www.nature.com/scientificreports

scientific reports

OPEN

W) Check for updates

Effects of MRI scanner
manufacturers in classification
tasks with deep learning models

Rafsanjany Kushol'*, Pedram Parnianpour?, Alan H. Wilman3, Sanjay Kalral?* &
Yee-HongYang?

Deep learning has become a leading subset of machine learning and has been successfully employed

in diverse areas, ranging from natural language processing to medical image analysis. In medical
imaging, researchers have progressively turned towards multi-center neuroimaging studies to address
complex questions in neuroscience, leveraging larger sample sizes and aiming to enhance the accuracy
of deep learning models. However, variations in image pixel/voxel characteristics can arise between
centers due to factors including differences in magnetic resonance imaging scanners. Such variations
create challenges, particularly inconsistent performance in machine learning-based approaches,

often referred to as domain shift, where the trained models fail to achieve satisfactory or improved
results when confronted with dissimilar test data. This study analyzes the performance of multiple
disease classification tasks using multi-center MRI data obtained from three widely used scanner
manufacturers (GE, Philips, and Siemens) across several deep learning-based networks. Furthermore,
we investigate the efficacy of mitigating scanner vendor effects using ComBat-based harmonization
techniques when applied to multi-center datasets of 3D structural MR images. Our experimental
results reveal a substantial decline in classification performance when models trained on one type

of scanner manufacturer are tested with data from different manufacturers. Moreover, despite
applying ComBat-based harmonization, the harmonized images do not demonstrate any noticeable
performance enhancement for disease classification tasks.

Machine learning (ML) is a mathematical method based on statistics by which a computer model is created
to perform specific tasks by learning from existing data and has been applied in clinical applications for many
years. A prominent ML branch known as deep learning (DL) builds models using layers of interconnected
neurons to learn critical insights from existing data and to predict the outcome for new data. Unlike traditional
ML methods, DL networks automate feature extraction and selection, making them user-friendly and more
prevalent than classical ML techniques. Recent research has demonstrated that DL, particularly convolutional
neural networks (CNNG), are an effective strategy for classifying, segmenting, and detecting objects of interest
in medical images' ™.

Magnetic resonance imaging (MRI) is a versatile, non-invasive imaging modality offering exceptional resolu-
tion and contrast for analyzing soft tissue. MR images have useful therapeutic applications, including diagnostics,
due to the varied appearance of organs, tissues, and pathology. Training a DL model requires sufficient training
data (e.g., MR images, clinical scores) and/or their corresponding ground truth. The network uses the training
data to adjust its internal parameters (up to many millions), allowing it to map from the input to the required
ground truth. The robustness of the model is highly dependent on the inclusion of a large number of relevant
samples in the training phase. During deployment, the trained model is applied to unseen samples, leveraging
its learned parameters to formulate predictions. Hence, the practical efficacy of the DL framework depends on
its successful generalization to unknown datasets.

The aggregation of multi-center large-scale MRI databases in recent brain research initiatives has provided
crucial findings for comprehending the neurobiological aspects underlying brain functions. However, the con-
siderable variations arising from distinct centers, originating from non-biological sources and introducing vari-
ability into the neuroimaging data, have hindered the coherent interpretation of reported results. While numerous

!Department of Computing Science, University of Alberta, Edmonton, Canada. ?Neuroscience and Mental
Health Institute, University of Alberta, Edmonton, Canada. Departments of Radiology and Diagnostic Imaging
and Biomedical Engineering, University of Alberta, Edmonton, Canada. “Division of Neurology, Department of
Medicine, University of Alberta, Edmonton, Canada. *email: kushol@ualberta.ca

Scientific Reports|  (2023) 13:16791 | https://doi.org/10.1038/s41598-023-43715-5 nature portfolio


http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-023-43715-5&domain=pdf

www.nature.com/scientificreports/

earlier studies have evaluated various CNNs across diverse MRI datasets, the generalization issue of CNNs on
MR images remains. CNNs, as statistical tools, learn the input data’s statistics under the assumption of identical
independent distribution (IID). Under this assumption, a trained CNN model is expected to perform consistently
on samples with similar or identical distributions. In the context of multi-center MRI datasets, MR images are
prone to statistical shifts due to variations in scanner manufacturers and different image acquisition protocols’.

MRI scanner variations contribute to significant statistical changes, as specific MRI machines provide images
with unique properties due to vendor-specific proprietary implementations. The majority of the MRI scans
observed in publicly available large datasets come from three renowned manufacturers: General Electric (GE)
Healthcare, Philips Medical Systems, and Siemens®. Previous investigations have unveiled the limited generaliza-
tion capability of CNN models across MRI data derived from different manufacturers. Tian et al.” introduced an
MRI harmonization technique that addresses various site effects, including factors such as scanner manufacturer,
scanner type, phase encoding direction, and the number of channels per coil. However, the authors reported that
the scanner manufacturer factor is the most significant parameter generating the site effects. In another MRI
radiomics feature-based study?®, the authors observed higher sensitivity in the scanner manufacturer parameter
among the three scanner attributes (manufacturer, magnetic field strength, and slice thickness).

MRI has been widely used for three decades to diagnose diseases such as acute infarct’, multiple sclerosis
(MS)"°, brain tumors'! and so on. In a left ventricle (LV) segmentation task, the authors explored the performance
variation among three different scanner manufacturers and proposed a manufacturer-adaptation strategy to
mitigate scanner bias'?. Dadar et al."’ assessed the reliability of gray and white matter volume measurements and
the associated variability within multi-site MRI datasets utilizing different scanners. In another investigation'*,
the authors revealed a variability of 0.15 mm in cortical thickness measurements due to a scanner vendor change
(GE/Siemens). However, to the best of our knowledge, no reports have been published demonstrating the impact
on the performance of different disease classification tasks, such as patient vs. control normal (CN), due to vari-
ations in scanner manufacturers.

Harmonization is a technique used to mitigate variations arising from diverse image acquisition proto-
cols. Multi-center MRI data harmonization aims to remove site-specific bias while preserving intrinsic image
properties™ (e.g., biological factors). A popular harmonization method, “ComBat,” was initially introduced to
alleviate batch effects in gene expression microarray data and has been proven effective in addressing scanner/site
effects in multi-site diffusion tensor imaging (DTI) data'é. We aim to evaluate the effectiveness of the standard
ComBat and one of the modified ComBat-based harmonization approaches for structural imaging using four
large multi-center longitudinal MRI datasets involving three major scanner manufacturers. Existing research
shows that ComBat is highly successful in neuroimaging data harmonization, focusing on removing scanner
effects from a set of imaging features such as cortical thickness, surface area, and subcortical volumes!’-%.
Pomponio et al.*! applied a modified ComBat method to 145 anatomical ROI volumes to eliminate location and
scale effects for each ROI. Another study reported better performance by employing radiomic features from
lung computed tomography (CT) images with a modified ComBat method?. Nevertheless, the application of a
ComBat-based strategy to full-size 3D (NIFTI) images, rather than specific ROIs or extracted features, presents
an ongoing challenge. For extensive high-resolution image datasets, memory allocation constraints may impede
program execution. Additionally, the ComBat-based strategy requires some demographic data to be available for
all samples, such as sex, age, and disease status, which we aim to preserve during harmonization. Importantly,
adding a new sample to an existing dataset imposes another concern: the need to rerun the entire harmoniza-
tion process with the newly added data. Lastly, a recent study? disclosed that existing statistical harmonization
methods like ComBat failed to harmonize cortical thickness from multi-scanner MRI data.

This work focuses on the non-biological factors of variability in neuroimaging data due to transformations in
MRI scanner manufacturers, which pose a barrier to the practical applications of DL algorithms in the medical
domain. We highlight how the scanner vendor significantly impacts disease classification performance with mul-
tiple DL models. Our investigation delves into the classification of patients with four complex neurodegenerative
disorders: Alzheimer’s disease (AD), Parkinson’s disease (PD), amyotrophic lateral sclerosis (ALS), and the inter-
mediate stage of AD known as mild cognitive impairment (MCI). Our analysis demonstrates a drastic drop in
classification accuracy when DL models are tested with data from a different scanner manufacturer. Subsequently,
our experiments reveal that employing a ComBat-based harmonization technique could not yield discernible
enhancements in classification performance when applied to a multi-center dataset of 3D structural MR images.

Methods

Datasets

The Health Research Ethics Board (HREB) at the University of Alberta approved the protocol presented in this
study. The Alzheimer’s Disease Neuroimaging Initiative (ADNI)* and the Parkinson Progression Marker Initia-
tive (PPMI)? represent two prominent and extensively studied publicly available datasets in the field of AD and
PD detection, respectively. The ADNI protocol received authorization from the committee on human research at
each participating center, with written informed consent provided by each participant. Additional information is
accessible at adni.loni.usc.edu. The PPMI study was performed following the Declaration of Helsinki and Good
Clinical Practice (GCP) policies, in addition to the approval of the local ethics committees of the participating
centers. At the time of enrollment, each participant provided written informed consent for using their imaging
and clinical data. More details can be found at http://www.ppmi-info.org/. The authors attained approval to use
the ADNI and PPMI data in the present study. The Canadian ALS Neuroimaging Consortium (CALSNIC)?
is the only prospective, multi-center and multimodal longitudinal study of ALS using harmonized clinical and
imaging protocols across its sites. The CALSNIC study was conducted with the approval of each participating
site€’s HREB, and informed consent was obtained from the participants. Our study leverages T1-weighted MR
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images, commonly used for standard structural imaging, acquired from three distinct MRI manufacturers (GE,
Philips, and Siemens) across the aforementioned datasets. The acquisition orientation of all the MRI data used
in our study is sagittal. We employ two versions of ADNI, ADNI1 and ADNI2, consisting of 1638 and 865 MRI
scans, respectively. Additionally, our study enlists 528 samples from PPMI and 545 samples from the CALSNIC2
datasets. CALSNICI data were excluded from our experiments due to its comparably limited sample size as
well as variations in MRI acquisition orientation. An insightful depiction of the demographic composition of
our utilized datasets is presented in Table 1. Furthermore, Table 2 meticulously outlines the divergent scanning
protocols linked to different scanner manufacturers.

Preprocessing

A straightforward, rapid, and commonly employed preprocessing pipeline is implemented to prepare the original
3D T1-weighted brain MRI data for disease classification tasks. The process begins with a standard operation
known as skull stripping, aimed at eliminating the unnecessary skull region. This task is achieved using the

MRI scanner manufacturer
GE Siemens Philips
Sex Age Sex Age Sex Age
Dataset Group | (M/F) (MeantStd) | (M/F) (MeantStd) | (M/F) | (MeantStd)
AD 80/80 755 = 7.7 80/80 750+ 7.2 60/49 757+7.0
ADNI1 CN 80/80 75.1+5.7 80/80 75959 109/67 | 75.4+52
MCI 150/100 | 75.3+7.6 150/100 | 76.1+7.0 150/63 |759+7.5
AD 62/41 750+ 8.5 100/57 75.1+78 48/58 745+73
ADNI2
CN 80/82 743 +59 100/57 74.0 + 6.4 80/100 |75.6+6.4
PPMI PD 83/40 61.6 +9.7 78/46 63.0+9.8 70/37 61.6+9.9
CN 17/17 59.6 +13.3 72/35 59.6 £ 10.5 20/13 59.7 +11.2
ALS 14/4 540+11.8 124/65 60.1 +£10.2 29/20 62.4+82
CALSNIC2
CN 18/13 60.1 +8.8 120/101 | 54.9 £10.5 12/25 61.7 +10.8

Table 1. Demographic details of the ADNI1, ADNI2, PPMI, and CALSNIC?2 datasets.

MRI scanner manufacturer
Dataset Scanning protocol | GE Siemens Philips
Model Genesis Signa, Signa Excite, Symphony, Sonata, Trio, Achieva, Intera Achieva,
Signa HDx TrioTim, Avanto, Allegra Intera, Gyroscan Intera
Field strength 15T/30T 1.5T/30T 1.5T/30T
ADNIL Flip angle 8° 8°/9° 8°
Spatial resolution 1.0 x 1.0 x 1.2mm?*/ 1.0 x 1.0 x 1.2mm>/ 1.0 x 1.0 x 1.2mm?*/
0.94 x 0.94 x 1.2mm? 1.25 x 1.25 x 1.2mm? 0.94 x 0.94 x 1.2mm?
Signa HDxt, Signa Excite, Symphony, Skyra, Verio, Achieva dStream, Achieva,
Model Signa HDx, Discovery MR750 TrioTim, Avanto Intera, Ingenia, Ingenuity
ADNI2 Field strength 30T 30T 30T
Flip angle 11° 9° 9°
Spatial resolution | 1.05 x 1.05 x 1.2 mm?3 1.05 x 1.05 x 1.2mm? 1.05 x 1.05 x 1.2mm?
Signa HDxt, Signa Excite, Symphony, Skyra, Verio, Achieva dStream, Intera,
Model Discovery MR750w, Genesis Signa | TrioTim, Prisma, Espree, Achieva, Gyroscan NT
Signa Architect, Discovery MR750 | Prisma Fit
Field strength 1.5T/3.0T 1.5T/30T 15T/30T
PPMI Flip angle 8°/11°/13°/15° 8°/9°/15° 8°/9°
1.0 x 1.0 x 1.0mm?/ 1.0 x 1.0 x 1.0 mm?/ 1.0 x 1.0 x 1.0mm?/
Spatial resolution | 0.94 x 0.94 x 1.2 mm?%/ 1.25 x 1.25 x 1.3mm%/ 0.94 x 0.94 x 1.2mm?%/
0.94 x 0.94 x 0.7 mm? 0.49 x 0.49 x 2.0 mm? 1.0 x 1.0 x 1.2mm?
Model Discovery MR750 Prisma, Prisma Fit, TrioTim | Achieva
Field strength 30T 30T 30T
CALSNIC2 Flip angle 16 ° 10° 10°
Spatial resolution | 1.0 x 1.0 x 1.0 mm? 1.0 x 1.0 x 1.0 mm? 1.0 x 1.0 x 1.0mm3

Table 2. Scanning protocol details of the ADNI1, ADNI2, PPMI, and CALSNIC2 datasets.
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FreeSurfer program? (Command: mri_synthstrip -i input image -o stripped image)’.
Subsequently, we perform N4 bias field correction using the SimpleITK library’s N4BiasFieldCorrec-
tionImageFilter class to rectify low-frequency intensity non-uniformity in the MRI data®. The Symmetric
normalization (SyN) registration technique, implemented through ANTsPy*, is then employed to align each scan
with the MNI-152 standard space, utilizing 1lanczosWindowedSinc interpolation for transformation. Lastly,
we apply WhiteStripe intensity normalization using the Python intensity-normalization package®.
Upon completing the preprocessing of the original images, their dimensions are transformed t0182 x 218 x 182,
and the voxel size is converted to 1 x 1 x 1mm?>. This preprocessing procedure typically takes around 5 minutes
per scan, with computations performed on an eight-core CPU platform utilizing parallel processing.

DL models

To assess the performance of various classification tasks across datasets with distinct scanner vendors, we employ
both 2D and 3D DL architectures. Firstly, we utilize three widely recognized and successful networks: ResNet’!,
ShuffleNetV2*, and MobileNetV2¥. Subsequently, we employ two customized models designed explicitly for
AD classification. The Residual Network (ResNet), a prominent and influential DL model, was introduced by He
etal’!. A pivotal contribution of ResNet is the introduction of “identity shortcut connections,” creating alternate
pathways for gradient flow and addressing the vanishing gradient problem in deep CNNs. The fundamental
building block of MobileNet* is depthwise separable convolution, which comprises depthwise convolution and
pointwise convolution. Depthwise convolution applies distinct kernels to each input channel, while pointwise
convolution employs1 x 1convolution kernels. ShuffleNet*, designed to accommodate mobile device computing
limitations, relies on pointwise group convolution and channel shuffling to maintain accuracy while significantly
reducing computational load. Qiu et al.! introduced a 3D customized Fully Convolutional Network (FCN)
consisting of six convolutional blocks and then integrated both neuroimaging and clinical data using Multilayer
Perceptron (MLP) networks. However, our study only employs their FCN model to handle neuroimaging data.
Meanwhile, ADDFormer?, inspired by the vision transformer (ViT) architecture®, combines frequency and
spatial domain features in an innovative manner. ADDFormer employs selected coronal 2D slices, and leverages
transfer learning by pre-training the network on ImageNet*. Figure 1 illustrates the processing pipeline for both
2D and 3D frameworks. In the case of 3D networks, after preprocessing, DL models analyze the entire 3D brain
MRI data to extract features for the final class prediction. Conversely, for 2D networks, we assess 15 coronal
slices from the central position for feature extraction. The final classification decision is determined by majority
voting of class predictions from these coronal slices of a subject, similar to the approach used in ADDFormer.

Results
Experimental setup
The DL frameworks employed in our analysis are implemented using PyTorch* and executed on a server
equipped with 4 NVIDIA RTX A6000 GPUs. The coding of 3D CNN models is based on publicly available
implementations, accessible at https://github.com/xmuyzz/3D-CNN-PyTorch. To enhance training robustness,
we employ data augmentation methodologies, including random rotations, flipping, and the mixture of Gauss-
ian noise, to prepare a robust training batch. The optimization process employs the Adam optimizer with an
initial learning rate of 0.00005 and a decay rate of 10~ ! after every 100 iterations. For the ADDFormer model,
a patch size of 16 x 16 is used, and the training spans a total of 300 epochs with a batch size of 16. The final
accuracy reported in this study represents the average results from five experiments, each employing distinct
training, validation, and test data combinations. The data split ratio is maintained at 70% for training, 15% for
validation, and 15% for testing in each experimental setup. The training time of the CNN-based procedures
takes approximately 6 hours on a single GPU with 48GB of memory. The classification performance is evaluated
using standard statistical metrics, specifically Accuracy (Acc) and F1-score. They are characterized in terms of
four key values: True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN). The Acc
metric represents the fraction of accurately identified subjects to the total number of samples in a given dataset,
defined as Acc = %. The F1-score harmonically combines precision and recall, and is mathemati-
precisionxrecall \ -1s . T . .
cally measured as F1-score = 2 x precisionrecall The recall is the ability to identify individuals with a specific
condition correctly and is computed as recall = TPS_%. The precision reflects the number of relevant items and
can be expressed as precision = -t
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Figure 1. The processing pipeline used in our study to carry out different disease classification tasks with
different DL networks.
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Scanner manufacturer effects

This section presents the results of a series of experiments highlighting the distinctive characteristics of different
scanner manufacturers. Initially, we employ three 3D DL-based classification networks (ResNet*!, MobileNetV2%,
ShuffleNetV2%) using MRI data to classify three distinct scanner manufacturers (GE, Philips, and Siemens).
These well-established CNN-based networks demonstrate exceptional accuracy in classifying the scanner
manufacturers. For the ADNI1, ADNI2, and CALSNIC2 datasets, the average classification accuracy exceeds
98%, while the accuracy for the PPMI database ranges between 93% and 96% across all the aforementioned
frameworks. The classification outcomes, presented as confusion matrices derived from the ResNet architecture
for different datasets, are depicted in Fig. 2. The corresponding confusion matrices for the ShuffleNetV2 and
MobileNetV2 models can be found in Supplementary Figs. S1 and S2, respectively. Subsequently, we employ
t-SNE (t-distributed Stochastic Neighbor Embedding)*” and UMAP (Uniform Manifold Approximation and
Projection)’ techniques to visualize the data in a 2D space, using features generated by MRQy™. These visuali-
zations are presented in Fig. 3 and Supplementary Fig. S3. Both t-SNE and UMAP are non-linear, graph-based
dimension reduction methods that project the high-dimensional feature space into a lower-dimensional space
while preserving the distribution characteristics. The visualization of the t-SNE and UMAP plots reveals that the
proximity of grouped data primarily corresponds to the scanner manufacturer. Additionally, we observe further
clustering within the same vendor, which can be attributed to variations in scanner models from the same manu-
facturer. Minor contributions to data clustering arise from variations in magnetic field strength and flip angles,
as depicted by different bounding boxes in Fig. 3. The 3D views of the t-SNE and UMAP plots are available on
our GitHub project page at https://github.com/rkushol/Effects-of-MRI-scanner-manufacturer.

Gender classification

The task of gender classification (Male vs. Female) from MRI data is comparatively less intricate than the chal-
lenge of classifying different neurodegenerative diseases. In this context, we evaluate gender classification across
the four previously mentioned datasets to assess performance variations among different scanner manufactur-
ers. The outcomes of gender classification, achieved through distinct 3D CNN-based deep models (ResNet®!,
MobileNetV2?**, ShuffleNetV2%?), are presented in Table 3. For the ADNI1, ADNI2, and CALSNIC2 datasets,
the aforementioned CNN methods achieve an average accuracy and F1-score of over 90%. Notably, in the PPMI
dataset, using data from Siemens and GE also yields an average accuracy of around 90%, while using Philips data
results in an approximate classification accuracy of 85%. Overall, there is no significant difference in performance
among the scanner manufacturers in this classification task.

Disease classification

Classifying patients with neurodegenerative diseases such as AD, PD, or ALS from healthy controls using limited
MRI data poses significant challenges due to the subtle structural changes present in the images. To enhance the
reliability of our findings while maintaining balanced sample sizes across different scanner manufacturers, we
leverage longitudinal data. However, a notable exception arises in the CALSNIC2 dataset, where the volume of
data from GE and Philips scanners is comparatively smaller compared to that of the Siemens vendor. Moreover,
we ensure that our data-splitting strategy avoids data leakage issues. This involves meticulously dividing the
data based on individual subjects, preventing mixing the same participant’s images in both training and test-
ing processes, as illustrated in Fig. 4. In the context of 2D frameworks, we extend this practice to ensure the
integrity of slices within subjects across the test and training sets. Indeed, a recent study*’ discovered that many
prior disease classification approaches did not follow a proper distribution of slices or subjects in their training
or testing data. As a result, their reported outcomes present inaccurate and excessively optimistic classification
accuracies. Our analysis reveals that the ResNet (3D) and FCN (3D) models outperform other 3D frameworks
across various disease classification tasks. Similarly, in the case of 2D networks, the ResNet (2D) and ADDFormer
(2D) models achieve better results compared to other 2D DL methods. Table 4 summarizes the classification
results from these top-performing models. The classification outcomes of the remaining four DL techniques are
also provided in Supplementary Table S1.

PPMI CALSNIC2
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Figure 2. MRI scanner manufacturer classification results for the ADNI1, ADNI2, PPMI, and CALSNIC2
datasets generated by ResNet model. The classification accuracy is approximately 99% for the (a) ADNII, (b)
ADNI2, and (d) CALSNIC2 datasets whereas the accuracy is around 95% for the (c) PPMI dataset.
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PPMI MRI scanner manufacturer distribution
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Figure 3. t-SNE plots for the ADNI1, ADNI2, PPMI, and CALSNIC2 datasets using the features generated by
MRQYy evaluation metrics. Different clusters are primarily formed based on the scanner manufacturer. In panels
(a) and (b), bounding boxes are delineated, incorporating information about the scanner model, field strength,
and flip angle. These annotations visually highlight their role in inducing domain shift within a dataset.

ADNI1 ADNI2 PPMI CALSNIC2

Scanner manufacturer | DL models Acc | Fl-score | Acc | Fl-score | Acc | Fl-score | Acc | Fl-score
ResNet 0.92 |0.93 093 | 0.94 093 |0.92 092 ]0.92
GE ShuffleNetV2 | 0.95 |0.94 092 |0.93 0.89 |0.90 0.96 |0.96
MobileNetV2 |0.92 |0.93 091 |0.90 0.88 |0.89 092 1092
ResNet 094 |0.94 092 | 091 0.90 |0.90 091 |0.90
Siemens ShuffleNetV2 |0.94 |0.93 0.97 |0.95 094 |0.92 092 ]0.92
MobileNetV2 |0.90 |0.89 091 |0.90 0.88 |0.88 090 |0.91
ResNet 092 1091 0.90 |0.90 0.86 |0.87 0.95 |0.94
Philips ShuffleNetV2 |0.93 |0.93 0.90 |0.88 0.85 |0.84 094 |0.94
MobileNetV2 |0.90 |0.89 092 1093 0.84 |0.83 0.93 092

Table 3. Gender classification results for the ADNI1, ADNI2, PPMI, and CALSNIC2 datasets.
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Subject 1: T1-weighted MRI
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Figure 4. Patient-level split process for longitudinal data to train different DL models.
AD vs. CN MCI vs. CN PD vs. CN ALS vs. CN
ADNI1 ADNI2 ADNI1 PPMI CALSNIC2
Scanner manufacturer DL models Acc F1-score Acc F1-score Acc F1-score Acc F1-score Acc F1-score
ResNet (3D) 0.76 0.76 0.79 0.79 0.70 0.68 0.80 0.80 0.70 0.70
GE FCN! (3D) 0.84 0.83 0.84 0.83 0.74 0.74 0.84 0.83 0.75 0.74
ResNet (2D) 0.81 0.79 0.81 0.81 0.71 0.70 0.79 0.79 0.71 0.70
ADDFormer* (2D) 0.86 0.85 0.89 0.88 0.75 0.73 0.88 0.87 0.82 0.79
ResNet (3D) 0.77 0.78 0.80 0.82 0.71 0.71 0.66 0.66 0.71 0.72
S FCN! (3D) 0.84 0.84 0.82 0.82 0.73 0.73 0.70 0.71 0.75 0.76
iemens
ResNet (2D) 0.78 0.76 0.76 0.74 0.71 0.70 0.66 0.66 0.71 0.69
ADDFormer* (2D) 0.88 0.88 0.86 0.85 0.71 0.72 0.72 0.71 0.78 0.79
ResNet (3D) 0.75 0.73 0.83 0.82 0.66 0.66 0.77 0.76 0.70 0.69
Phili FCN! (3D) 0.84 0.83 0.86 0.85 0.71 0.70 0.80 0.80 0.73 0.72
1ps
i ResNet (2D) 0.74 0.73 0.79 0.78 0.67 0.66 0.74 0.73 0.70 0.67
ADDFormer* (2D) 0.85 0.85 0.91 0.90 0.71 0.71 0.82 0.82 0.79 0.79
" . ResNet (3D) 0.76 0.78 0.79 0.80 0.71 0.69 0.76 0.77 0.72 0.72
All samples
(GE + P FCN! (3D) 0.84 0.85 0.85 0.84 0.77 0.75 0.78 0.78 0.74 0.75
lsjiﬁ?e“)s + ResNet (2D) 0.77 0.76 0.78 0.78 0.72 0.71 0.73 0.72 0.72 0.70
ilips
ADDFormer* (2D) 0.88 0.88 0.89 0.89 0.76 0.75 0.80 0.79 0.81 0.81
ResNet (3D) 0.72 0.70 0.78 0.77 0.66 0.68 0.73 0.74 0.67 0.67
One-third 1
ne-third samples
(GE + P FCN! (3D) 0.80 0.80 0.80 0.81 0.70 0.68 0.74 0.74 0.71 0.70
IS)i}f:'rlr'len)s + ResNet (2D) 0.74 0.72 0.75 0.75 0.66 0.65 0.70 0.70 0.67 0.68
ilips
ADDFormer* (2D) 0.79 0.80 0.80 0.79 0.68 0.68 0.75 0.74 0.74 0.75

Table 4. Different disease classification results based on scanner manufacturers with the ADNI1, ADNI2,
PPMI, and CALSNIC2 datasets.

ADNII

Firstly, the independent evaluation of AD classification performance across the three manufacturers yields very
close accuracy results. The classification accuracy of the top-performing model falls within the range of 85%-88%.
Secondly, comparable accuracy is achieved when combining data from all manufacturers, resulting in a sample
size approximately three times larger than that of each individual vendor. However, when equalizing the total
sample size to that of a single manufacturer (approximately one-third of the total samples), a noticeable decline
in performance is observed. Thirdly, among the 3D frameworks, the customized FCN model achieves the high-
est score, while the ADDFormer model outperforms all others in terms of classification accuracy. On the other
hand, a similar conclusion is depicted for the intermediate stage of AD, known as the MCI vs. CN classification
task, except that the overall accuracy decreases from all angles.

Scientific Reports |

(2023) 13:16791 |

https://doi.org/10.1038/s41598-023-43715-5

nature portfolio




www.nature.com/scientificreports/

ADNI2

The classification accuracy of ADNI2 slightly surpasses that of ADNI1. Among the three manufacturers, utilizing
data from Philips scanners yields slightly better performance compared to data from GE or Siemens. The range of
the best model’s classification accuracy falls between 86% and 91%. Upon merging data from all manufacturers,
which increases the sample size to approximately three times that of individual vendors, the achieved accuracy
remains consistent. However, performance experiences a noticeable decline when the sample size is reduced
to that of a single manufacturer, accounting for roughly one-third of the total samples. Once again, among the
3D frameworks of DL models, both the ResNet and the custom-made FCN model achieve better results. In
contrast, within the group of 2D methods, the ADDFormer model stands out for achieving the highest clas-
sification accuracy.

PPMI

In the PD vs. CN classification task, we initially added a few control samples from the ADNI2 dataset to ensure
balanced sample sizes of patients and healthy controls across all three manufacturer groups, thus mitigating
severe class imbalance issues. Notably, the FCN and ADDFormer custom-made models also demonstrate strong
performance when compared to other fundamental CNN-based methods. The ShuffleNet achieves better out-
comes in certain cases within the group of 3D frameworks. The range of the best model’s classification accuracy
spans from 72% to 88%. Comparable classification results are observed whether the data originates from GE or
Philips scanners. However, the outcomes using data from Siemens scanners are comparatively poor. This dis-
crepancy could be due to sharing a small number of healthy control samples from the ADNI2 dataset, whereas
the GE or Philips group shares a large number of control samples from the ADNI2. Likewise, employing a total
sample size equivalent to that of an individual manufacturer (approximately one-third of the total samples) leads
to a noticeable decline in performance.

CALSNIC2

The classification task involving ALS patients versus healthy controls within the CALSNIC2 database presents an
even greater challenge compared to AD classification. All three manufacturers exhibit similar average classifica-
tion accuracy. However, the performance of data originating from Siemens scanners is notably more reliable due
to the inclusion of large samples from multiple centers. The range of the best model’s classification accuracy falls
between 78% and 82%. The accuracy remains consistent when the data from all manufacturers are combined.
Conversely, the performance experiences a noticeable decline when the sample size from the Siemens manufac-
turer is reduced to one-third. The number of scans from GE and Philips scanners remains unchanged, as their
original sizes are already limited. Among the DL models in both 3D and 2D frameworks, the ADDFormer model
once again stands out for its highest classification accuracy.

Cross-validation

This section examines the consequences of introducing a change in the test set data by employing a different
manufacturer. The left panel of Table 5 illustrates the classification results for this cross-domain validation using
the four top-performing DL models described earlier. In this experimental setup, data originating from a specific

Classification Acc with different DL models
Results before harmonization Results after harmonization
ResNet FCN ResNet ADDFormer ResNet FCN ResNet ADDFormer
Dataset Training data Testing data (3D) (3D) (2D) (2D) (3D) (3D) (2D) (2D)
GE Philips+Siemens 0.75 0.80 0.75 0.86 0.75 0.78 0.74 0.76
ADNI1 - X
AD vs. CN Philips GE+Siemens 0.69 0.74 0.68 0.71 0.70 0.72 0.69 0.73
Siemens GE+Philips 0.72 0.77 0.74 0.79 0.71 0.71 0.70 0.68
GE Philips+Siemens 0.71 0.76 0.72 0.80 0.69 0.71 0.69 0.68
ADNI2 o .
AD vs. CN Philips GE+Siemens 0.71 0.74 0.71 0.75 0.63 0.65 0.66 0.63
Siemens GE+Philips 0.75 0.77 0.77 0.83 0.68 0.70 0.67 0.69
GE Philips+Siemens 0.66 0.71 0.66 0.71 0.64 0.67 0.68 0.70
ADNI1 — -
MCI vs. CN Philips GE+Siemens 0.60 0.67 0.62 0.64 0.61 0.62 0.59 0.64
Siemens GE+Philips 0.65 0.67 0.64 0.66 0.65 0.64 0.63 0.65
GE Philips+Siemens 0.62 0.63 0.60 0.63 0.60 0.62 0.59 0.56
gngi CN Philips GE+Siemens 0.65 0.66 0.63 0.67 0.60 0.65 0.59 0.59
Siemens GE+Philips 0.56 0.61 0.60 0.60 0.59 0.63 0.62 0.67
GE Philips+Siemens 0.57 0.56 0.56 0.61 0.57 0.57 0.55 0.55
gﬁé?:lgé Philips GE+Siemens 0.59 0.59 0.60 0.62 0.56 0.58 0.61 0.62
Siemens GE+Philips 0.61 0.63 0.65 0.68 0.59 0.65 0.65 0.71

Table 5. The cross-domain intra-study disease classification accuracy before and after voxel-wise ComBat
harmonization for the ADNI1, ADNI2, PPMI, and CALSNIC2 datasets.
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manufacturer is utilized as the training domain, while the remaining two serve as the test domains. When com-
paring these findings with the results presented in Table 4, it becomes evident that a significant drop in accuracy
is observed across all datasets in Table 5. These outcomes further confirm the presence of a substantial domain
shift inherent within the MRI data acquired from different manufacturers.

ComBat harmonization effects

Initially, we evaluate the outcomes of a modified ComBat-based method known as ComBat-generalized addi-
tive model (ComBat-GAM), specifically designed to address site effects in multi-site neuroimaging datasets?'.
ComBat-GAM is the only publicly available package that directly handles 3D NIFTI images as input, accessible
at https://github.com/rpomponio/neuroHarmonize. This technique successfully estimated age-related volume
differences within a large-scale multi-center dataset, segmenting each MR image into 145 ROIs. However, our
analysis does not yield promising outcomes when harmonizing entire 3D MRI data, as opposed to limited fea-
tures extracted from MR images. Supplementary Fig. S4 provides an example of a 2D axial brain slice before and
after harmonization using the ComBat-GAM method from the CALSNIC2 dataset. The output image exhibits
undesirable artifacts and blurriness, with distinct brain tissue sections showing abnormal patterns of intensity
shift compared to the input image. This disrupts the structural integrity of gray and white matter. As a result, we
abstain from performing classification tasks using these undesirable resultant images generated by the ComBat-
GAM approach. Subsequently, we apply the standard ComBat method to our multi-center datasets, utilizing the
official implementation available at https://github.com/Jfortinl/ComBatHarmonization. A minor adjustment is
made to the original implementation to enable voxel-level harmonization instead of feature-level harmonization,
treating each scanner manufacturer as an individual site. From a visual perspective, the outcomes produced
by the standard ComBat method closely resemble the original images, with minor changes evident in corti-
cal regions, as depicted in Fig. 5. Thus, we harmonize our datasets using the standard ComBat and utilize the
harmonized images for the cross-domain classification context. The classification results following the ComBat
harmonization are presented in the right panel of Table 5. Unfortunately, the harmonized images generated by the
standard ComBat method fail to enhance the classification accuracy in most cases (exceptions are shown in bold
in Table 5). The potential reason behind these failures could be that ComBat-based harmonization techniques
are inappropriate for image/voxel-level harmonization. Successful ComBat-based applications reported in prior
studies have predominantly focused on limited feature-level harmonization. Moreover, during the execution
of both ComBat-based strategies, we incorporate age and sex as covariates to ensure the preservation of this
biological information throughout the harmonization process.

Quality evaluation of scanner manufacturers data

Alongside manual inspection, we utilize the quality control tool MRQy? to verify the quality of each MR image.
The MRQy tool offers a comprehensive array of quality-related metrics, including peak signal-to-noise ratio
(PSNR), contrast-to-noise ratio (CNR), coefficient of variation of the foreground patch (CVP) to address shading
artifacts, coeflicient of joint variation (CJV) to quantify aliasing and inhomogeneity artifacts between foreground
and background, and entropy focus criterion (EFC) to detect motion artifacts. The user-friendly interface of

Figure 5. Minor changes in voxel-wise ComBat harmonization using structural MRI. (A) One 2D axial slice
of preprocessed 3D T1-weighted MR image of CALSNIC2 dataset before harmonization, (B) corresponding
slice after harmonization. The red, yellow, and blue arrows point to the regions with manipulated structures,
including the disappearance of minor details resulting from the ComBat harmonization.
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MRQYy greatly simplifies the process of identifying outliers or inconsistencies within a dataset. Table 6 presents
an illustrative comparison of the diverse quality metrics obtained by averaging all samples for each scanner
manufacturer.

Discussion

The reproducibility of MRI research continues to be challenging, particularly when data is influenced by scan-
ner effects, a type of non-biological variation originating from various image acquisition protocols. After dem-
onstrating significant distinguishable imaging characteristics present in data derived from multiple scanner
manufacturers, we explore its consequences for different disease classification tasks using several prominent
2D and 3D DL models.

The primary challenge of this study was collecting an adequate number of MRI samples from three major
scanner manufacturers (GE, Philips, and Siemens). The ADNT has satisfied our initial criterion, which offers the
most extensive collection of publicly accessible research data resources, including imaging, clinical, and genomic
data. In the ADNII and ADNI2 databases, the volume of data originating from Siemens and GE scanners was
higher compared to that from Philips scanners. Therefore, we deliberately chose a comparable quantity of data
from Siemens and GE vendors to match the data offered by Philips manufacturer. As we utilized longitudinal
data, we prioritized including more unique subjects in this random selection scenario. In the context of the PPMI
dataset, the data volume was more substantial for the Siemens scanners. Similarly, we limited the data from the
Siemens manufacturer in a manner analogous to the sample size of GE and Philips scanners. The number of
samples used in training an ML-based methodology, especially in DL models, plays a significant role in achieving
satisfactory outcomes. Cohesive and consistent data enhance the performance in analysis, while the presence
of heterogeneous characteristics in imaging data presents challenges in obtaining reliable and uniform results.

The preprocessing steps applied to our original T1-weighted MR images involve state-of-the-art algorithms
and can be easily replicated using open-source tools. After experimenting with a straightforward classification
task of differentiating sex (male vs. female) using the original MRI data, we move on to more sophisticated
neurodegenerative disease classification tasks. Based on the results obtained from our applied DL models, the
most challenging classification task is distinguishing between MCI and CN groups. This finding aligns with prior
studies, which have also reported lower accuracy in this specific classification*'. Notably, some investigations
have further subdivided MCI into progressive (pMCI) and stable (sMCI) subgroups, achieving improved results
through such stratification*?. The next challenging task is the classification of PD vs. CN. One critical factor that
makes this classification task difficult is the heterogeneous nature of the dataset. The PPMI dataset encompasses
21 different centers®, a characteristic evident in Fig. 3b. As a result, a decline in performance is anticipated in
DL models if the test set contains data from a particular center, while the corresponding center’s data is either
insufficient or entirely missing in the training set. For the same reason, tasks such as scanner vendor and gen-
der classification might yield lower accuracy with the PPMI dataset compared to others. The classification task

MRI scanner manufacturer
GE Siemens Philips
Dataset Quality metrics | (Mean + Std) | (Mean + Std) | (Mean + Std)
PSNR 4 15.69 £2.8 16.89 £ 1.1 18.23 £ 1.6
CNR 1 21.18+£9.0 19.41 £5.0 50.16 +18.9
ADNI1 CVP | 0.36+0.1 0.42+0.1 0.41+0.1
cvy 0.88+£0.2 0.85+0.1 1.22+£0.3
EFC| 2.49+04 2.67+0.2 2.60+0.3
PSNR 4 16.96 £ 1.0 15.37 £ 0.9 17.16 £ 1.1
CNR 1 17.64+17.3 34.09+6.5 12.31 £2.0
ADNI2 CVP| 0.46 £0.1 0.41+0.1 0.51 £0.1
Cvy 1.59 £2.6 0.91+0.1 148 £0.5
EFC| 1.89+0.1 294+0.1 2.17+£0.2
PSNR 4t 13.65+1.5 1442 +1.2 17.31+ 3.6
CNR 1t 29.29£253 3499 +12.99 | 163357
PPMI CVP | 0.39+0.1 0.41+0.1 0.47 £0.1
gV 0.84+0.2 0.84 +0.1 095+0.3
EFC| 24.02+£13.1 4.04+1.8 336+1.5
PSNR 4 14.98 £ 0.9 1259 £ 1.6 11.82 + 1.0
CNR 1 16.45+4.3 70.05 + 24.8 10.54 £ 2.4
CALSNIC2 CVP| 041 +0.1 0.37 £ 0.1 0.46 £0.1
Cvy 0.72+0.1 0.84+0.1 0.82+0.1
EFC| 10.1 £3.9 8.19+3.0 2.61+0.2

Table 6. The quality evaluation of MRI data with MRQy for the ADNI1, ADNI2, PPMI, and CALSNIC2
datasets. Best results are in [bold].
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of distinguishing between ALS patients and healthy controls also presents challenges due to the insignificant
structural changes in MRI data compared to the control group.

The specialized FCN model consistently outperformed other 3D classification frameworks in most disease
classification scenarios. A notable advantage of 3D frameworks lies in their ability to process the entire brain
as input, eliminating the need for prior knowledge in selecting specific slices for feature extraction. However,
3D DL methods tend to lack the utilization of pre-trained networks through transfer learning. In contrast, 2D
frameworks necessitate the careful selection of relevant 2D slices based on prior knowledge. Additionally, the
2D DL models leverage the transfer learning property by utilizing pre-trained models with a massive 2D imag-
ing dataset like ImageNet*. Overall, the ADDFormer network demonstrates the best performance in this study,
leveraging the power of the ViT architecture by integrating spatial and frequency domain features in a novel
manner. In fact, the process of capturing MRI scans initially involves representing data in the frequency domain
before converting it to the spatial domain. Hence, effectively utilizing frequency domain features might be the key
to achieving enhanced classification performance with MRI data. Furthermore, our study’s 2D models employed
significant coronal slices related to disease pathology. The degeneration of nerve cells in brain regions such as the
hippocampus, substantia nigra, and corticospinal tract, which are regarded as identifiable regions of interest in
the pathogenesis of AD, PD, and ALS, respectively, were captured within the range of selected coronal slices given
as input to the ADDFormer and other 2D models used in our study. A recent study similar to the ADDFormer
network also demonstrates outstanding performance in the context of ALS classification®.

Conclusion and future work

The field of neuroscience research requires robust, efficient, and reliable techniques to address the challenges
posed by non-biological sources of data variation due to the increasing demand and necessity for multi-center
neuroimaging studies. However, ML-based approaches have demonstrated limitations in producing consistent
outcomes when confronted with data collected from diverse centers using distinct MRI scanner models and
scanning protocols. Our experimental evaluation highlights the implications of incorporating MRI data from
multiple manufacturers for disease classification tasks. Shifting the test domain with data from a different MRI
vendor drastically drops the classification accuracy. Developing a novel framework for MRI data harmoniza-
tion (adjusting scanner variability) becomes essential to effectively leverage multi-center neuroimaging stud-
ies. Domain adaptation methods have also emerged as a prominent research avenue in recent years, showing
promising results in addressing domain shift and minimizing scanner-related biases. Exploring these solutions
could offer valuable insights into refining the harmonization process and improving classification outcomes.
Another exciting avenue for future work is analyzing the effects of different scanner models within the same
scanner vendor. Last but not least, similar experiments could be conducted with multi-modal neuroimaging data
such as FLAIR, functional MRI (fMRI), T2-weighted, and diffusion-weighted images to gain a comprehensive
understanding of the effects of MRI scanner manufacturers.

Data availability

The neuroimaging data utilized in this study for the ADNII1, ADNI2, and PPMI were accessed through the
ADNI portal at adni.loni.usc.edu. Acquisition of these datasets was facilitated through a standard application
procedure. Additionally, the neuroimaging data from the CALSNIC2 database were curated and maintained by
the Department of Medicine at the University of Alberta. Access to the CALSNIC2 data employed in our analysis
can be requested by contacting kalra@ualberta.ca. Such requests will also be reviewed against alignment with
established data-sharing protocols and privacy safeguards.

Received: 15 November 2022; Accepted: 27 September 2023
Published online: 05 October 2023

References
1. Qiu, S. et al. Development and validation of an interpretable deep learning framework for alzheimer’s disease classification. Brain
143, 1920-1933 (2020).
2. Kushol, R. & Salekin, M. S. Rbvs-net: A robust convolutional neural network for retinal blood vessel segmentation. In 2020 IEEE
International Conference on Image Processing (ICIP) 398-402 (IEEE, 2020).
3. Hoopes, A., Mora, J. S., Dalca, A. V,, Fischl, B. & Hoffmann, M. Synthstrip: Skull-stripping for any brain image. Neurolmage 260,
119474. https://doi.org/10.1016/j.neuroimage.2022.119474 (2022).
4. Kushol, R., Masoumzadeh, A., Huo, D., Kalra, S. & Yang, Y.-H. Addformer: Alzheimer’s disease detection from structural mri
using fusion transformer. In 2022 IEEE 19th International Symposium on Biomedical Imaging (ISBI) 1-5 (IEEE, 2022).
5. Yan, W. et al. The domain shift problem of medical image segmentation and vendor-adaptation by unet-gan. In International
Conference on Medical Image Computing and Computer-Assisted Intervention 623-631 (Springer, 2019).
6. DSMRI: Domain Shift Analyzer for Multi-Center MRI Datasets Diagnostics 13(18), 2947. https://doi.org/10.3390/diagnostic
13182947 (2023).
7. Tian, D. et al. A deep learning-based multisite neuroimage harmonization framework established with a traveling-subject dataset.
Neurolmage 2022, 119297 (2022).
8. Saha, A., Yu, X,, Sahoo, D. & Mazurowski, M. A. Effects of mri scanner parameters on breast cancer radiomics. Expert Syst. Appl.
87,384-391 (2017).
9. Joo, L. et al. Stability of mri radiomic features according to various imaging parameters in fast scanned t2-flair for acute ischemic
stroke patients. Sci. Rep. 11, 1-11 (2021).
10. Sahraian, M. A. & Eshaghi, A. Role of mri in diagnosis and treatment of multiple sclerosis. Clin. Neurol. Neurosurg. 112, 609-615
(2010).
11. Abd-Ellah, M. K., Awad, A. I, Khalaf, A. A. & Hamed, H. E. A review on brain tumor diagnosis from mri images: Practical implica-
tions, key achievements, and lessons learned. Magn. Resonan. Imaging 61, 300-318 (2019).
12. Yan, W. et al. Mri manufacturer shift and adaptation: Increasing the generalizability of deep learning segmentation for mr images
acquired with different scanners. Radiol. Artif. Intell. 2, 896 (2020).

Scientific Reports |

(2023) 13:16791 | https://doi.org/10.1038/541598-023-43715-5 nature portfolio


http://adni.loni.usc.edu/
https://doi.org/10.1016/j.neuroimage.2022.119474
https://doi.org/10.3390/diagnostics13182947
https://doi.org/10.3390/diagnostics13182947

www.nature.com/scientificreports/

13. Dadar, M. et al. Reliability assessment of tissue classification algorithms for multi-center and multi-scanner data. Neurolmage 217,
116928 (2020).

14. Han, X. et al. Reliability of mri-derived measurements of human cerebral cortical thickness: The effects of field strength, scanner
upgrade and manufacturer. Neuroimage 32, 180-194 (2006).

15. Kushol, R. et al. Domain adaptation of mri scanners as an alternative to mri harmonization. In MICCAI Workshop on Domain
Adaptation and Representation Transfer (Springer, 2023).

16. Fortin, J.-P. et al. Harmonization of multi-site diffusion tensor imaging data. Neuroimage 161, 149-170 (2017).

17. Fortin, J.-P. et al. Harmonization of cortical thickness measurements across scanners and sites. Neuroimage 167, 104-120 (2018).

18. Radua, J. et al. Increased power by harmonizing structural mri site differences with the combat batch adjustment method in enigma.
Neurolmage 218, 116956 (2020).

19. Maikusa, N. et al. Comparison of traveling-subject and combat harmonization methods for assessing structural brain character-
istics. Hum. Brain Mapp. 42, 5278-5287 (2021).

20. Itahashi, T. et al. Effects of upgrading acquisition-techniques and harmonization methods: A multi-modal mri study with implica-
tions for longitudinal designs. BioRxiv 2011, 896 (2021).

21. Pomponio, R. et al. Harmonization of large mri datasets for the analysis of brain imaging patterns throughout the lifespan. Neu-
rolmage 208, 116450 (2020).

22. Horng, H. et al. Generalized combat harmonization methods for radiomic features with multi-modal distributions and multiple
batch effects. Sci. Rep. 12, 1-12 (2022).

23. Gebre, R. K. et al. Cross-scanner harmonization methods for structural mri may need further work: A comparison study. Neuroim-
age 269, 119912 (2023).

24. Jack, C. R.Jr. et al. The alzheimer’s disease neuroimaging initiative (adni): Mri methods. J. Magn. Reson. Imaging 27, 685-691
(2008).

25. Marek, K. et al. The parkinson progression marker initiative (ppmi). Progress Neurobiol. 95, 629-635 (2011).

26. Kalra, S. et al. The canadian als neuroimaging consortium (calsnic)—a multicentre platform for standardized imaging and clinical
studies in als. MedRxiv 2020, 896 (2020).

27. Fischl, B. Freesurfer. Neuroimage 62, 774-781 (2012).

28. Tustison, N. J. et al. N4itk: Improved n3 bias correction. IEEE Trans. Med. Imaging 29, 1310-1320 (2010).

29. Avants, B. B. et al. A reproducible evaluation of ants similarity metric performance in brain image registration. Neuroimage 54,
2033-2044 (2011).

30. Shinohara, R. T. et al. Statistical normalization techniques for magnetic resonance imaging. Neurolmage: Clin. 6, 9-19 (2014).

31. He, K., Zhang, X., Ren, S. & Sun, J. Deep residual learning for image recognition. In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition 770-778 (2016).

32. Ma, N,, Zhang, X,, Zheng, H.-T. & Sun, J. Shufflenet v2: Practical guidelines for efficient cnn architecture design. In Proceedings
of the European Conference on Computer Vision (ECCV) 116-131 (2018).

33. Sandler, M., Howard, A., Zhu, M., Zhmoginov, A. & Chen, L.-C. Mobilenetv2: Inverted residuals and linear bottlenecks. In Pro-
ceedings of the IEEE Conference on Computer Vision and Pattern Recognition 4510-4520 (2018).

34. Dosovitskiy, A. et al. An image is worth 16x16 words: Transformers for image recognition at scale. arXiv:2010.11929 (2020).

35. Deng, J. et al. Imagenet: A large-scale hierarchical image database. In 2009 IEEE Conference on Computer Vision and Pattern
Recognition 248-255 (IEEE, 2009).

36. Paszke, A. et al. Pytorch: An imperative style, high-performance deep learning library. Adv. Neural Inf. Process. Syst. 32, 896 (2019).

37. Van der Maaten, L. & Hinton, G. Visualizing data using t-sne. J. Mach. Learn. Res. 9, 896 (2008).

38. Becht, E. et al. Dimensionality reduction for visualizing single-cell data using umap. Nat. Biotechnol. 37, 38-44 (2019).

39. Sadri, A. R. et al. Mrqy-an open-source tool for quality control of mr imaging data. Med. Phys. 47, 6029-6038 (2020).

40. Yagis, E. et al. Effect of data leakage in brain mri classification using 2d convolutional neural networks. Sci. Rep. 11, 1-13 (2021).

41. Liu, M. et al. A multi-model deep convolutional neural network for automatic hippocampus segmentation and classification in
alzheimer’s disease. Neuroimage 208, 116459 (2020).

42. Zhu, W, Sun, L., Huang, J., Han, L. & Zhang, D. Dual attention multi-instance deep learning for alzheimer’s disease diagnosis with
structural mri. IEEE Trans. Med. Imaging 40, 2354-2366 (2021).

43. Kushol, R. et al. Sf2former: Amyotrophic lateral sclerosis identification from multi-center mri data using spatial and frequency
fusion transformer. Comput. Med. Imaging Graph. 108, 102279. https://doi.org/10.1016/j.compmedimag.2023.102279 (2023).

Acknowledgements

This study has been supported by the Canadian Institutes of Health Research, ALS Society of Canada, Brain
Canada Foundation, Natural Sciences and Engineering Research Council of Canada, and Prime Minister Fel-
lowship Bangladesh.

Author contributions

R.K. and Y.Y. conceptualized the study design, R.K. drafted the manuscript text and figures, conducted the clas-
sification experiments, P.P. conducted the harmonization experiment, S.K. provided clinical support and the
CALSNIC2 dataset, AW, S.K. and Y.Y. analyzed the results. All the authors reviewed the manuscript.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-023-43715-5.

Correspondence and requests for materials should be addressed to R.K.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Scientific Reports |

(2023) 13:16791 | https://doi.org/10.1038/541598-023-43715-5 nature portfolio


http://arxiv.org/abs/2010.11929
https://doi.org/10.1016/j.compmedimag.2023.102279
https://doi.org/10.1038/s41598-023-43715-5
https://doi.org/10.1038/s41598-023-43715-5
www.nature.com/reprints

www.nature.com/scientificreports/

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2023

Scientific Reports|  (2023) 13:16791 | https://doi.org/10.1038/s41598-023-43715-5 nature portfolio


http://creativecommons.org/licenses/by/4.0/

	Effects of MRI scanner manufacturers in classification tasks with deep learning models
	Methods
	Datasets
	Preprocessing
	DL models

	Results
	Experimental setup
	Scanner manufacturer effects
	Gender classification
	Disease classification
	ADNI1
	ADNI2
	PPMI
	CALSNIC2
	Cross-validation

	ComBat harmonization effects
	Quality evaluation of scanner manufacturers data

	Discussion
	Conclusion and future work
	References
	Acknowledgements


