Normal

Time from
onset to
'8F-FDG-PET (day)

"
372
797

50

92

91

32

43
130

32

19
185

85
art

7

64

67

18F-FDG-PET before treatment

Hypermetabolism Hypometabolism Time from treatment
to follow-up (day)

MTL

BG, MTL
BG, MTL
BG, MTL
MTL

BG, MTL
BG, MTL
Normal
BG, MTL
BG, MTL
BG, MTL
BG, MTL
Normal
BG, MTL
BG, MTL
BG, MTL
BG

56
42
78

Follow-up '°F-FDG-PET

Metabolic
changes

Decreased
Decreased
Decreased

Decreased

18F-FDG-PET, '8F-fluoro-2-deoxy-d-glucose positron emission tomography; LGI1, leucine-rich glioma inactivated-1; AE, autoimmune encephalitis; FBDS, faciobrachial dystonic seizures;
EEG, electroencephalogram; MR, magnetic resonance imaging; TAD, temporal area slow waves or epileptiform discharges; FAD, frontal area slow waves or epileptiform discharges;
MTL, medial temporal lobe; BG, basal ganglia.
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Study

Lvetal. (14)
Amemiya et al. (16)
Qian et al. (36)
Christen et al. (28)
Coloigner et al. (26)
Siegel etal. (17)
Qian et al. (37)
Khalil et al. (18)
Nietal. (20)

W etal. (38)

Tong et al. (27)
Chen etal. (21)
Yang et al. (39)
Lvetal. (22)
Yan et al. (24)

Khalil et al. (19)
Zhao etal. (40)
Nishida et al. (32)

Jahanian et al. (41)

Investigated population Scan length
(minzs)
Acute stroke 6:50
Acute stroke and chronic hypoperfusion 10:00
Acute stroke 10:00
Moyamoya disease 3:36
Sickle cell disease 600
Subacute stroke 30:00°
Healthy individuals 6:40
Acute stroke 5:50
Subacute stroke 800
Chronic hypoperfusion and moyamoya 5:00°
disease
Healthy individuals 600
Acute stroke 800
Healthy individuals 10:00
Transient ischemic attack 800
Alzheimer's disease, mild cognitive 6:40
impairment, and healthy individuals
Acute stroke 550
Chronic stroke 615
Chronic hypoperfusion and moyamoya 7:20
disease

Moyamoya disease and healthy individuals 4:00 to 6:00

aMinimum of 5 min of resting-state functional MRI data after motion scrubbing required.
bTotal resting-state functional MRI data acquired was 20 min, but data was divided into
pre- and post-acetazolamide administration (5 min each) for processing.
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Characteristics Training group
HC PD
(n=48) (n=48)

Age (years, mean + SD) 7048+ 543 72.91 £9.89
Gender (male/female) 25/23 27/21
Duration of disease” (years, 475+£2.92
mean  SD)

Modified H&Y stage 25(20,3.0)
(median, IGR

or mean = SD)

P-value

0.124*
0.838>

HC
(n=21)

69.19+5.94 71.38+9.54

10711

Test group

PD
(=21

13/8
3.71£2.19

252 £ 097

HC-Training vs.

HC-Test
P value
P-value
03772 0.3812
0.535° 0.937°

PD-Training vs.
PD-Test
P-value

0.544
0.863°
o.1112

0.711°

HC, healthy controls; HC-Treining, healthy controls in the training group; HC-Test, healthy controls in the test group; PD, patients with Parkinson's disease; PD-Training, Parkinson's
disease patients in the training group; PD-Test, Parkinson's disease patients in the test group; SD, standard deviation; Modified H&Y stage, modified Hoehn-Yahr stage; IR, iterquartile
range. * The mean disease duration of PD patients, defined as the time between when a patient subjectively noticed his or her frst symptoms and the moment of assessment. * Two-sample

Student's t-test; ®Chi-square test; *Mann-Whitney U-test.
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Optimal features. Coefficient/Intercept

CN radiomics signature —16.160413946
Histogram Perc.50%_R ~0.027683304
Run-length matrix Vertl_GlevNonU_R* 0112951984

Vertl_GlevNonU_L 0019889353

456gr_RLNonUni_L 0001556338

135dr_RLNonUni_R 0.005421572
Co-occurrence matrix S (1,0)Correlat_L 8118174009

S (1,0)Correlat_R 9221141623

S (0,1)SumVarnc_R 0001540649

S (1,1)Contrast_R ~2.089856941

S (1,—1)Contrast_L ~0.142200691

S (4,—4)InvDiMom_L. 0750813907

S (5,5)nvDiMom_R 0.462795637
PU radiomics signature 2705271e + 00
Histogram Kurtosis_L 47748126 - 01

Perc.01%_R -3.950184e — 02
Run-length matrix Vertl_GlevNonU_R* 1.979927e - 02

45dgr_RLNonUni_L 4756729 — 06
Co-occurrence matrix S (2,-2)Contrast_L ~1.047061e - 02

S (5,0)InvDiMom_L —4534430e + 00

S (0.5)Contrast_R ~56.781975¢ - 03

CN, caudate nucleus; PU, putamen.
*Appeared simultaneously in two neostriatum radiomics signatures.





OPS/images/fneur-11-00381/crossmark.jpg
©

2

i

|





OPS/images/fneur-11-00381/fneur-11-00381-g001.gif





OPS/images/cover.jpg
EDITED BY: Jan Kassubek
PUB

Neurology

& frontiers Research Topics





OPS/images/fneur-11-00418/fneur-11-00418-t001.jpg
Characteristics Values

Age, year, median (IQR, range) 61(54-65, 31-78)
Sex, male, n (%) 24(71)
Clinical symptoms, n (%)
FBDS 17 (50)
Seizures (except FBDS) 33(97)
Memory loss 30(88)
Psychiatric symptoms 20 (59)
Depression 3(9)
Hallucinations 9(26)
Disorder of behavior 8(24)
Somnipathy 17 (50)
Hyponatremia, n (%) 22 (65)
Tumors, n (%) 10
LGH antibody positive, n (%) 34(100)
Only in serum 2(6%)
Onlyin CSF 2(6%)
Both in serum and GSF 30 (88%)
CSF abnormaliities, n (%)° 10 (29)
EEG abnormalities, n (%)
Total® 25(74)
lotal (FBDS)® 0(0)
MRI abnormalities, n (%)
Total 20 (59)
Only MTL lesion 18(53)
Only BG lesion 1)
Both BG and MTL lesions 10
18F-FDG-PET abnormaliies, n (%)
Total 31(91)
Only MTL lesion 309
Only BG lesion 8(29)
Both BG and MTL lesions 20 (59)
Immunotherapy, n (%) 34 (100)
Relapse, n (%) 8(24)

LGI1, leucine-rich glioma-inactivated 1; AE, autoimmune encephaltis; IQR, interquartie
range; FBDS, faciobrachial dystonic seizures; CSF, cerebrospinal fuid; EEG,
electroencephalogram; MR, magnetic resonance  imeging; ML, medal temporal
lobe; BG, basal ganglia; '8F-FDG-PET, '8F-fluoro-2-deoxy-d-glucose positron
emission tomography.

aNormal range 135~145 mmolL.

bCSF leukocyte count of >5/ul or protein levels of >45 mg/dl were considered abnormal,
Temporal area slow waves or epileptiform discharges were considered abnormal.
YRelevant discharges on video EEG during the ictal phase of FBDS were
RN )
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Scan length Interpretation® Noise® Structure clarity®

Full 0.64 0.22 0.40
0.8 071 0.29 0.15
06 0.82 0.25 0.26
0.4 0.75 0.67 0.40
0.2 0.67 0.72 0.48

#Refers to whether the rater judged the mep as showing aperfusion lesion, not showing
a perfusion lesion, or being uninterpretabe.
b Judged as high, medium or low.





OPS/images/fneur-11-00418/crossmark.jpg
©

2

i

|





OPS/images/fneur-11-00418/fneur-11-00418-g001.gif
s e (00) Mo 22 e
PET:91% positve (3134)  MRInegatve 225 pET posifive





OPS/images/fneur-11-00418/fneur-11-00418-g002.gif





OPS/images/fneur-11-00381/fneur-11-00381-t002.jpg
Variable Whole
sample

N 63
Age in years (median, IQR) 75 (65-79)
Sex (W/F) 39/24
Follow-up (n) 38
mRS (median, IQR)

Admission 3(2-4)

Discharge 2(1-3)
NIHSS (median, IQR)

Admission 40-8)

Discharge 2(0-9
Previous stroke (n) 22
Time (in hours) from symptom onset to MRI 9(3-16)
(median, IQR)
Vessel occlusion on MRA () 2
Therapy (n)

Thrombolysis 17

Mechanical thrombectomy 5
Stroke vascular territory (n)

Anterior cerebral artery 1

Middle cerebral artery 29

Posterior cerebral artery 9

Multiple territories 24

Patients with
hypoperfusion

43
78 (65-83)
23/20
17

464
3(1-4)
7(@-11)
3(1-5)
16
8(1-14)

24

15

19

21

MRS, Modified Rankin Scale; NIHSS, National Institutes of Health Stroke Scale.





