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ABSTRACT (246 words) 

Background and Purpose: Source-based morphometry (SBM) is a data-driven multivariate 

approach for interrogating covariation in structural brain patterns (SBPs) across subjects and 

quantifying the subject-specific loading parameters of these patterns. This approach has been 

used in multi-centre studies pooling magnetic resonance imaging (MRI) data across different 

scanners to advance the reproducibility of neuroscience research. In the present study, we 

developed an analysis strategy for Scanner-Specific Detection (SS-Detect) of SBPs in multi-

scanner studies, and evaluated its performance relative to a conventional strategy.   

Methods: We conducted two simulation experiments. In the first experiment, the SimTB toolbox 

was used to generate simulation datasets mimicking twenty different scanners with common 

and scanner-specific SBPs. In the second experiment, we generated one simulated SBP from 

empirical datasets from two different scanners. 

Results: The outputs of the conventional strategy were limited to whole-sample-level results 

across all scanners; the outputs of SS-Detect included whole-sample-level and scanner-specific 

results. In the first simulation experiment, SS-Detect successfully estimated all simulated SBPs, 

including the common and scanner-specific SBPs whereas the conventional strategy detected 

only some of the whole-sample SBPs. The second simulation experiment showed that both 

strategies could detect the simulated SBP. Quantitative evaluations of both experiments 

demonstrated greater accuracy of the SS-Detect in estimating spatial SBPs and subject-specific 

loading parameters. 

Conclusions: SS-Detect outperformed the conventional strategy in terms of accurately 

estimating spatial SBPs and loading parameters both at whole-sample and scanner-specific 

levels and can be considered advantageous when SBM is applied to a multi-scanner study. 
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1. INTRODUCTION 

Source-based morphometry (SBM) is a data-driven multivariate approach for identifying cross-

subject covarying structural brain patterns (SBPs) and the subject-specific loading parameters 

of these patterns.1, 2 While this approach was initially proposed as an extension to voxel-based 

morphometry of gray matter volume (GMV),3 it has also been implemented to construct SBPs 

based on cortical thickness,4 myelin volume fraction,5 and fractional anisotropy.6 

To date, SBM has been predominantly used in single-scanner studies to investigate 

neuroanatomical differences between populations and neuroanatomical correlates of 

demographic or clinical characteristics.7-10 More recently, SBM has also been employed in 

collaborative studies,11-14 since pooling of multi-scanner magnetic resonance imaging (MRI) data 

from multiple sites has gained research momentum in the past decade.15, 16 Theoretically, SBM 

assumes common SBPs and varying loading parameters across all subjects of the investigated 

cohort.1, 3 Therefore, the conventional strategy to implement SBM in a multi-scanner setting is to 

directly concatenate data from the different scanners to form a single matrix as the input of 

independent component analysis (ICA);3 the outputs are whole-sample-level SBPs derived from 

the entire study sample across all scanners. The main limitations of this strategy is that it only 

yields whole-sample-level SBPs and it cannot ascertain scanner-specific variations. There is 

growing interest in studying individual variability in neuroscience,17, 18 but the data-pooling 

nature of current SBM techniques precludes personalized SBPs detection.2 To align SBM with 

the goal of precision neuroscience, it is vital that we develop new ways to model scanner-

specific SBPs, and infer more accurate estimates of subject-specific loading parameters. To 

address this challenge, we developed SS-Detect, a novel analysis strategy to detect scanner-

specific structural brain patterns in multi-scanners studies and used simulation experiments to 

evaluate its performance against the conventional strategy. 

2. METHODS 

2.1 SBM analysis strategies for multi-scanner studies 

The conventional SBM analysis method for a multi-scanner study concatenates all the data from 

the different scanners to form a single matrix as the input for further analyses (Figure 1A). In this 

case ���������	��



 = [��; ��; …; �
] would be a typical data matrix, where �� is the data matrix 

from the �-th scanner with dimension of �n×v, in which �n is the n-th subject studied on the �-th 

scanner and v represents voxel number. Principal component analysis (PCA) is performed on 

���������	��

  for dimensional reduction across all subjects scanned across all scanners. 

Thereafter, ICA is performed on ���������	�� which is the reduced data matrix, and the outputs 
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of ICA are the whole-sample-level SBPs (���������	��) and their associated loading parameter 

matrix (���������	��). 

Figure 1B presents the flowchart of the SS-Detect which is a scanner-specific analysis 

strategy. By analogy to the group ICA approach used in functional MRI studies,19 SS-Detect first 

applies PCA to data matrix �� , � � �1, n� , then a second PCA procedure is conducted on the 

concatenated matrix ���������	��

  which is followed by the ICA procedure to obtain the whole-

sample-level SBP matrix ���������	�� and loading parameter matrix ���������	��. The final step 

is to back-reconstruct the scanner-specific-level results based on the whole-sample-level results 

and PCA compression and projection.20 

2.2 Simulation with SimTB toolbox 

We evaluated and compared the conventional and the SS-Detect strategies with GMV data from 

simulated structural MRI data. Although GMV was used as an exemplar the method can be 

implemented using other structural metrics (e.g. cortical thickness). We generated 20 GMV 

datasets mimicking 20 different scanners using the SimTB toolbox.21, 22 In simulated data 

representing each scanner, the number of subjects was randomly generated between 50 and 

100. Simulated data representing each scanner were generated as the product of a loading 

parameter matrix and a SBP matrix. The code used to generate simulated data is available on 

GitHub (https://github.com/ruiyangge/multiscanner_SBM). The first 10, and second 10 datasets 

were comprised of 15 SBPs each (with dimension 300×300 with baseline intensity of 1,000). 

The two sets of 10 datasets shared 14 common SBPs, yielding 16 different SBPs in total. The 

two dataset-specific SBPs were generated to mimic the variability of SBPs between different 

scanners. Spatial locations of these 16 SBPs are shown in Figure 2A. Rician noise was added 

to the simulated datasets with different signal-to-noise-ratio (SNR, uniformly varied from 40 to 

110),23, 24 defined as 
�/��, where 
� is the mean value of the SBP signal and �� is the standard 

deviation of the noise. Varying SNR values were used to mimic the varying distribution of SNR 

values across different scanners.25 Then, the conventional and the proposed analysis strategies 

were then applied to these 20 datasets, with model orders of ICA were set as 16 for both 

strategies. To test the stability of the ICA decomposition, the ICASSO technique with one-

hundred ICA repetitions was used.26 

2.3 Simulation with empirical GMV data 

In this simulation, we used two datasets collected at the University of British Columbia MRI 

Research Centre on a Philips Achieva 3.0-T scanner and a GE Genesis Signa 1.5-T scanner. 

Each dataset comprised 43 healthy participants (25 females). The age range of the participants 
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was 18-63 and 16-47 years, for the Philips and GE datasets respectively. All participants 

provided written informed consent and studies were approved by the University of British 

Columbia ethics board. T1-weighted images from the Philips Achieva scanner were acquired 

with the following parameters: 165 axial slices; TR = 8.1 ms; TE = 3.5 ms; flip angle (FA) = 8°; 

field of view (FOV) = 256 mm×256 mm×165 mm; acquisition matrix= 256×250; slice thickness = 

1 mm. T1-weighted images from the GE Genesis Signa scanner were acquired with the 

following parameters: 124 axial slices; TR = 11.2 ms; TE = 2.1 ms; FA= 20°; FOV = 256 mm×

256 mm×260 mm; acquisition matrix= 256×256; slice thickness = 1.5 mm. 

Preprocessing for voxel-based morphometry was performed using the CAT12 toolbox 

(http://www.neuro.uni-jena.de/cat/). First, the images were segmented into gray matter, white 

matter and cerebrospinal fluid probability maps by unified segmentation. Next, gray matter 

images were registered to the tissue probability map using affine transformation. Diffeomorphic 

Anatomical Registration using Exponential Lie Algebra was carried out to implement a high-

dimensional nonlinear normalization. Through iteration of image registration and template 

creation, gray matter maps were normalized to their own average templates and further to the 

Montreal Neurological Institute space, and resampled to a voxel size of 1.5 mm3. Thereafter, 

normalized gray matter images were modulated with the Jacobian determinants of the nonlinear 

transformation and smoothed with an 8 mm3 Gaussian kernel. After pre-processing, we 

obtained normalized, modulated, and smoothed GMV images for subsequent SBM analysis. 

We first decomposed each dataset into 10 SBPs with SBM, and replaced one randomly-

selected empirical SBP with a simulated SBP located in the frontal lobe (Figure 4A). Specifically, 

data for the background voxels (voxels outside of the selected frontal region) were randomly 

generated with the MATLAB “randn” function, and data of the SBP voxels were drawn from the 

empirical SBP. The loading parameter matrix was randomly generated with the “randn” function. 

Simulated MRI data of each dataset were generated as the product of the loading parameter 

matrix and the SBP matrix. Thereafter, the conventional SBM analysis strategy, and the 

proposed strategy for multi-scanner studies were applied to the simulated datasets, with the 

model orders of ICA set as 10 for each strategy. This procedure was repeated ten times, with 

the ICASSO technique using one-hundred ICA repetitions in each run.  

2.4 Evaluation of the two strategies 

Three quantitative measures were used to assess the two analysis strategies: (1) Dice’s 

coefficients between spatial templates and SBPs; (2) area under curve (AUC) of the curves of 
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Dice’s coefficients; and (3) Pearson’s correlation coefficients between ground-truth loading 

vectors and estimated loadings. 

In the SimTB-based simulated data, overall performance at the whole-sample-level results 

was the mean of each quantitative measure across the 16 SBPs; overall performance at the 

scanner-specific results was the mean of each quantitative measure across the 15 simulated 

SBPs for the first 10 and the second 10 datasets, respectively.  

In the empirical data-based simulation, overall performance both at the whole-sample-

level and the scanner-specific results was the final value of each performance measure 

averaged across ten runs.  

Finally, we compared the performance measures (i.e., Dice’s coefficients, AUC of Dice’s 

coefficient’s curve, and correlation coefficients of loadings) between the two analysis strategies 

with Wilcoxon signed-rank tests. The statistical significance level was set as p < 0.05. 

2.4.1 Evaluation of the whole-sample-level spatial SBPs 

The whole-sample-level spatial SBPs could be detected with both analysis strategies. For each 

experiment, we computed the Dice’s coefficients between the ground-truth templates (see 

Figure 2A, and Figure 4A) and the SBPs. Dice's coefficient ranges from 0 to 1, with higher 

values indicating higher similarity between two binary images. We first z-transformed the SBPs, 

then used a z-threshold to binarize the SBPs, varying this threshold over an interval of [0.1, 10]. 

We took the Dice’s coefficient with z-threshold = 2.5 as one quantitative measure of the analysis 

strategies, this z-threshold was selected because it is an popular empirical threshold for 

displaying the results of spatial SBPs.12, 27-29 We also plotted curves of the Dice’s coefficients 

with varying z-thresholds, and computed the area under curve (AUC) as another quantitative 

measure.  

2.4.2 Evaluation of the scanner-specific spatial SBPs 

The scanner-specific spatial SBPs could be detected only with SS-Detect. For the scanner-

specific spatial SBPs of the SimTB data, we used a one-sample t-test to summarize the results 

of the first 10 and second 10 datasets separately, and used t-thresholds varying between 0.1 

and 10 to binarize the t-maps.  

For the scanner-specific spatial SBPs of the empirical data, we used a one-sample t-test 

to summarize the results of Philips and GE data separately, with t-thresholds varying between 

0.1 and 75 to binarize the t-maps. Dice’s coefficient between the thresholded t-maps and 

ground-truth templates at each t-threshold was then computed.  

2.4.3 Evaluation of the loadings of the SBPs 
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Each subject had a single loading parameter for each SBP. To assess the detection ability of 

the analysis strategies for the loading parameters, we computed the Pearson’s correlations 

between the ground-truth loading vectors and those obtained from each strategy. This 

procedure was the same for both experiments. 

RESULTS 

Results from the simulated datasets  

Figure 2 presents the estimated SBPs based on the two analysis strategies. At the whole-

sample-level, the SS-Detect successfully detected all 16 simulated SBPs (Figure 2C), whereas 

the conventional analysis detected only 12 as some SBPs were apparently fused (Figure 2B); 

for example, one estimated SBP (pattern ID: 1, Figure 2B) consisted of two simulated SBPs 

(pattern IDs: 1 and 11, Figure 2A). SS-Detect successfully detected both the 14 common and 

the 2 scanner-specific SBPs in each scanner-specific dataset and at the whole-sample-level. 

The results of the first 10 datasets contained a “noise-like” SBP (pattern ID: 16) which was not 

simulated in these datasets, and the results of the second 10 datasets contained a “noise-like” 

SBP (pattern ID: 15) which was not simulated in these datasets. 

Quantitative evaluation of the SBM results showed that at the whole-sample-level, 

estimated SBPs from the SS-Detect had higher AUC and Dice’s coefficient (z-score = 2.5) 

relative to the conventional analysis (Figure 3A). Although the first 10 simulated datasets had 

different SBPs compared with the second 10 datasets, their AUC and Dice’s coefficients were 

similar (Figure 3B). Figure 3C shows that the average correlation coefficient between the 

estimated loading parameters and the ground-truth loadings from SS-Detect was significantly 

higher than that from the conventional strategy. This finding was detected both in the first 10 

datasets (MEAN±SE: 0.828±0.008 versus 0.745±0.026) and the second 10 datasets 

(MEAN±SE: 0.841±0.006 versus 0.731±0.028). 

Results from empirical data 

At the whole-sample level, SS-Detect successfully estimated the simulated SBP (Figure 4C), 

whereas the estimated SBP from the conventional strategy included regions (e.g., right superior 

parietal regions) which were not part of the SBP (Figure 4B). Therefore, the conventional 

strategy detected false-positive regions. Quantitative evaluation of the SBM results showed that 

at the whole-sample-level, SS-Detect estimated SBPs with higher AUC and Dice’s coefficient (z-

score = 2.5) relative to the conventional analysis (Figure 5A). At the scanner level, SS-Detect 

successfully detected the simulated SBP for both datasets (Figure 4D). The AUC of the Philips 

dataset was slightly higher than that of the GE dataset (Figure 5B). Figure 5C shows that the 
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average correlation coefficient between the estimated loading parameters and the ground-truth 

loadings from SS-Detect was significantly higher than that from the conventional strategy. This 

finding was observed in both in MRI data from Philips Achieva scanner (MEAN±SE: 

0.878±0.022 versus 0.728±0.057) and GE Genesis Signal scanner (MEAN±SE: 0.895±0.017 

versus 0.804±0.050). 

DISCUSSION AND CONCLUSIONS 

In this paper, we proposed SS-Detect as a scanner-specific analysis strategy to improve the 

detection of SBPs in SBM analyses of multi-scanner datasets. SS-Detect can be considered an 

adaptation to anatomical MRI studies of the commonly-used group ICA in the field of functional 

MRI.19, 30 Both SS-Detect and the conventional strategy assessed in the present study employed 

group ICA to establish correspondence of SBPs across datasets acquired with different MRI 

scanners. The present report describes a simulation study to assess the performance of SS-

Detect. Firstly, qualitative visualization showed that SS-Detect could successfully estimate all 

SBPs, both at the whole-sample-level and at the individual scanner-level. These findings 

suggest that SS-Detect preserves the variability of the SBPs between different scanners, which 

cannot be ascertained with the conventional strategy. Secondly, quantitative comparisons in two 

experiments demonstrated that SS-Detect was more accurate than the conventional strategy in 

estimating both the SBPs and subject-specific loading parameters. These findings underscore 

the advantage of using SS-Detect for analysis of SBM in a multi-scanner study. 

Future studies will be necessary to extend this work in two ways. First, SS-Detect could be 

used to explore systematic differences introduced into a multi-scanner MRI study because of 

the different scanning platforms used; this could also assist in eliminating undesired noise which 

confounds true effects of interest.31, 32 Second, relative to the conventional analysis strategy, 

SS-Detect is a further step towards the goal of precision neuroscience by establishing 

correspondence of SBPs in the entire study sample across scanners and simultaneously 

preserving the variability within  each scanner-specific dataset. Nonetheless, the primary 

limitation of SS-Detect is that it cannot be applied at an individual subject level. Accordingly, 

future studies are need to go beyond, by addressing individual subject variability. Constructing 

SBPs from an individual anatomical MRI image would make it possible to investigate variability 

between individuals.2, 33 
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FIGURE LEGENDS 

Fig 1. Flowcharts of the two analysis strategies of source-based morphometry (SBM). PCA: 

principal component analysis. X, A, and S indicate the MRI data matrix, loading parameter 

matrix, and spatial structural brain pattern (SBP) matrix. The MRI data matrix can be a matrix of 

gray matter volume, cortical thickness, or fractional anisotropy etc. 

Fig 2. (A) Spatial locations of the simulated structural brain patterns; the first 10 data were 

comprised of 15 patterns (pattern IDs: 1-15), and the second 10 data were comprised of 15 

patterns (pattern IDs: 1-14, and 16). Whole-sample-level results of the conventional analysis 

strategy (B) and SS-Detect analysis strategy (C). (D) Individualized scanner-specific results of 

the first 10 data and the second 10 data. A one-sample t-test was used to summarize the first 

10 data and second 10 data separately. 

Fig 3. (A) Average Dice’s coefficient between the 16 structural brain patterns (SBPs) and the 

ground truth at the whole-sample-level. Statistical analysis showed that the estimated SBPs 

from the SS-Detect analysis strategy had higher AUC and Dice’s coefficient (at z-score of 2.5) 

relative to the conventional analysis strategy. (B) Average Dice’s coefficient between the 15 

SBPs and the spatial ground truth at the individual scanner-level for the first and second 10 

simulated data, respectively. (C) Average correlation coefficient between the estimated loading 

parameters and the ground truth for the first and second 10 simulated data, respectively. Error 

bars indicate the standard error across all SBPs. AUC: area under curve. 

Fig 4. (A) Spatial location of the simulated component. Whole-sample-level results of the 

conventional analysis strategy (B) and SS-Detect analysis strategy (C). (D) Individualized 

scanner-specific results. A one-sample t-test was used to summarize the results of Philips and 

GE data separately. 

Fig 5. (A) Average Dice’s coefficient between the simulated structural brain pattern (SBP) and 

the ground truth at the whole-sample-level. Statistical analysis showed that the estimated SBP 

from the SS-Detect analysis strategy had higher AUC and Dice’s coefficient (at z-score of 2.5) 

relative to the conventional analysis strategy. (B) Average Dice’s coefficient between the 

estimated SBP and the spatial ground truth at the individual scanner-level for the Philips and GE 

data, respectively. (C) Average correlation coefficient between the loading parameters and the 

ground truth for the Philips and GE data, respectively. Error bars indicate the standard error 

across the 10 repetitions of the simulation. AUC: area under curve. 
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