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ARTICLE INFO ABSTRACT

Keywords: Magnetic Resonance Imaging (MRI) stands as a noninvasive tool for diagnosing and monitoring various diseases.
MRI The flexibility of MRI configuration parameters allows for adaptable imaging sequences, and at the same time
MRI pre-processing poses challenges in terms of reproducibility, as variability in imaging sequences leads to significant differences in
;Z:’eim;?fork image contrast. This is one of the major causes that compromise the reliability of deep learning methods. Since
Explainable Al the majority of the literature is focused on documenting the effects of this issue rather than delving into its
underlying causes, this work follows a different approach. A Siamese Neural Network (SNN) has been trained to
identify the scanner that acquired the input image. Experimental results include the use of Euclidean Distance
(ED) and machine learning algorithms trained and tested using the feature vectors generated with the SNN. The
results have shown that the proposed method is capable of distinguishing the scanner used for the acquisition
with high accuracy. For a comprehensive interpretation of the results, the feature vectors have been dimen-
sionality reduced and visualized with a 3D plot. Finally, the proposed method is sensitive to MR image contrast
variability and could be used to detect data-related inconsistencies and provide a mechanism to make users

aware of potential issues.

1. Introduction

Magnetic Resonance Imaging (MRI) is a noninvasive Medical Imag-
ing (MI) tool for diagnosing and monitoring various diseases. The
multitude of configuration parameters in MRI allows the production of
adaptable imaging sequences, generating variable contrast images of
different body tissues and organs and high-contrast images of the
structures of interest [1,2].

However, this inherent flexibility poses challenges in terms of
reproducibility [3,4] because variability in imaging sequences across
scanners leads to significant differences in image contrast.

Furthermore, contrast variations can stem from dissimilarities
among scanners, primarily attributed to magnetic field strength,
acquisition protocols, manufacture, hardware imperfections, internal
properties of the scanned body, and so on [2].

In Fig. 1 are shown several MR images (T1-Weighted) of the same
subject available in the Dataset [5]. In particular, the subject has been
scanned with 3 different scanners (named CMH, MRC, and ZHH) and
each acquisition is repeated one year later. The image contrast
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differences between the scanners are clearly and also shown in the
histograms calculated on the entire volume of the acquisition. Moreover,
contrast differences are also visible between acquisitions from the same
scanner CHM at years one and two.

Extensive training and testing on a comprehensive dataset covering
various scanners are necessary to enhance generalization. However,
acquiring a dataset containing all the possible contrast variations (or at
the least the most representative ones) is unfeasible. Moreover, the
manual annotation for each new acquisition is prohibitively expensive
and difficult to implement. Additionally, this approach prolongs training
time and complicates convergence.

In MI studies, especially the ones involving MRI, it is difficult to
recruit participants (the patient population at any given center is
limited) and the acquisitions are expensive and time-consuming.
Consequentially, multi-site collaboration is a common practice to ac-
quire the large samples needed and is fundamental for ensuring reliable
and robust results [5]. However, in this scenario, the contrast variability
becomes even more evident, presenting significant challenges for the
effective use of the dataset. When supervised processing is used in MRI,
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Fig. 1. Examples images taken from the Dataset [5]. The MRC, CHM, and ZHH
are the labels assigned to each scanner in [5]. The images shown are referred to
the subject 3. The histograms are calculated using the entire volume of each
acquisition. Note: the histograms have different intensity scales, which have
shown be extension of the gray zone.

huge and extensive labeled datasets are required to cover MRI vari-
ability, starting from contrast variation.

A more reasonable solution involves adopting pre processing stra-
tegies, specifically for contrast normalization. Existing literature
extensively covers this direction and most of the proposed methods can
be categorized into two distinct groups: statistical harmonization and DL
harmonization [6].

For the first category, the ComBat method [7] is widely used to
harmonize MRI and various extensions have been designed to optimize
the method to different scenarios [6].

ComBat-style methods could in principle be applied for image-level
harmonization at the voxel level, where images are co-registered and
represented by vectorized voxel intensities, though not the recom-
mended choice [6]. In this case, Deep Learning (DL) methods [8] could
be a more reasonable choice. However, at the current state of the art, the
end-user is warned to use them for several reasons: these methods have
only been evaluated under ideal settings, may introduce unwanted and
critical morphological tissue modification [9], and limited follow-up
studies have been published for validating them with other datasets or
in the clinical routine, leaving doubts about generalization [6].
Furthermore, to the best of our knowledge, an optimal algorithm for MRI
harmonization does not exist [10].

The main consequence is that the DL models developed for specific
MRI tasks, such as classification/segmentation of tissues/illness/lesions,
trained on specific datasets may not perform optimally when applied to
images from unseen scanners [11,12].

As shown in Fig. 1.a, usually the used Dataset is split between Trainin
Dataset and Test Dataset. The Training Dataset is used by the DL model
to learn the task until the convergence is reached. The Test Dataset is
used to assess that the DL model is not overfitting. However, as shown in
Fig. 1.b, this is not sufficient to ensure that the DL model will work well
also when new images that differ from the Training Dataset are used as
input.

Typically, studies tend to concentrate on documenting the effects of
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this issue rather than delving into its underlying causes. For example in
[12], the impact of “MRI Manufacturer Shift” by employing three
datasets comprising MR images from distinct scanners is evaluated. U-
Nets trained for left ventricle segmentation exhibit high performance
within their respective datasets but a noticeable drop in performance
when applied to other datasets. A similar approach, utilizing adversarial
learning, is presented in [13] for brain disorder classification.

Due to the limited literature on this subject [14-16], this work aims
to propose an investigation of the impact of the contrast variation in MR
images on the DL method’s performance.

The aim of this work is threefold:

1. Demonstrating that contrast differences in MR images are such an
evident phenomenon that can be used to train a neural network to
recognize which scanner has generated the image. Since Siamese
Neural Networks (SNNs) are trained to recognize differences in the
images, they are a natural choice for this scope.

2. Demonstrating that even the trained SNN, exhibits a drop in per-
formance for images for which the contrast variations are not rep-
resented in the Training Dataset.

3. Finally, it is discussed how the SNN could be included in an image
processing pipeline to reduce the risks of image misclassification due
to contrast variability.

This work is inspired by [17], where the aspect of MR image
harmonization has been preliminary addressed. However, therein new
experiments have been carried out, and a new point of view regarding
the usage of the SNN in the image analysis pipeline is presented and
discussed. Moreover, a notably greater number of techniques and
methods to interpret the results have been used to significantly expand
the experimentation.

New perspectives regarding the usage of SNN for MRI harmonization
have been presented for future developments.

As in [17], the SNN [18] based on the EfficientNet Convolutional
Neural Network (EN-CNN) [19], is trained to identify the scanner that
acquired the input image. The SNN architecture is composed of three
identical CNNs (same design and weights). During the training phase,
the SNN learns the similarities between the anchor image and the pos-
itive image and learns the differences between the anchor image and the
negative image. To this aim, the output of the SNN is a feature vector
that is compared with the feature vectors of both the positive and
negative examples using, for example, the Euclidean Distance (ED), as in
Fig. 3.1.

For the first tests, the ED between the encoded vector of each test
image and the encoded vector of all the training images has been
calculated and used to evaluate the closest match to the scanner (as
shown in Fig. 3.2).

To extend the experiments beyond the use of ED, the feature vectors
output of the SNN are used as input to several machine learning algo-
rithms [20-23], in particular, Support Vector Machines [24] (SVMs),
Decision Trees [25] (DT), Random Forest [26] (RF), K-Nearest Neigh-
bors [27] (KNN), and Logistic Regression [28] (LG), as shown in Fig. 3.3.

Finally, the proposed approach could be used to detect data-related
inconsistencies, for example, detecting that the contrast of the input
MR images is too different from the ones used for training and testing.
For this reason, the proposed method could be used to make the final
user aware of this inconvenience and take countermeasures to mitigate
the problem. For example, fine-tuning the DL model before the usage
(See Fig. 2).

For the experiments, the multi-scanner longitudinal multimodal MRI
data set has been used [5], containing the acquisitions from several
voluntary human subjects by multiple MRI scanners at different times.

2. Method

This section provides a comprehensive description of the
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methodology and experiments. Moreover, it explains the rationale for
the algorithms utilized in the work, justifying their selection within the
context of the research objectives.

2.1. Siamese neural networks

SNNs are a class of neural network architectures that learn a simi-
larity function, instead of learning to predict multiple classes. These
architectures are called Siamese because they include two or more
identical sub-nets (same configuration, parameters, and weights). SNNs
are used to discover similarity by receiving three inputs, then extracting
the features, and finally computing comparable feature vectors as
output, in contrast with deep learning methods whose output is the
belonging class.

In the context of MRI contrast variability ascertaining, the SNN is a
reasonable choice because it can be trained to recognize which scanner
has acquired the image. In this way, the SNN has to learn the particular
intensity distribution that characterizes each scanner and encode these
peculiarities to the output feature vectors. The generated feature vectors
have the advantage that, in addition to being used for classification, they
can be reduced and visualized to visually explain the behavior of the
SNN, thus helping to understand how convolutional neural networks
handle contrast variabilities.

During the training phase, the Triplet Loss [29] has been used. As the
name suggests, the loss function compares a baseline (anchor) input
with a positive (truthy) input and a negative (falsy) input. The main goal
of an SNN is to minimize the distance of the baseline (anchor) input from
the positive (truthy) input and to maximize the distance of the baseline
input from the negative (falsy) input. This assumption aligns seamlessly
with the purpose of this paper, for which the anchor is an MR image
coming from a particular MRI scanner, the positive is an MR image from
the same scanner and the negative is an MR image from a different
scanner.

In the training process, an image triplet (Anchor, Positive, and
Negative) is fed into the model as a single sample. With image;; we refer
to an image from the Training Dataset, where the first index is the
scanner and the second index is the examined subject. The following
Table 1, represents the conditions to which the training images undergo.

In summary, the resulting process must be scanner-dependent and
subject-independent.

Defining the image triplet as (A, P, N), for each triplet g, the Triplet
Loss is defined as:

L(A,P,N) = max{d(A,, P,) + margin — d(A,,N,) ,0} (@)

where the function d is defined as

d(xquq) = x4 = yqll2 (2)
and
margin > 0 3)

The margin parameter is used to ‘stretch’ the distance differences
between similar and dissimilar pairs. In particular, three scenarios are
handled with this loss:

e d(Ai,N;) > d(A;,P;) + margin: the negative image is significantly
distant from the anchor image compared to the positive image. As
the overall difference is negative, the loss function is 0, and there is
no update to the SNN parameters.

Table 1

The input image triplet used for training the SNN.
Anchory; Vi,V
Positive; i i and Vk
Negative, Vs # i and Vk
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e d(Ai,Ni) < d(A;, P;): the negative image is in closer proximity to the
anchor than the positive one. Consequently, the loss is positive,
surpassing the specified margin, and leading to an update in the SNN
parameters.

d(A;,P;) < d(Ai,N;) < d(Ai,P;) + margin: the negative image is
farther from the anchor compared to the positive image, but the
difference does not exceed the margin. Therefore, the loss remains
positive (Even though smaller than the margin), resulting in an up-
date to the SNN parameters.

Each CNN used in the Siamese Architecture is an EfficientNet [19]
model that is designed to achieve better accuracy and efficiency than
previous ConvNets. EfficientNet achieves state-of-the-art accuracy on
ImageNet Dataset, while being smaller and faster than the other CNNs
[19].

The output feature vector dimension is 512. To test the SNN, one
approach used in this work is based on the ED.

The ED, a metric quantifying the spatial separation between the
feature vector of a test image and the feature vectors of all the training
images, has been used to determine the closest match to a scanner and,
hence, to determine the image classification.

2.2. Machine learning algorithms

For a more complete evaluation and investigation, different and
more sophisticated approaches, beyond the ED-based, are required.
Therefore, the output of the SNN has also been used to train and test
several Supervised Machine Learning Algorithms to compare and
discuss the classification results with the distance-based method.

In this work 5 different methods commonly used have been chosen:
SVM, DT, RF, LG, and KNN.

SVM [30] is used for classification and regression problems. It aims
to find a hyperplane in a high-dimensional space that best separates data
points into different classes while maximizing the margin, which is the
distance between the hyperplane and the nearest data points (support
vectors). SVM does not work well when the dataset is noisy or contains
several outliers.

Like SVM, DT is a supervised machine-learning approach used to
solve both classification and regression problems. It recursively splits
the dataset into subsets based on the most significant attribute at each
node, creating a tree-like structure of decisions. It is sensitive to outliers,
noise, and overfitting.

RF is the solution to overfitting in DT. This method is an ensemble of
multiple DT and, besides overfitting, it is also more robust to outliers and
noise than DT. Moreover, RF is more suitable for multi-dimensional
data.

A simpler method that can be used for both classification and
regression, is KNN. For classification, the algorithm counts the class
labels of the k neighbors and assigns the class label with the highest
count to the new data point. However, k-NN doesn’t perform well on
imbalanced data and is very sensitive to outliers as it simply selects the
neighbors relying on distance-based criteria.

The last method we consider is the LG. The algorithm is mainly used
for binary classification problems. It is relatively robust to noise but it
cannot used to solve non-linear problems because it has a linear decision
surface.

To simplify the discussion, Table 2 reports the fundamental aspects
of the considered methods.

2.3. Evaluation metrics

Evaluation metrics provide a comprehensive assessment of the per-
formance of a classification model while allowing a comparison between
different models. In this work, Precision, Recall, Specificity, and F1
scores are calculated and used for comparison. Since the role of these
metrics is fundamental to understanding the behavior of the SNN, it is
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Table 2
Comparison between machine learnings methods used in this work.
Method  Type of Underlying Training Sensitivity
Algorithm Concept Approach
SVM Supervised Finds the Finds the Normal to
learning hyperplane that optimal Outliers and
algorithm for best separates hyperplane noise
classification different classes through the
and regression in a high- training data
dimensional
space
DT Both Tree-like Builds a tree Potential to
classification structure where structure outliers
and regression each node based on
represents a feature splits
decision based
on a feature
RF Ensemble Ensemble of Trains Low to
learning decision trees, multiple outliers
method for combines their decision trees
classification predictions for on random
and regression improved subsets of the
accuracy data
KNN Both Classifies a data Classifies High to
classification point based on based on outliers and
and regression the majority proximity to
class of its k- unbalanced
nearest data
neighbors
LG Classification Models the Optimizes Normal to
probability of a parameters outliers low
binary outcome using the to noise
using a logistic logistic
function function

necessary to define them. Assuming that True Positives are reported as
TP, True Negatives are reported as TN, False Positives are reported as FP,
and False Negatives are reported as FN, the formulas for these metrics
are the following:

TP
Prec = —— C))
TP + FP
Recall = P %)
TP + FN
TN
Spe =N+ Fp ©
- 2"Prec”Recall o

" Prec + Recall

In particular, Precision (Prec) concerns the prediction accuracy of
the TP, focusing on minimizing FP, and Recall also concerns the accu-
racy of the TP but minimizing FN.

The increment of Prec often leads to a decrease in Recall and vice
versa. An optimal balance between Prec and Recall depends on the
specific requirements of the application. For example in medical diag-
nosis, high Recall might be more important than high Prec.

Since Prec and Recall focus on the positive class, Spec. is also re-
ported because it focuses on the correct identification of the TN.

F1 provides a single metric considering both Prec and Recall.

2.4. Contrast normalization

As previously stated, this work aims to demonstrate that contrast
variation is indeed the primary factor leading a DL method astray. To
confirm that, it is necessary to standardize the images, repeat the tests,
and observe the results. If improvements are observed, it would provide
further grounds to attribute the variations to the variable contrast.
Again, there are a large number of techniques that could be used
[10,31-33], though no one optimal method exists. We use Histogram
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Matching [34] (HM) to align the, approximately linear, contrast varia-
tion in MR images from the same scanner, occurring at different times.
Due to the limited and linear contrast variation, HM is a good solution
for image harmonization (this is not true when non-linear contrast
variations occur, as in the case of different scanner comparisons). The
goal here is to make their histograms more similar, resulting also in good
a visual resemblance between the images.

3. Experimental design and setup
3.1. The used data set

For this study, the longitudinal multimodal MR image dataset [5] has
been used. The dataset is designed to assess contrast variation between
scanners, and the robustness of the pipeline results, and to examine
approaches for harmonization across multiple scanners, while also ac-
counting for changes in body anatomy over time.

The data set consists of acquisitions from three different MRI scan-
ners: a General Electric 750w Discovery 3 T labeled as CMH, a Siemens
Tim Trio 3 T labeled as MRC, and a General Electric 750 Signa 3 T
labeled as ZHH. Moreover, are available also the acquisition of three
Siemens Prisma 3 T MRI scanners, located in three different centers and
labeled as CMP, MRP, and ZHP.

Four voluntary subjects were selected for data collection and ac-
quisitions were made at different times in 4 years.

3.2. Data setup

To study the effects of MR images from different MRI scanners, the
SNN has been trained on the acquisitions of the first year, subjects 1, 3,
and 4 (subject 2 is only available from the third year), and tested on the
same subjects and scanners in year 2, using the T1l-weighted (T1w)
modality.

In this way, the Training Dataset was composed of 1539 MR images
the same number as the Test Dataset. Each image is a greyscale image of
256*256 pixels.

As observed in [17], the histograms of each scanner in year 1,
grouped by subjects, show relevant differences in terms of amplitude
distribution. Moreover, regarding the histograms of each scanner in year
2, still grouped by subjects, it can be observed that while the scanners
MRC and ZHH maintain almost unaltered their original distribution of
year 1, CMH slightly deviates from its original shape.

For this reason, we expected that during the test phase, the scanner
that is the most difficult to recognize is the CMH since its behavior
changed, while the MRC and ZHH mostly remained unaltered.

It is important to remark that the dataset contains some repeated
acquisitions for the same subject with the same scanner. Looking at their
histogram, no significant variations need to be reported and regarding
the acquisition with the CHM scanner, the deviations previously dis-
cussed are still present. Differences among these repetitions could be
related to motion artifacts that are visible in some images. However, this
does not represent an issue for the scope of our work.

3.3. Experimental setup

All experiments have been executed on a personal computer with the
following hardware configuration: AMD Ryzen 76800H, Nvidia RTX
3060, 16 GB RAM, 1 TB SSD, and Windows 11 OS. The software envi-
ronment used was Python 3.10 and the Jupyter Notebook. PyTorch [35]
has been used to implement the SNN and Scikit-Learn [36] to use the
dimensionality reduction methods, to train and test the machine
learning algorithms, and to compute the confusion matrices and per-
formance metrics.
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4. Results and discussion
4.1. Training

To train the SNN, the Adam optimizer has been used with the
following hyperparameters: batch size 1, learning rate 0.0005, and
training epochs 25. The SNN was trained from scratch without
finetuning.

The hyper-parameters of the machine learning methods used in this
work are the following:

o for the K-NN the number of neighbors is equal to 3;

o for the SVM the kernel type is radial basis function, and the regula-
rization parameter is equal to 1.0;

e for the DT the criterion is Gini impurity, and the splitting rule is
“best™;

e for the RF the number of trees is 100, the max depth is 2 and the
criterion is Gini impurity;

o for the LR the penalty is “12”, the maximum number of iterations is
100 and the solver is the Limited-memory Broyden—
Fletcher—Goldfarb-Shanno Algorithm.

The SNN is capable of classifying correctly all the training images,
without making any misclassification at all. Likewise, all the machine
learning algorithms trained on the training encoded feature vectors
showed the same capabilities.

4.2. Testing

The averaged results for all the classes of the test images are reported
in Table 3.

The first row reports the configuration SNN and Euclidean Distance
while the remaining rows report the configurations SNN and the ma-
chine learning algorithms.

On average, the best combination is represented by SNN + SVM
which outperforms all the remaining combinations for all the metrics.

SNN + LG achieves the second-best classification performance, even
if it is better than SNN + SVM to capture the non-linearity in the data
and more robust to outliers. A possible explanation is that the scanner’s
classes can be well separated by hyperplanes.

Interestingly, the commonly used combination SNN + ED is, in
general, never the best.

Notably, as we expected, on average SNN + RF outperforms SNN +
DT, being RF an ensemble of DT and is more robust to outliers.

Another consideration that emerges from the results in Table 3 is that
for all the investigated configurations the Specificity is the score with the
higher value while both Prec and Recall exhibit lower values.

For this reason, a deep investigation is necessary and the results
scores obtained maintaining the 3 classes separately are shown in
Table 4.

Regarding Prec, all the methods were capable of classifying CMH
better than MRC and ZHH. In both MRC and ZHH classes, the number of
FP is higher because their clusters contain elements from the CMH
cluster.

Regarding Recall, almost all the methods showed very good

Table 3

The averaged results for all the test images. The values are in %.
Method Pre Recall Spec F1
SNN + ED 88.30 90.61 95.02 87.71
SNN + SVM 94.12 93.31 96.65 93.15
SNN + DT 85.40 84.73 92.37 84.49
SNN + RF 91.17 90.38 95.19 90.10
SNN + KNN 90.54 88.11 94.05 87.50
SNN + LG 92.46 91.36 95.68 91.01
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performance for MRC and ZHH compared to CMH. The CMH cluster has
several FNs, baing most of its elements absorbed by MRC and ZHH.

Regarding Spec, the results are a bit more fair. In general, CMH
achieves better results but the differences with the other classes are not
so marked. Has previously stated, MRC and ZHH clusters have more FP
compared to CMH but less TN.

Notably, the combination SNN + ED achieves a very good F1-Score
for the class CMH but, at the same time, the F1-score for the MRC is
the worst one and the F1-score for the ZHH is the second worst one. This
suggests that also this combination is not capable of well separating the
images.

4.3. Testing with contrast normalized

As previously discussed, the MR images acquired from the CMH
scanner in year 2 (that are part of the Test Dataset) have a different
contrast compared to year 1 (that are part of the Training Dataset).
Consequentially the SNN exhibits a drop in classification performance
during the test phase. For this reason, using histogram matching to make
the histogram of the images of year 2 similar to the images of year 1
(given a subject’s year 2 image, is it matched to the same subject’s year
1) should improve the classification performance.

The averaged results for all the test images are reported in Table 5.
Remarkably, all the method have significantly improved their perfor-
mance, meaning that histogram matching has been considerably effec-
tive. On average, the best combination is still represented by SNN + SVM
which outperforms all the remaining combinations for all four metrics.

For the sake of completeness, Table 6 reports the results scores ob-
tained maintaining the 3 scanners separately. The behavior of the SNN
in combination with other methods is the same as discussed in Section
4.2,

From the obtained results, it would seem that histogram matching is
easily solving the harmonization problem. It is advisable to bear in mind
that this has proven to be true for this particular case of study, but in
general, the task is not as straightforward at all.

In fact, in this case study the contrast variabilities seem to be uni-
formly distributed across the entire image and for this reason, histogram
matching is effective. Rather, it manifests disparately across distinct
anatomical regions [32], leading to differential impacts on image
quality and clarity in different areas.

Moreover, for real complex tasks, like image classification for disease
diagnosis or tissue segmentation, one can expect that the effects of
contrast variability can be even more evident, and and the same time,
contrast harmonization will be even more difficult, and more advanced
techniques will be necessary and fundamental for the successful
outcome.

4.4. Visual evaluation

For a comprehensive analysis of the results, it is essential to visualize
the feature vectors generated by the SNN. Therefore, it is necessary to
reduce the dimensions of the encoded feature vector from 512 to a 3D
Cartesian space, where a 3D plot can be visualized. This requires the use
of algorithms for feature dimension reduction.

The goal of these kinds of methods is usually to reduce the number of
input variables while trying to retain the relevant information. Several
approaches are available [37] but in this work, we use three different
feature reduction methods: Principal Component Analysis [38] (PCA),
Independent Component Analysis [39] (ICA), and Uniform Manifold
Approximation and Projection [40] (UMAP).

PCA works by finding the principal components of the data, which
are the directions of maximum variance. The data is projected onto a
lower-dimensional space that captures as much of the variance as
possible while preserving the overall structure. However, PCA struggles
with complex nonlinear relationships between variables and assumes
that the data is Gaussian-distributed.
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Table 4
The classes MRC, CMH, and ZHH represent the labels of the scanners reported in [5]. The values are in %.
Method Prec Recall Spec F1
MRC CMH ZHH MRC CMH ZHH MRC CMH ZHH MRC CMH ZHH
SNN + ED 64.91 100.00 100.00 100.00 94.47 77.37 85.07 100.00 100.00 78.72 97.16 87.24
SNN + SVM 96.43 100.00 85.93 100.00 79.92 100.00 98.15 100.00 91.81 98.18 88.84 92.43
SNN + DT 92.71 87.16 76.35 94.15 68.81 91.23 96.30 94.93 85.87 93.42 76.91 83.13
SNN + RF 94.07 96.22 83.22 99.03 74.46 97.66 96.88 98.54 90.16 96.49 83.96 89.87
SNN + KNN 94.82 100.00 76.80 100.00 64.33 100.00 97.27 100.00 84.89 97.34 78.29 86.88
SNN + LG 92.60 100.00 84.79 100.00 74.07 100.00 96.00 100.00 91.03 96.16 85.11 91.77
Regarding the reduced feature vectors generated from the test im-
iﬁble 5 J 1ts for all the test i The val % ages, several outliers are present in the features reduced with PCA, ICA,
€ averaged results 1or a € test images. € values are 1n 7o. .
g J 0 and UMAP (Fig. 4.4, 4., 4.).
Method Pre Recall Spec F1 In particular, the outliers are represented by several points that have
SNN + ED 99.48 99.48 99.74 99.47 shifted from the CMH cluster towards both the MRC and ZHH clusters. In
SNN + SVM 100.00 100.00 100.00 100.00 other words, several images acquired from CMH, for the SNN, are
:EE + E;r gggg 22'; 22'22 22'3‘7‘ similar to the images from MRC and ZHH.
+ . . . . . .
SNN + KNN B 99.42 99.71 . Flne%lly, the reduced. feature Vectors.gen(.erated from the. test images
SNN + LG 99.99 99.99 99.64 99.98 after histogram matching are shown in Figs. 4.g,4.h, 4.i. and some

outliers are still present. Compared to Figs. 4.d, 4.e, and 4.f, their
number has been significantly reduced but not enough to justify the
performance improvement reported in Table 4. However, it is necessary
to keep in mind that the reduction methods are reducing the feature
vectors from 512 elements to just 3 elements and it is permissible to
assume that outliers should be attributable to this process. Moreover, it
is out of the scope of this work to quantify the numbers of outliers before
the harmonization and after the harmonization using reduction
methods. What was expected and was obtained is improved clustering
with a notably reduced number of outliers.

Like PCA, ICA is a linear method used in data analysis to separate a
multivariate signal into additive, independent components. However,
while PCA focuses on finding uncorrelated components, the objective of
ICA is to find a linear transformation of the observed data such that the
resulting components are as statistically independent from each other as
possible.

UMAP [40] is a dimensionality reduction technique known for its
effectiveness in preserving both local and global structures in the data.
Compared with PCA and ICA, UMAP is a non linear method and for this
reason, it is particularly useful for capturing complex relationships in
high-dimensional data.

The presented methods are reported in Table 7 for comparison.

These methods have been used for the feature vectors of the training
images, test images, and test images corrected through histogram
matching. The plots are reported in Fig. 4.

5. Updated pipeline

The obtained results have demonstrated that the SNN is capable of
generating feature vectors that well separate sets of MR images acquired
with different scanners and, consequentially, recognize which scanner
has generated the input image with high precision.

Regarding the reduced feature vectors generated from the training
images, the plots are reported in Figs. 4.a, 4.b, and 4.c. In general, for the
encoded features vector UMAP, there is no overlapping and the 3 groups

However, suppose that a new subject is scanned with an MRI scanner
that, for the reasons previously discussed, produces images with a
contrast that is not represented in the Training Dataset. In this case, the

of scanners are well separated (Fig. 4.c). Regarding PCA and ICA, the 3
groups are still well separated except for some uncommon outliers
which can be attributed to the strong reduction of features (Figs. 4.a and

SNN will be not capable of associating each MR image with the same
scanner label, as discussed in Section 4.2. The results will be that the
SNN will classify the images with different labels, and this behavior

4.b). could be used to detect the MRI acquisition with different contrasts.
Table 6
The classes MRC, CMH, and ZHH represent the labels of the scanners reported in [5]. All the values have to be intended in %.
Method Prec Recall Spec F1
MRC CMH ZHH MRC CMH ZHH MRC CMH ZHH MRC CMH ZHH
SNN + ED 98.44 100.00 100.00 100 99.42 99.03 99.23 100 100 99.21 99.71 99.51
SNN + SVM 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
SNN + DT 92.75 88.34 83.51 94.74 79.73 89.86 96.30 94.74 91.13 93.73 83.81 86.57
SNN + RF 95.85 96.57 87.59 99.03 82.26 97.66 97.86 98.54 93.08 97.41 88.84 92.35
SNN + KNN 98.84 100.00 99.42 100.00 98.25 100.00 99.42 100.00 99.71 99.42 99.12 99.71
SNN + LG 98.65 100.00 99.23 100.00 97.86 100.00 99.32 100.00 99.61 99.32 98.92 99.61
Table 7
Comparison between feature reduction methods used in this work. Information collected by [41].
Method  Objective Linearity Orthogonality =~ Weakness Outliers Applications
PCA Maximize Variance Linear Yes Limited to linear projection Sensitive Dlmens.lonahty reduction Feature
extraction
ICA Maximize statistical independence Linear Not Required Require high training time Sensitive  Blind source separation
UMAP Preserves both local and global Non- No Sen§1t1v1ty to hyperparameter Sensitive  Data visualization Classification
structures linear choices
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Training Images
Feature Vectors

Test Images
Feature Vectors

Harmon. Test Images
Feature Vectors

Fig. 4. SNN encoded features of training images: a) PCA, b) ICA, ¢) UMAP. SNN
encoded features of test images: d) PCA, e) ICA, f) UMAP. SNN encoded features
of harmonized test images: g) PCA, h) ICA, i) UMAP. The red, green, and blue
represent respectively the MRC, CHM, and ZHH scanners according to the label
assigned in [5]. Each plotted point is related to an MR image given as input to
the SNN that generates the feature vector of 512 elements and then reduced to
the 3 dimensions using the discussed features reduction algorithms. (For
interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)

This behavior could be used for detecting MR images that exhibit
significant contrast variations compared to the training data. Fig. 5 is
shown as a possible new processing pipeline that improves the common
one shown in Fig. 1.

In the new pipeline introduce a new step that checks the MR images,
using the SNN, before these last ones are fed to the DL models.

Suppose that there are n different labels of scanners inside the
Training Dataset. Each image of a new MRI acquisition is classified with
the SNN, and iteratively, their label is chosen between all the n labels
available. If the SNN is capable of associating almost all the new MR
images to the same scanner label, it is possible to conclude that the
contrast of the images is similar to the ones presented in the Training
Dataset. In this case, no further actions are required. On the contrary, if
the images are classified into several different labels, it means that the
SNN has not seen the contrast of the image because cannot find a
representative scanner (in the Training Dataset) for which the contrasts
of the images are similar. Consequentially, further actions are recom-
mended, like proceeding with Fine-Tuning both the SNN and the DL
model as shown in Fig. 5.
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6. Conclusions and future work

Acquiring an in-depth comprehension of how a CNN manages these
variations could serve as an initial step to enable DL methods to be
robust and maintain performance even on images acquired with unseen
scanners. Moreover, it could serve to develop more efficient image
harmonization techniques and could provide valuable advice for the
data collection phase.

In this work, we present an investigation of the effects of MR image
variabilities during a CNN’s training and test phase, in this case, an SNN.

The SNN was trained on MRI images acquired from three different
subjects and three different MRI scanners to recognize which scanner
generated the input MR image. Since the output feature vectors of the
SNN cannot be used directly for classification, the Euclidean distance
has been used to calculate the distance between the feature vector of the
input image with all the feature vectors of the training images to find the
correct class. To go beyond the constraints of this technique, five
different machine learning algorithms have been trained on the output
feature vectors of the SNN to be used in combination with the SNN. The
results show that the network is learning to recognize them.

The test phase has also confirmed that the SNN is capable of recog-
nizing MR images, especially from the scanners MRC and ZHH. Inter-
estingly, the MR images from the scanner CMH are the ones more
affected by misclassification and it seems related to the histogram shift
that occurred between year 1 and year 2.

Finally, using histogram matching, the CMH MR images have been
harmonized concerning the same scanner of year 1 (used for training).
The classification results have significantly improved as was expected.

It is important to notice that histogram matching has proven to be
effective for this particular case of study. However, real-scenario tasks
are more complex, and one can expect that the effects of contrast vari-
ability can be even more evident, and at the same time, contrast
harmonization will be even more difficult [32].

To visually evaluate the output feature vectors generated by the
SNN, they have been projected into a 3D space using PCA, ICA, and
UMAP. The plots relative to the training images have shown three
distinct clusters, one for each MRI scanner, which confirms that there
are considerable differences in how the SNN encoded those features.
Instead, regarding the plots that report the reduced feature vectors of the
test images, several elements of the cluster of the CMH scanner have
moved to the clusters MRC and ZHH, further affirming the numerical
results. Finally, observing the plots of the reduced features of the test
images after histogram matching is applied, it is possible to notice that
the outlier elements relative to the CHM scanner are drastically reduced.

Finally, it has been discussed how the SNN could be used as a method
for detecting contrast variability in MR images, increasing the robust-
ness of the processing pipelines in general and in particular the ones that
use DL methods.

With this aim, for future development, this scenario will be carried
on. First of all, the SNN will be trained to detect contrast variabilities
also for different MR modalities, like Proton Density, T2-weighted, and

Tuned Parameters

Discrepancy
‘
=

SNN Contrast

Operati
perative Similarity

Evaluation

Routine Data

¥

Discrepancy .
NO ‘ Trained DL »

!

Tuned
Parameters

Output

Fig. 5. The proposed solution to mitigate the contrast variability effects on DL models. Compared with Fig. 1, a new step is introduced between the input data and the
Trained DL. This step, using the SNN, is used to detect discrepancies between MR images used during training and testing and the new MR images.
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Fluid-attenuated inversion recovery (FLAIR), beyond the T1 used in this
work. Subsequently, the discussed pipeline will be tested with several
multimodal, multicenter, multi-scanner datasets used to train DL
methods for tasks like multiple sclerosis lesion segmentation, tumor
detection, etc. to assess the behavior and the performances of the SNN
also with MR images acquired in the presence of abnormal tissues such
as brain tumor.
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