
Aggregating structural MRI data across sites enables us to address the biological heterogeneity in
Alzheimer's disease. However, inter-scanner variability hinders the direct comparability of multi-
site/scanner MRI data (Figure 1). To address the inter-scanner variability of structural MRI data, many
retrospective harmonization approaches have been proposed to minimize the scanner effect at different
levels (Figure 2); structural MRI data formation and the following analytic procedures mainly have four
levels to which the harmonization methods can be applied (Figure 2). Recent studies of retrospective
harmonization mostly focus on brain image harmonization and neuroimaging feature harmonization.
Recent advances in statistical harmonization at the neuroimaging feature level achieve the satisfactory
performance of providing comparable measures across scanners such as ComBat method. Although the
ComBat method is one of the most popular approaches to reduce the variability at the feature level (e.g.
region-of-interest measures), directly harmonizing images at the voxel level using ComBat has been less
investigated. To explore the feasibility of extending ComBat to the voxel level, we propose a framework
that incorporates ComBat on three-dimensional superpixels (SP-ComBat), improving the computational
efficiency and stability of harmonization.
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Figure 1. Visualization of brain images from the same subject acquired at four different MRI scanners. Inter-scanner variability of structural MRI (i.e.
T1-weighted imaging) refers to a sort of technical variation of neuroimaging data across scanners. Structural MRI data acquired from the same
subject but at different scanners have distinct image qualities (e.g. image noise, contrasts, and signal homogeneity), and this variation may affect the
downstream analyses and derived results.

Background

Materials and Methods
Eighteen subjects (10 patients with Alzheimer's disease and 8 controls; age: 68.0 [9.3] years; 10 females)
participated in this study. For each traveling subject, T1-weighted images were acquired on each of four
3T scanners with different manufacturers or models. After the standard image preprocessing including
two-step registration, the individuals’ cross-scanner unharmonized scans (Raw images) were aligned to
generate an average image for superpixel parcellation (Figure 3). The images were parcellated into ten
thousands of superpixels based on local contrasts, and then ComBat (Equation 1) was applied to each
superpixel to harmonize voxel-wise signal distributions (Figure 3). The harmonized scans were used to
estimate gray matter volume and cortical thickness by employing voxel- and surface-based
morphometries (Figure 4), and the coefficients of variation of neuroanatomical measures were calculated
to evaluate the harmonization performance.

Results

Conclusion

The harmonized images provided similar contrasts across scanners compared to the Raw images in visual
inspection (Figure 5). The contrast-to-noise ratio between gray matter and white matter (CNR) and
structural similarity index between harmonized brain tissue maps (SSIM) were significantly improved
across scanners (p < 0.001), except the CNR in Prisma and the SSIM of GM in Prisma vs. Trio (Figure 6).
Also, our method can significantly reduce the coefficients of variation in terms of volumetric and cortical
thickness measures (both p-values < 0.001) (Figure 7 & 8).

The proposed approach that optimizes the efficiency and performance of ComBat harmonization at the
voxel level can significantly reduce the inter-scanner variation and improve the structural similarities
between cross-scanner brain scans.

Figure 2. Structural MRI image formation and analyses and their corresponding harmonization approaches.

Equation 1. Estimation of scanner effect by using ComBat method.

Figure 3. Analytic pipeline of proposed ComBat image harmonization with 3D superpixel. Individual images were
preprocessed by using image bias correction, two-step registration (within-subject and between-subject spatial registration),
and normalization to a standard space. After that, within-subject average images were established to create 3D superpixel
parcellation. The ComBat method were performed in every superpixel to harmonize the pixel-wise signal distribution
across different scanners. The estimated coefficients in the Equation 1 were mapped into the standard space, and the
averaged coefficients using bootstrapping were used to harmonize the images across scanners at the group level. Ideally,
after harmonizing images by the proposed superpixel-ComBat (SP-ComBat), the images were transformed into a common
representation space that enables images acquired from different scanners to be comparable and have similar image quality.

Figure 4. Analytic procedures of voxel-based and
surface-based morphometry. Voxel-based morphometry
and surface-based morphometry were performed on
T1-weighted images to quantify regional volume and
cortical thickness, respectively, using Computational
Anatomy Toolbox. To estimate the volume of each
region of interest (ROI), the LONI probabilistic brain
atlas containing 56 ROIs (including cortical and
subcortical regions) was used as a reference for
volumetric tissue compartmentation. Surface-based
morphometry was employed to measure cortical
thickness through projection-based thickness
estimation. The estimated thickness features were
sampled according to the 68 cortical ROIs included in
the Desikan–Killiany cortical atlas. In sum, 56
volumetric features and 68 cortical thickness features
were quantified.

Figure 7. Coefficients of variation in
volumetric measures of gray matter regions.
After harmonization, the variation of
volumetric measures across scanners was
significantly reduced compared to
unprocessed images (i.e. raw images). This
indicates that our proposed method can
successfully apply ComBat method to the
harmonization at the image level to reduce
the inter-scanner variability in terms of
volumetric measures of gray matter.

Figure 6. Results of contrast-to-noise ratio (CNR) and structural similarity index (SSIM) after applying the proposed statistical harmonization
method, SP-ComBat.

Figure 5. Visualization of T1-
weighted images acquired from a
single subject at 4 different scanners
with and without the SP-ComBat
harmonization. The images at the first
and second rows refer to the raw
images and harmonized images (i.e.
with SP-ComBat), respectively.
Notably, the intensity scale for all
images shown here is normalized to
[1,100] for fair visual comparison.
The regions with red circles highlight
the harmonized local contrast among
scanners.
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Figure 8. Coefficients of variation in
cortical thickness measures of gray matter
regions. After harmonization, the variation
of thickness measures across scanners was
significantly reduced compared to
unprocessed images (i.e. raw images). This
indicates that our proposed method can
successfully apply ComBat method to the
harmonization at the image level to reduce
the inter-scanner variability in terms of
thickness measures of gray matter.


