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Parkinsonian syndrome (PS) is characterized by bradykinesia, resting tremor, rigidity, and encapsulates the
clinical manifestation observed in various neurodegenerative disorders. Positron emission tomography (PET)
imaging plays an important role in diagnosing PS by detecting the progressive loss of dopaminergic neurons. This
study aimed to develop and compare five machine-learning models for the automatic classification of 204 [18F]
PR04.MZ PET images, distinguishing between patients with PS and subjects without clinical evidence for
dopaminergic deficit (SWEDD). Previously analyzed and classified by three expert blind readers into PS
compatible (1) and SWEDDs (0), the dataset was processed in both two-dimensional and three-dimensional
formats. Five widely used pattern recognition algorithms were trained and validated their performance. These
algorithms were compared against the majority reading of expert diagnosis, considered the gold standard.
Comparing the accuracy of 2D and 3D format images suggests that, without the depth dimension, a single image
may overemphasize specific regions. Overall, three models outperformed with an accuracy greater than 98 %,
demonstrating that machine-learning models trained with [*®F]JPR04.MZ PET images can provide a highly ac-
curate and precise tool to support clinicians in automatic PET image analysis. This approach may be a first step in
reducing the time required for interpretation, as well as increase certainty in the diagnostic process.

1. Introduction across medical centers and clinicians. These guidelines have been

updated to include information on comorbidities such as diabetes mel-

Parkinsonian syndrome (PS) is an umbrella term for a constellation
of heterogeneous and complex neurodegenerative disorders involving
dopaminergic neurons within the substantia nigra pars compacta (SNpc)
[1-3]. Among PS, Parkinson’s disease (PD) is the most common, and its
prevalence is dramatically rising in Latin American countries [4-6], a
trend attributable to industrialization and enhanced life expectancy [4].

The diagnosis of PS is mainly based on clinical manifestations [7],
requiring a high degree of expertise. To assist in this process the Inter-
national Parkinson and Movement Disorder Society (MDS) published [8]
and validated [9,10] guidelines to assure reproducibility in the diagnosis

litus (type II) [11-13], cognitive deficits [14-16], low plasma urate
levels in men [17-20] and lifestyle factors such as physical inactivity
[21-28], known to increase risk of PD. This updated MDS criteria now
emphasized the utility of neuroimaging [29-34] to address the chal-
lenges of earlier and differential PS diagnosis, enhancing diagnostic
certainty and reinforcing clinician’s decisions [35,36]. The reduction of
presynaptic biomarkers, such as dopamine transporters (DAT), indicates
the loss of nigrostriatal neurons and the subsequent dopaminergic deficit
in the striatal regions of the brain. ['8F]PRO4.MZ is a PET tracer with
high affinity, selectivity, and specificity for DAT, suitable for detecting
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dopaminergic deficit in the striatum and SNpc even before the onset of
motor symptoms [37-42].

However, the process of image processing, modeling, and statistical
analysis, requires specialized software packages, often limited to certain
clinical centers. Furthermore, analyzing scan images, particularly those
of complex anatomical organs like the brain, requires significant skill
and experience to accurately detect anomalies or changes. While new
radiotracers such as ['®F]PR04.MZ are promising, their routine clinical
application relies on reproducible methods of PET imaging quantifica-
tion to minimize variability between readers and produce standardized
clinical reports. Artificial intelligence (AI) offers a compelling approach
to interpreting PET imaging data. The rapid advancements in machine
and deep learning applied to diagnostic neuroimaging have demon-
strated promising outcomes in various clinical scenarios [43-49].
Computer-aided diagnostic (CAD) methods using neuroimaging exhibit
increasing levels of sensitivity (recall) and specificity for accurate di-
agnoses [35,36], while Al-based approaches facilitate statistical pre-
diction through classification methods.

Image-based machine learning models are widely employed as CAD
tools for classification tasks. These models apply different techniques
such as support vector machines (SVM), which establish a hyperplane
for binary classification and optimize the margin between the hyper-
plane and the classes [50-52]. Random forest [53], an ensemble
method, employs decision trees on data subsets, averaging their pre-
dictions to enhance accuracy and mitigate overfitting; this approach has
proven effective for classifying patients with PD [54]. Logistic regression
models facilitate binary classification by transforming linear regression
values into a range between 0 and 1 using a logistic function. And
K-nearest neighbor (K-NN) identifies the K closest data points based on
Euclidean distance to form a classified set. In contrast, artificial neural
networks (ANN) are more intricate, simulating human brain neural
networks and excelling in image processing tasks. Comprising layers
that capture pattern complexity, ANN have demonstrated remarkable
performance in this domain.

In this article, we aim to identify a suitable machine-learning model
to facilitate the diagnostic using [18F]PR04.MZ PET/CT imaging. We
specifically examine and compare the performance of SVM, Random
Forest, Logistic Regression, K-NN, and Neural Networks. Our assessment
focuses on critical parameters such as precision, recall, F1-score, accu-
racy and AUC to classify between patients with PS from subjects without
evidence for dopaminergic deficit (SWEDD).

2. Methods
2.1. Patient population

In this study, 204 subjects (118 men, 86 women, ages 61.6 + 12.9
years, range 20-90 years), were referred to the Center for Nuclear
Medicine & PET/CT PositronMed, Santiago, Chile, for PET/CT imaging
using [1®F]PRO4.MZ to evaluate the integrity of nigrostriatal neuronal.
The compiled database was split into two groups: 129 PET scans (63 %)
destined to train the models and 75 (37 %) for testing them.

All procedures performed in this study were in accordance with the
ethical standards of the institutional and national research committee
and with the principles of the 1964 Declaration of Helsinki and its later
amendments or comparable ethical standards. This is a retrospective
analysis of previously acquired PET data approved by the regional ethics
committee board (CEC SSM Oriente, permit 20,140,520) and written
informed consent has been obtained from all participants.

2.2. PET imaging acquisition and analysis

All images were acquired on a state-of-the-art WB PET/CT scanner
(Biograph mCT Flow, Siemens Healthineers, Erlangen, Germany). Pa-
tients were allowed to rest for 55 min after injection of 184.0 + 30.0
MBq (range: 94.7-234.6 MBq) ['®FIPR04.MZ before being placed head-
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first supine in the PET/CT scanner. A low-dose CT was performed for
attenuation correction before the emission scan was performed in LIST-
mode from 60 to 90 min post-injection (p.i.). PET images were corrected
for random, scatter, attenuation, and time-of-flight, reconstructed by an
ordered subset expectation maximization (OSEM) algorithm (2 itera-
tions and 21 subsets) followed by post-reconstruction smoothing
(Gaussian, 4 mm FWHM), corrected for motion if necessary, and aver-
aged, following the manufacturer’s instructions (Siemens). Images
consisted of 110 planes of 256 x 256 voxels of 1.59 x 1.59 x 1.5 mm?.

For routine clinical analysis and reporting, representing the gold
standard of our analysis, PET scans were reframed into 6 static frames of
300 s each, reviewed, corrected for motion and averaged for the period
of 60-90 min post-injections. PMOD software (Version 3.4, Zurich,
Switzerland: PMOD Technologies LLC. Available from: https://www.
pmod.com/) was used to co-registered images to CT scans and to
normalize to Montreal Neurological Institute (MNI) space. Volumes of
interest (VOI) were outlined for the left and right anterior, posterior, and
total putamen, caudate nucleus, SNpc, and cerebellum. Specific binding
ratios (SBR) were calculated from SUVmean values as follows:

SUVregion — SUVcerebellum
SUVcerebellum

SBR=

Ratios between anterior and posterior putamen were calculated as a
measure of a rostro-caudal gradient (RCG):

__ SBRanterior putamen

RCG=
SBRposterior putamen

VOIs were generated from a three-dimensional maximum probability
atlas that included the putamen. The separation between the anterior
and posterior putamen was arbitrarily set at 55 % and 45 % respectively.
This separation proved to be the ideal ratio to reflect the RCG observed
in parkinsonian syndromes [55].

2.3. General workflow

[*8F]PR0O4.MZ PET images were acquired and collected to create a
PET image dataset. Later, three independent expert readers assessed and
labeled two-hundred-four PET images. The images were preprocessed to
generate 2D and 3D datasets for the subsequent training and analysis of
five different ML models. Final statistical analysis was performed to
evaluate accuracy, precision, recall, F1-score and AUC (Fig. 1).

. <
SPECIALIST'S
- ASSESSMENT

=
i

[18F]PR04.MZ PET/CT

(1) 2D dataset
(2) 3D dataset

Image-based ML
Processing Pipeline

il

STATISTICAL
ANALYSIS

DATA PREPROCESSING
FOR STANDARDIZATION

873

T aw\
MACHINE LEARNING L

ALGORITHMS

(1) sVvM

(2) Random Forest

(3) Logistic Regression
(4) k-NN

(5) ANN

Fig. 1. Image-based ML processing pipeline: I) PET imaging with ['®FIPRO4.
MZ, 1I) Image classification, III) creation of 2D and 3D datasets, IV) pre-
processing of datasets, V) training of ML model, VI) analysis.
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2.4. Classification of PET images

All PET images (axial and coronal views) and quantitative signal-to-
background-ratio (SBR) values (Fig. 2) were assessed. A pathological
deficit was defined as a decrease of more than 40 % (eq. to 2 x SD) from
the mean value of the healthy control group in any region.

Each scan was assigned as follows: normal (0) or abnormal (1),
showing absence (0) or presence (1) of asymmetric binding, absence (0)
or presence (1) of a rostro-caudal gradient, and being compatible (1) or
not (0) with PS. The final label was assigned to a scan without evidence
for dopaminergic deficit (0) or a scan showing dopamine deficiency
compatible with PS, based on the agreement of at least two readers.

2.5. Imaging preprocessing and feature selection: 2D and 3D datasets

The data preprocessing pipeline was designed to produce two
distinct dataset dimensions; therefore, each input was processed differ-
ently (Fig. 3). For the 2D dataset, the preprocessing stage focused on
selecting the region of interest (ROI), targeting the striatal and midbrain
regions within each image. This work required standardized images in a
normalized space for which we used the three-dimensional maximum
probability atlas [55]. Additionally, due to acquisition and anatomical
variability, some images exhibited differences in the positioning of the
ROI, requiring an automated localization process. This adjustment also
affected the standardization of image resolution, leading to the gener-
ation of resized pseudo-color images with a resolution of 80 x 40 pixels
(Fig. S1). This process can be followed in Fig. 3, left workflow.

The preprocessing of the 3D dataset was centered on the volume of
interest (VOI), resulting in 10 consecutive 2D images covering the
striatal and midbrain regions (see Fig. 3, right workflow). The unsu-
pervised model applied to achieve this selection is described as follows.

1. From the acquired 3D image, 45 % and 30 % were removed from the
upper and lower slices, respectively. This standardized inner volume
was used as a first filter to select the VOI (Fig. 4).

2. Density-based spatial clustering of applications with noise (DBSCAN)
is a technique of cluster building around an arbitrary initial point.
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Fig. 2. Axial and coronal section images at the level of the normalized striatum
in A) a SWEDD patient and B) a PS patient. Figure also includes anatomical
information, i.e. caudate nucleus, anterior and posterior putamen, and dotted
line separating left and right brain hemispheres.
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Fig. 3. Data preprocessing for standardization pipeline.

The ‘eps’ parameter defines the radius within which neighboring
points are considered, and if these points meet the required ‘min
samples’—the minimum number of points necessary—the area forms
a cluster. Otherwise, it’s classified as noise. The sklearn.cluster.
DBSCAN function was used to select the slice with the highest density
as the central slice of the output-optimized brain box. Therefore, the
cluster shows the tracer uptake in the target region of interest (ROI),
i.e. caudate nucleus, anterior and posterior putamen of both left and
right brain hemispheres (Fig. 5).

3. Finally, a set of ten slices were selected to encompass the areas of
highest density, resulting in a scan output with reduced resolution, as
illustrated in Fig. 6.

The success of this process allowed the reduction of the input images
for the machine learning classification, before splitting them into the
training/validation/test set for the supervised learning classification.

2.6. Machine learning model pipeline

After the dataset labeling and image preprocessing, 63 % of the
images were exclusively used to train a ML model. To achieve our goal,
we compared five different classifiers (SVM, random forest, logistic
Regression, K-NN and neural network) and systematically applied a 10-
fold cross-validation method (Fig. 7).

The performance of each classifier was then evaluated on the

remaining 37 % of images, using labels assigned by expert readers (Step
6).

2.6.1. 2D-dataset
The 2D dataset was divided as described in Table 1. A total of 129 2D

images were assigned to the training set, while the remaining 75 were
used for testing.
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Fig. 4. 3D superior-inferior margin removal.
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Fig. 5. Tracer uptake in PET images.
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Fig. 6. Ten consecutive slice selection of PS (upper row) patients and SWEDD (lower row) subjects.

During the preprocessing stage (Fig. 3), the ROI was selected and,
prior to resizing the scans to a lower resolution, the margins of each
pseudo-color image were removed. This step allowed the input ho-
mogenization before running the algorithm.

To avoid overfitting, the training process incorporated a cross-
validation technique, where the training dataset was split into 10
folds: 90 % used to train the model and 10 % to validate its performance
after each iteration (Fig. 7).

For training of the preprocessed images (step 5 in Fig. 1) Python
3.8.2 scikit-learn functions (http://scikit-learn.org) were used to
implement the ML models. GridSearchCV was used to find the best
parameter grid across all possible combinations (Table 2).

TensorFlow  keras (https://www.tensorflow.org/guide/keras
/sequential model) was used to implement the neural network. The
neural network was composed of three convolutional layers, each

featuring a 3 x 3 kernel layer and a ReLU activation function, followed
by a 2 x 2 max pooling layer and one flatten with activation ‘relu’. The
classification layer included a dense layer with a ‘sigmoid’ activation
function that allows full connectivity between neurons in preceding and
succeeding layers. Finally, we compiled the model using a ‘bina-
ry_crossentropy’ loss, ‘adam’ optimizer and measured its performance
with metric ‘accuracy’.

Each model was executed and validated iteratively, comparing their
performance in terms of precision, recall, F1- score and accuracy
(Fig. 7).

2.6.2. 3D-dataset

The results of the preprocessed 3D dataset were submitted as input
for the supervised classifier. This 3D array was flattened into a pixel
vector. Similar to the approach used for the 2D dataset, all machine
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Table 1
Group composition and demographic details.

SWEDD Training PS SWEDD Testing PS

Training Testing
Amount 54 75 39 36
Age 63.3 £13.9 59.0 +£13.9 60.9 + 11.5 65.3 £ 9.5
Table 2

Best parameter selection for each machine learning model using 2D dataset.

Model  GridSearchCV selection

SVM SVC(C = 1, kernel = ’linear’, probability = True, random_state = 21)

RF RandomPForestClassifier(criterion = ’entropy’, random_state = 42)

LR LogisticRegression(C = 5, penalty = ’11/, random_state = 21, solver =
"liblinear’)

K-nn KNeighborsClassifier(n_neighbors = 1)

learning models applied to the 3D-dataset employed the same hyper-
parameter optimization grid search technique (Table 3). To avoid
overfitting and ensure the creation of a generalized model adaptable to
unseen data, a 10-fold cross-validation technique was employed. The
models were later compared using the previously mentioned indicators:
precision, recall, F1- score and accuracy.

The Ax Adaptive Experimentation Platform (https://ax.dev) was
used to select the best neural network combination of hyperparameters.

Table 3
Best parameter selection for each machine learning model using 3D dataset.

Model  GridSearchCV selection

SVM SVC(C = 1, kernel = ’linear’, probability = True, random state = 0)

RF RandomPForestClassifier(n_estimators = 45, random_state = 0)

LR LogisticRegression(C = 1, penalty = '11, random state = 0, solver =
’liblinear’)

K-nn KNeighborsClassifier(n_neighbors = 2, weights = *distance’)
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The metric defined in the network compiler was set to optimize ‘binary
accuracy’. AX library.get next_trial(.) allows to iteratively create a
neural network with a combination of parameters for 25 experimental
trials. Finally, ax client.get_best parameters select the best set of pa-
rameters (Table 4).

To address overfitting, Ax platform was set to assign a ‘learning_rate’
within the range [0.0001, 0.001], and a ‘dropout_rate’ within [0.01,
0.05]. According to Table 4, 0.013 % is the best learning rate to get the
minimum loss function, though it requires more epochs and computa-
tional resources, while 1.06 % dropout rate is the percentage of neurons
dropped between the three hidden layers. Additionally, ‘EarlyStopping’
(https://keras.io/api/callbacks/early stopping) with (patience = 20)
was included in the models’ callback. This ensures that training halts
automatically when no further improvement is detected.

Accuracy and loss value metrics were used to select the best model.
Graphing both indicators allowed the comparison of the model perfor-
mance with the training and validation data after each iteration. Accu-
racy eases the visualization of how precisely it is to classify the pattern of
an image; meanwhile, loss value indicates the error that adds each
training epoch. The convergence behavior of both graphs indicates the
best model for later classification of the test set. After setting the model
to train for 500 epochs and configuring early stopping (patience = 20),
the algorithm converged, as shown in Fig. 8, and was ready for final
classification.

2.7. Statistical analysis

The inter-observer reliability between the clinicians and the image-
based model identification was calculated using Cohen’s exact Kappa
(x) [56]. We considered the level of agreement according to the
following value ranges for «: slight (0.00-0.20), fair (0.21-0.40), mod-
erate (0.41-0.60), substantial (0.61-0.80), and almost perfect
(0.81-1.00) [57]. Calculations were performed using 95 % confidence
intervals (CI's), and p < 0.05 were considered significant. The statistical
analysis was performed using R "IRR"-CRAN, package 3.5.1 version
(http://www.R-project.org).

To analyze the performance of the five different models, accuracy
(1), precision (2), recall (3) and F1-score (4) were evaluated using the
values for true positive (TP), true negative (TN), false positive (FP), and
false negative (FN) and according to the following equations.

Predicted value

1 0
True value 0 FP ™
1 TP FN
TP + TN a
TP+ TN + FP + FN
TP
ol (2)
TP + FP
TP
TP + FN 3
Table 4

Summary of the best set of parameters for neural network binary accuracy
optimization.

Hyperparameter Best combination

‘learning rate’
‘dropout rate’

0.00013850114679874224
0.010574775359670174

‘num hidden layers’ 5

‘neurons per layer’ 17

‘batch size’ 8

‘activation’ “tanh’

‘optimizer’ ‘rms’

‘keras cv’ 1.0000164359863488
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Fig. 8. Convergence for accuracy and loss values.

precision x recall
— (€3]
precision + recall

Where accuracy measures the percentage of samples correctly classified
by the model. Precision is the quality of the ML model in classification
tasks rated according to the number of TP in a total of PS predictions.
Recall reports the number of PS subjects the ML model can identify, and
F-score measuring the performance of precision and recall between
models.

In addition to the metrics mentioned above, Receiver Operating
Characteristics (ROC) curves were also displayed. By showing the True
Positive Rate (TPR) and False Positive Rate (FPR), ROC curves help to
evaluate the performance of each classifier. In an illustration, the best
ROC curve is the one closer to the top-left corner of the image, since the
ideal scenario implies having high TPR and no FPR.

The Area Under the curve (AUC), in this case the ROC curve, rates on
a scale from O to 1 the value of the area covered by the curve. This
metric, along with other indicators, contribute to the comparison be-
tween models’ performance.

3. Experimental results

Three independent expert readers blindly analyzed the [ISF]PRO4.
MZ PET/CT images. As an additional measure of control, the study
included eighteen healthy volunteers, all of whom were correctly clas-
sified by each expert reader. The Kappa statistic showed an almost
perfect value (x = 0.946; p < 0.001, 95 % CI 0.918-0.966), indicating a
97 % agreement between the clinical and neural network diagnosis.
Furthermore, only one case was misclassified by our algorithm
(Table S1).

3.1. Performance with the 2D dataset

After training, the classifiers were tested with the remaining dataset
portion (37 %). Table 5 shows the results obtained from the classifiers.

Table 5
Classification performance average five image-based ML classifiers with testing
images from the 2D dataset.

Classifier Precision Recall F1-score Accuracy AUC

SVM 0.86 0.84 0.82 82.67 % 0.9614
Random Forest 0.80 0.71 0.67 69.33 % 0.9375
LogReg 0.81 0.77 0.75 76.00 % 0.9621
K-NN 0.69 0.57 0.48 54.67 % 0.6636
NNs 0.97 0.97 0.97 97.33 % 0.9993

Neural networks scored higher in all indicators compared to the other
ML model.

For the 2D dataset, the k-NN presented the lowest performance
versus the other models (Table 5).

Fig. 9 presents the ROC curves and summarizes the AUCs. Both
metrics contribute to the comparison task between the models. The re-
sults showed that NNs achieved an area under the ROC curve of 0.9993,
coupled with superior precision, recall, Fl-score and accuracy. This
performance positions neural networks as the best model for the 2D
input dataset.

3.2. Performance with 3D datasets

Table 6 shows the results achieved by each classifier for the 3D
dataset according to the predicted probability of class membership
(Table S1).

While k-NN underperformance with 2D images, results in the 3D
dataset were significantly better. In general, results indicated that
models consistently outperformed with 3D inputs compared to 2D
datasets (Table 6, Fig. S2).

As in the 2D dataset, NNs performed well in identifying PS-
compatible patients, closely matched by RF and LogReg. Notable,
there was an important improvement in the models AUCs, specially for
random forest and k-nearest neighbors (Fig. 10). Overall, models trained
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Fig. 9. ROC curve including all five models’ performance. The AUC is in the
legend for each model.
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Table 6

Classification performance average of four ML classifiers and neural networks

with testing images from the 3D dataset.

Classifier Precision Recall Fl-score Accuracy AUC
SVM 0.97 0.98 0.97 97.33 % 0.9871
Random Forest 0.99 0.99 0.99 98.67 % 0.9925
LogReg 0.99 0.99 0.99 98.67 % 0.9684
K-NN 0.91 0.91 0.91 90.67 % 0.9867
NNs 0.99 0.99 0.99 98.67 % 0.9727
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Fig. 10. ROC curve including all five models’ performance. The AUC is in the
legend for each model.

using pixel vectors from three-dimensional inputs consistently out-
performed across all metrics (Fig. 11).

Fig. 11 suggests that 3D imaging offers additional information by
capturing depth dimensions. Therefore, relying on just one image may
place excessive emphasis on a specific region [58,59].

4. Discussion

PET imaging of DAT is a useful diagnostic method for monitoring
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dopaminergic neurodegeneration within the striatum and ventral area
of the SNpc in movement disorders [1-3]. Previous studies presented
PET imaging with ['®F]PR04.MZ as an excellent technique with high
sensitivity for evaluation of patients with movement disorders [37-42].

In this article, we first selected and developed five different models
that aim to classify [18F]PR04.MZ PET 2D and 3D scans. We measured
and compared their performances across both 2D and 3D approaches.
Although all models discriminate between PS and SWEDDs with high
accuracy and precision, similar to the expert clinician’s performance,
models presented the highest performance in both datasets, with more
than 97 % agreeing with the clinical diagnosis. Thus, our work presents
an automated tool using machine learning to discriminate SWEDDs and
PS patients, providing crucial support to less experienced neurologists in
evaluating PET scans images during clinical routines.

Given its potential as a novel radiotracer, [*8F]PR04.MZ PET scans
are expected to be extensively distributed in clinical centers. Our results
demonstrate that machine learning models can effectively discriminate
these PET scans with an accuracy exceeding 98 %. These models will
thus serve as tools to aid in the analysis of larger datasets of neuroimages
using this tracer.

Our results indicate that all models perform better with 3D images as
input, suggesting that multidimensional data may accurately reflect the
complex structure of the brain. A study comparing multiple approaches
with different dimensions for brain MRI auto-segmentation images
revealed that 3D approaches achieve higher performance for limited
training data compared to 2D and even 2.5D [60]. However, that
approach requires more computational memory.

To explore the use of publicly available tools for non-programmers,
we compared our 2D dataset models’ performance with the trial
version of the Google platform algorithm. The 129 labeled 2D images
were uploaded and used to train a model on the platform algorithm,
while the remaining 75 images were reserved for testing (Table S3). The
Google Cloud Vision API demonstrated superior sensitivity and speci-
ficity, achieving an accuracy rate of 93.33 % and a recall value of 0.94
(Table S3), surpassing the averages reported by individual clinicians.
This suggests that exploring cost-effective alternatives, such as cloud-
based business tools, may be worthwhile for employing ML in data
classification tasks.

In machine learning, the level of trust in a model often correlates
with its interpretability, due to the traceability of the prediction or de-
cision steps. Models with low interpretability but high accuracy, known

Models performance for 2D and 3D datasets
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Fig. 11. Performance of the different classifiers based on accuracy, precision, recall and F1-score metrics used in this research: Support Vector Machine, Random

Forest, Logistic Regression, k-Nearest Neighbor and Neural Network.
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as black-box models, are less explainable. Among models with greater
explainability, logistic regression stands out, while NNs, although more
accurate, are less explainable (Fig. 12).

Our CAD approach performed well on NN models in both two and
three-dimensional datasets. However, interpretability is not included
into these models. Some studies address interpretability in NN using
techniques such as Local Interpretable Model Agnostic Explanations
(LIME) [61]. Despite this, models like logistic regression and random
forest achieved high scores in all the evaluated indicators, becoming
better alternatives than NN.

4.1. Limitations and future work lines

Our analysis represents an initial effort to evaluate the performance
of ML models in discriminating between PS compatible and SWEDDs
using 2D or 3D [18F]PR04.MZ PET imaging. The dataset utilized was
small due to the restricted number of patients available for the study. As
the dataset expands, future research lines could incorporate augmen-
tation techniques [62,63] to further enhance data availability and model
robustness.

It is also important to mention that the accuracy and other perfor-
mance metrics reported in this study, are based on the standard of truth
established by three specialists and the image specifications employed.
Therefore, all models trained using this information as a reference will
perform in accordance with the provided data. Since the CAD system
developed in this study aimed to replicate this assessment, it may not be
exempt from misdiagnosis. Currently, the definitive diagnosis of Par-
kinson’s disease (PD) can only be confirmed post-mortem through au-
topsy. Importantly, all subjects in this study who exhibited PD-
compatible symptoms are still alive, implying that their diagnoses are
based on PET image and clinical assessments.

As ['®F]PR04.MZ PET scans become widely used as a DAT tracer,
future work lines with larger datasets have the potential to deliver more
robust and generalizable results. Additional data could be incorporated
into this approach to train models capable of distinguishing between
various movement disorders syndromes often referred to as PS. Studies
that apply such multiclass classification techniques are opening novel
lines of research and applications involving image and computational
methodologies [64]. Furthermore, within the context of [*8F1PR0O4.MZ
PET/CT images, a dataset that includes a follow-up of symptoms pro-
gression and patient deterioration could facilitate the development of
models for stage classification.

5. Conclusions

Advances in computational technologies, such as artificial intelli-
gence in medical decision-making, have prompted ethical debates and
critical questions about the role of Al in healthcare. One key consider-
ation is the extent to which artificial intelligence will influence medical
decisions. Additionally, it is pertinent to evaluate whether the increased
accuracy achieved by machine learning tools contributes to giving
greater trust in their application.

Our study demonstrated 97 % agreement between the diagnoses
made by consensus expert assessment and those made using ML tech-
niques. Although our data set is small, this represents an initial approach
to training a machine learning tool with the potential utility as a valu-
able diagnostic aid and its integration into routine clinical workflow.

While NN are powerful classification tools, our research highlights
that other pattern recognition algorithms, i.e. random forest and logistic
regression, can be interpretable alternatives for image-based medical
classification tasks when using 3D images. Thus, the adoption of these
models in standardized clinical reports could substantially reduce the
time required for patient analysis and improve diagnostic certainty.

Interested parties may inquire about access to the dataset directly
from any of the authors, in accordance with the data sharing policies and
procedures established for this study.

Intelligence-Based Medicine 11 (2025) 100232

Accuracy vrs Explainability of Machine and Deep Learning models
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Fig. 12. Schematic representation of accuracy and explainability of the models
used in this research: SVM, RF, LogReg, k-NN and neural network.
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