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ABSTRACT

This study compared the performance of an artificial neural network (ANN), implemented
as a convolutional neural network (CNN), with biological neural networks (BNNs) rep-
resented by medical students, residents, and specialists. The task consisted of classifying
magnetic resonance imaging (MRI) scans in both binary (physiological vs. pathological) and
multiclass settings (physiological, Chiari malformation, cortical degeneration, and brainstem
glioma). The CNN, trained in MATLAB, achieved 100% accuracy (acc) (AUC = 0.99) in binary
classification and 72.5% acc (AUC = 0.78) in multiclass classification, consistently outper-
forming all human groups, whose maximum acc reached 50%. Additional metrics (preci-
sion, recall, and F1-score) confirmed the network’s robustness, while statistical analyses
(chi-square test, 95% CI) revealed no significant correlation between participants’ expertise
and diagnostic performance. These findings demonstrate the superior diagnostic capacity of
CNNs and emphasize their potential as complementary tools in medical practice. Moreover,
they highlight the educational relevance of CNNs, suggesting their role in supporting the
development of anatomical and diagnostic skills and in bridging knowledge gaps during
medical training.

KEYWORDS
artificial neural network (ANN), diagnostic support systems, pattern recognition,
medical education

1  INTRODUCTION

The use of biomedical instruments and devices has intensified significantly across
various healthcare and patient care settings [1]. While continuously evolving in
innovation—enhancing diagnosis, prevention, treatment, and rehabilitation—there
remains a broad field where technological development aligns with operational and
clinical needs [2].

In 2023, the global biomedical device market was valued at US$525.8 billion and
is projected to reach US$957.8 billion by 2033, with an estimated annual growth
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rate of 6.2% from 2024 to 2033 [3]. This growth reinforces the complementary role
of biomedical devices, particularly those powered by artificial intelligence (AD), in
supporting diagnostic processes and increasing acc across medical specialties [1].
In addition to accelerating treatment delivery, Al helps optimize healthcare resources
by enabling earlier diagnoses [4]. Despite this technological advancement, founda-
tional sectors such as technical and higher education still lack adequate informa-
tion systems and computational tools to support effective teaching and learning
processes. This gap can impact the development of well-trained, technically skilled
professionals [5].

In response, academic curricula have increasingly emphasized hands-on learning
and the integration of Al tools—especially machine learning and, more specifically,
deep learning based on artificial neural networks (ANNs)—to enhance medical edu-
cation and training [6]. ANNs are mathematical models inspired by biological neural
networks (BNNs) capable of processing information through artificial neurons [7]
and [8]. Among these, convolutional neural networks (CNNs) are widely used for
pattern recognition in medical imaging. Recent studies [9-11] highlight how medical
education has embraced Al as a tool to enhance diagnostic reasoning and investi-
gative skills. This aligns with the concept of Medicine 4.0, where ongoing education
and the integration of machine learning are viewed as essential for modern medical
practice [12,13].

While CNN-based pattern recognition is well established, its application in edu-
cational contexts remains underexplored [8]. CNNs have demonstrated high acc
in several medical domains, including pulmonology, gynecology, and neurology,
confirming their value in clinical diagnostics [14-17]. However, unlike humans,
CNNs lack reasoning and contextual adaptation, which can limit their robustness
when dealing with noisy or uncertain images. Recent work [18] highlights that
preprocessing choices, feature selection, and CNN architecture strongly influ-
ence performance, but further progress may require borrowing concepts from
adaptive and nonlinear control. Techniques such as fuzzy control, backstepping,
and neural adaptive control could improve CNN adaptability and learning speed,
while outputfeedback and optimal control approaches may open pathways for
combining human reasoning with machine pattern recognition. From an educa-
tional perspective, this integration is particularly relevant: although studies sup-
port the role of Al in teaching and learning [7,9-11,19,20], little is known about
how ANNs can specifically enhance medical education. Some evidence indicates
that AI tools can foster knowledge retention and the development of core com-
petencies in healthcare professionals [19]. Moreover, deep learning—through
its multilayered architecture and repetitive training—mirrors aspects of biolog-
ical learning, where reinforcement mechanisms are central to the functioning of
BNNs [20-22].

In this context, the present study compares the performance of ANNs and BNNs
in classifying brain MRI images. Beyond evaluating diagnostic accuracy, it investi-
gates how CNNs can complement medical education by benchmarking human and
machine performance. This work also contributes to the ongoing discussion on inte-
grating Al into medical curricula, supporting the formation of agile and tech-savvy
healthcare professionals. As medicine increasingly incorporates information systems
and Al into daily practice, understanding how professionals interact with these tools
becomes essential. The paper is structured as follows: Section 2 details the method-
ology, including the CNN network architecture, systematization and learning flow,
data acquisition and preprocessing procedures, study participants, questionnaire
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application, and the comparison between networks. Section 3 presents the results
of the BNN and ANN performance analyses. Section 4 discusses the findings, and
Section 5 provides the conclusions and perspectives for future research.

2  METHODOLOGY

The methodological design of this study began with the development of an
ANN using a CNN architecture, implemented in MATLAB. Problem-based ques-
tions were then formulated using neurological images representing both healthy
and pathological conditions. Inparallel, a group of participants—referred to here
as BNNs—was recruited. This group included individuals with varying levels
of expertise in neurology: medical students, neurology residents, and certified
neurologists. Both the ANN and the BNN participants were presented with the
same set of problem questions based on the same medical images. However, only
the ANN received preprocessed images, following established literature proto-
cols to enhance model performance and ensure fair comparison. Based on the
ANN'’s output, confusion matrices were generated and acc values were calculated.
These results were then compared with the BNN responses to evaluate which net-
work (artificial or biological) demonstrated superior classification performance.
Additionally, a domain-based comparison was conducted to identify which
anatomical, physiological, and pathological dimensions each network handled
with higher accuracy.

All results were tabulated and subjected to statistical analysis for comparative
interpretation. This section presents a detailed description of the CNN architecture
developed for the study, including input classes, activation functions, the learning
algorithm, and classification layers. It also outlines the strategy used to divide the
dataset into training, validation, and testing sets. The process of image selection
and preprocessing is described, along with the repository used for CNN training.
Additionally, the recruitment procedures for the BNN group are explained, includ-
ing the criteria used to define participants’ levels of neuroradiological expertise.
The section also covers the development and implementation of the image-based
problem questions administered to both the ANN and BNN groups, as well as the
methods employed to obtain and analyze the resulting data.

2.1 CNN network architecture

A CNN developed for this study followed a standard deep learning design for
image classification, as reported in the literature [23-26]. The network consisted of
an input layer, two convolutional layers interleaved with pooling layers, and a final
fully connected layer. Convolutional blocks used 3x3 filters with increasing feature
maps (16, 32, and 64), ReLU activation, batch normalization, and 2x2 max-pooling.
A dropout layer (30%) was applied to mitigate overfitting. The output layer employed
Softmax for probability-based classification into binary (two-class) or multiclass
(four-class) tasks.

A deterministic approach was used, with fixed architecture parameters to ensure
reproducibility. The input to the network consisted of 256x256-pixel grayscale
images. Figure 1 and Table 1 illustrate the overall CNN structure and the specific
characteristics of each layer.
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Fig. 1. CNN architectural structure

Training was conducted using MATLAB’s Neural Networks Toolbox on an Intel
Core i5 processor (2 GHz) and 16 GB of RAM. The training process included 40 itera-
tions (four per epoch) across 10 epochs, using mini-batches of 32 images. The learn-
ing rate was randomly selected from a uniform distribution within the range of 10
to 102 Optimization was carried out using both the Adam and Stochastic Gradient
Descent (SGD) algorithms. Shuffling occurred at the start of every epoch (‘Shuffle;
‘every-epoch’), and validation was performed in parallel with training to monitor
model performance in real time.

Table 1. CNN structural specification

Type:

Convolutional.

Function:

Extract basic features from imputimages.

Filter Size:

Determined dynamically — capture relevant patterns.

Activation:

ReLU (Rectified Linear Unit) — introduce non-lineartity.

Input:

256%256 pixel grayscale images.

Output:

Convolutional feature maps.

Type:

Pooling.

Function:

Reduce the dimensionality of feature maps.

Pool Size:

MaxPooling or AveragePooling: determined dynamically — preserves important detail.

Input:

Feature maps from Layer 1

Output:

Feature maps reduced in size.

Type:

Convolutional.

Function:

Extract complex and abstract features from images.

Filter Size:

Determined dynamically — captures patterns: high level.

Activation:

ReLU (Rectified Linear Unit).

Input:

Reduced feature maps from Layer 2.

Output:

Convolutional feature maps.

(Continued)
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Table 1. CNN structural specification (Continued)

Type: Pooling.

Function: Further reduce dimensionality while retaining key features
Pool Size: MaxPooling or AveragePooling: determined dynamically
Input: Feature maps from Layer 3.

Output: Feature maps reduced in size.

Type: Fully Connected.

Function: Classify extracted features into target categories.
Neurons: Number based on classification task (2 or 4 classes).
Classification: | Softmax generates a probability distribution over classes.
Input: Vector of features from the layers.

Output: Probabilities of belonging to each class.

2.2 Systematization and learning flow

The CNN was trained and validated using separate datasets, with images propa-
gated through the network using a feedforward process to compute the output. The
difference between the predicted and actual values (error) was used in the back-
propagation process to update the network’s internal parameters. Optimization was
performed using both the Adam and SGD algorithms, which adjusted the network’s
weights to minimize the loss function. The feedforward algorithm is characterized
by a unidirectional flow of information—{rom input to output—without any feed-
back loops or cyclical connections influencing the inputs [26].

After the training and validation phases, the CNN was testing dataset consist-
ing of previously unseen images to assess its generalization ability and classifica-
tion accuracy. To enhance the reliability of the evaluation, a 10-fold cross-validation
approach was applied during training and validation, followed by a separate testing
round. This systematic flow is illustrated in Figure 2.

Input image Pre-processed image CNN

Network convergence

Fig. 2. CNN learning-analytical flow
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Allimages were appropriate (no images were added that were translated, rotated,
blurred, or representative of other conditions/types that did not correspond to the
study). Examples of images composed in the databases for extraction to the entry (a)
and exit (b) questionnaires can be seen in Figure 2.

2.3 Data acquisition and preprocessing

The CNN was trained using a dataset of 200 images, evenly distributed across
four classes. The physiological (healthy) images (n = 50) were sourced from a data-
base provided by the Neuroimaging Laboratory at the State University of Campinas,
under ethics committee approval (opinion number 3,657,509). These images had
been previously used in scientific research [27]. The remaining 150 pathological
images representing three commonly studied neurological conditions often eval-
uated through magnetic resonance imaging (MRI) [28-30]: Chiari malformation
(n = 50), Alzheimer’s disease (n = 50), and brainstem glioma (n = 50), were obtained
through public access in open databases [31] and [32] from different individuals.
All images were acquired from distinct individuals.

The data was divided as follows: 80/20—training and testing. Of these, the train-
ing data was further divided into 80/20—training and validation. This percentage
distribution is repeated in each iteration, randomly, with the images separated in the
indicated proportion. For all cases (of input diversity), a balanced group of images
from each class was considered.

Prior to input into the CNN, images underwent a standardized preprocessing
pipeline: application of a Gaussian filter to reduce noise, followed by a sharpen-
ing filter to enhance edges; intensity normalization to the [0, 1] range; resizing to
256x256 pixels; and systematic renaming within organized folders by class (1 to 50).
It is important to note that, for the BNN participants, the same images were pre-
sented without any of the preprocessing steps described above, preserving the raw
visual input for human assessment.

The differentiation in the steps described for image preprocessing between BNN
and CNN is justified by the structural differences between digital and cognitive pro-
cessing. CNNs rely on pixel patterns and lack innate mechanisms for contextual per-
ception or attentional selectivity, a fact that differentiates them from humans in their
visual system. In detail, just as sharpening filters help highlight edges and subtle
but significant details, and Gaussian filters smooth out unwanted noise, improving
learning stability and network generalization, humans interpret images using con-
text, memory, previous experiences, and complex visual mechanisms. These capa-
bilities allow them to perceive relevant information in natural images, whereas the
application of artificial filters could alter the appearance and interfere with contex-
tual interpretation, resulting in a failure to represent the true perception. Thus, by
selectively using CNN filters, CNN and BNN can be compared under conditions that
enhance their respective digital learning capabilities.

2.4 Study participants

In this study, individuals were considered representatives of BNNs. A total of
60 participants were targeted, divided into three groups: 40 undergraduate med-
ical students (average class size), 10 neurology residents, and 10 board-certified
neurologists.
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All ethical principles involving human subjects were strictly observed. The study
protocol was approved by the Ethics Committee of Universidade Brasil (approval
number: 6,097,741) and conducted in accordance with Resolution No. 466/12 of the
National Commission for Ethics in Research (CONEP), under the Brazilian National
Health Council. Eligible participants were adults who provided informed consent
(ICF) and met the following inclusion criteria: (i) enrollment in a medical program
with prior completion of a neurology course (for students); (ii) current enrollment
in a neurology residency program (for residents); or (iii) certified specialization in
neurology (for professionals).

Exclusion criteria included: failure to provide informed consent via the elec-
tronic questionnaire form; voluntary withdrawal or discomfort regarding participa-
tion; enrollment in a non-medical course or lack of exposure to neurology content
(for students); residency in a medical specialty unrelated to neurology; and profes-
sional practice outside of neurology or neuropediatrics. Additionally, participants
who failed to complete both the entry and exit questionnaires were excluded from
the final analysis.

2.5 Questionnarie application

The development of the questionnaire aimed to evaluate participants’ ability to
recognize patterns in neurological images, based on the level of academic or pro-
fessional anatomical and physiological knowledge required at each stage of med-
ical training. As highlighted in prior studies [1,10,33], effective healthcare practice
depends on a foundation of well-structured academic and clinical training, sup-
ported by tools that enhance diagnostic reasoning and decision-making. The con-
tinuous assessment of knowledge and technical competencies is therefore essential
to improving diagnostic performance and delivering patient-centered care [34,35].

In this context, an analytical questionnaire was constructed and applied to the
BNN groups. It comprised five multiple-choice questions. The first four questions
focused on technical knowledge in neuroradiology, while the fifth aimed to assess
participant motivation. The technical questions addressed the following areas:
question 1: fundamentals of morphofunctional/anatomophysiological conforma-
tion; question 2: structural, dimensional, and volumetric recognition; question 3:
density/signal analysis and zonal detection; and question 4: neuroanatomical topog-
raphy and planimetric delimitation.

Only questions 1 and 2 were the same for all BNN groups, as they targeted foun-
dational knowledge considered essential regardless of academic level. Questions 3
and 4 addressed similar themes but were adapted in wording and complexity to
each group’s expertise level. To allow for comparative evaluation between BNN and
ANN, the analysis in this study focused exclusively on questions 1 and 2, as they
were consistently applied across all human groups and reflected core pattern recog-
nition skills. The same image-based input used for the BNN questionnaire was pre-
sented to the CNN, which classified the images and generated results via confusion
matrices, providing corresponding accuracy values.

In detail, the methodological definition for choosing the two aforementioned
questions is justified by the research proposal, which aimed to compare the results
obtained for the same questions between BNN and CNN, as well as within BNN
groups, establishing equivalence and more targeted results. The topics covered in
each question (1 and 2) analyzed were: Morphofunctional/anatomophysiological
fundamentals and structural, dimensional, and volumetric recognition, respectively.
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Thus, aiming at the comparative equivalence of correct answers, both between
the BNN groups and between BNN and ANN, this study focused on the analysis
of the same questions that also addressed basic knowledge: questions 1 and 2. The
questions sought to analyze, in the groups and in the CNN, the recognition of pat-
terns focused on knowledge subjects.

The BNN groups’ responses were collected as correct or incorrect, while the CNN’s
classifications were converted into the same binary outcome using its confusion
matrices. A chi-square test was applied for bivariate analysis to examine potential
correlations between performance acc and knowledge level across both ANN and
BNN groups. The questionnaire content is detailed in Table 2.

Table 2. Issues applied to networks

Questionnaire Image — BNN

Bank Image Example — ANN Statement

Is the image representative of a physiological (normal)
presentation?

a) Yes (correct)

b) No (incorrect)

This question does not include a new image; it If the image was classified as non-physiological in the
refers back to the image shown in Question 1. previous question, which anatomical region is affected?
If classified as physiological, indicate “not applicable.”
a) Not Applicable (correct)

b) Prefrontal cortex (incorrect)

c) Cerebellum (incorrect)

d) Bulb (incorrect)

2.6 Comparison between networks

The comparative analysis between the ANN and the BNN groups was per-
formed using data tabulated in Microsoft Excel. Descriptive statistics were applied,
and results were expressed as absolute and relative frequencies. Bar charts were
used to visualize the distribution of correct and incorrect responses across groups
and questions. To assess statistical associations between variables (responses to each
question) among the BNN subgroups—and between BNN and ANN—a bivariate
analysis using the Chi-square test (x?) was conducted.

For the ANN, confusion matrices were generated based on its classifications.
From these matrices, the following performance metrics were calculated: acc,
precision (pre), recall (re), F1-score, sensitivity (VPR), and false positive rate (FPR,
or 1-specificity).

VP +VN

acc(%) = x100 @D
VP+VN +FP+FN
VP
re(%) = —————x100 2
pret) = p Fp @
rec(%) = L x100 (3)
VP+ FN
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F1(%) = 2x recisionx Recall (4)
Precision + Recall
. VP
VPR(sensitivity) = ——— 5
( 32 VP +FN )
o P
FPR(1 - specificity) = ————— 6
( pecificity) FP+VN (6)

3  RESULTS

This section presents the performance analysis of both BNNs and the ANN in
answering the classification tasks based on neuroradiological images.

3.1 BNN performance

The performance of the BNN groups (medical students, neurology residents, and
neurology specialists) was evaluated through absolute and relative frequency anal-
ysis. A bivariate chi-square (y?) test was used to assess the association between pro-
fessional level and number of correct responses per question. Table 3 summarizes
the acc results for each group across both questions. For question 1, which required
identifying whether the image showed a physiological brain, the correct answer rate
varied from 30% to 41.18% across groups. For question 2, which involved identify-
ing the affected anatomical region (or selecting “Not Applicable” for physiological
images), the acc ranged from 38.24% to 50%.

Table 3. Accuracy (Correct Answers) per group and question

Group (BNN) Question 1 Question 2
Medical studen 41.18% 38.24%
Resident in Neurology or Related Field 30.00% 50.00%
Specialist in Neurology or Related Field 40.00% 50.00%

Statistical analysis was conducted at a 5% significance level (p < 0.05) with a
95% confidence interval. The p-values for the chi-square tests were p = 0.8136 for
question 1 and p = 0.2037 for question 2. In both cases, there was no statistically
significant difference between the groups, indicating that the null hypothesis (Ho)—
that there is no association between the professional level and performance—could
not be rejected. This suggests that increased training or specialization in neurology
did not result in significantly improved acc in the classification tasks evaluated.

3.2 ANN performance

The ANN was applied to two distinct tasks—corresponding to Question 1 (binary
classification) and Question 2 (multiclass classification)—with 18 variations tested
for each, containing six empirical values for each of the following parameters:
Random seeds, maxepochs and iterations. Each question used a separate input con-
figuration, with the ANN trained, validated, and tested independently for both tasks,
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as detailed in Table 4. These tests aimed to identify the influence of such parameters
on the network’s performance.

Table 4. Accuracy values obtained from different empirical values proposed for parameters
(random seed, maxepochs, and iterations)

Accuracy (acc)
Parameters Empirical Values
Question 1 Question 2
Random seeds 250 100% 65.0%
500 100% 65.0%
750 100% 70.0%
1000 100% 65.0%
1250 100% 72.5%
1500 100% 55.0%
Maxepochs 10 100% 72.5%
12 100% 60.0%
14 100% 70.0%
16 100% 62.5%
18 100% 67.5%
20 100% 70.0%
Iterations 10 100% 72.5%
15 100% 72.5%
20 100% 72.5%
25 100% 72.5%
30 100% 72.5%
35 100% 72.5%

Thus, based on Table 4, convolutional architecture models [36-38], as well as
others focused more specifically on applied and experimental work [18,39,40], hav-
ing analyzed the scripts for a convolutional architecture model, the best-performing
configuration, particularly for question 2, was achieved using a random seed of
1250, 10 training epochs, and 10 iterations, showing optimal acc without requir-
ing increased complexity or additional training time. For question 1, the ANN con-
sistently achieved 100% acc across all tested parameter combinations, indicating
strong stability and reliability in binary classification. Additionally, modifying the
number of layers in the CNN architecture did not lead to acc improvements but did
increase computational cost.

The performance was further assessed using confusion matrices (Figures 3
and 4), providing detailed insights into classification behavior across both tasks.
For question 2, while overall acc remained high, some misclassifications were
observed, particularly between anatomically adjacent structures (e.g., cerebellum
vs. bulb). The class-wise performance metrics and training/validation/testing splits
are presented in Table 5. These findings validate the CNN’s capacity for accurate
image-based diagnosis, especially when properly tuned, and highlight its compara-
tive advantage over BNN groups in classification precision.
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Table 5. Distribution: training/validation/testing, by question

Question Class Training/Validation N°* — 80% (64/16) Test N°* — 20%
01 2 — Physiological; — Physiological; — Physiological;
— Pathological. — Pathological. — Pathological.
Q2 4 — Physiological; — Physiological; — Physiological;
— Cortical degen; — Cortical degen; — Cortical degen;
— Chiari; — Chiari; — Chiari;
— Glioma. — Glioma. — Glioma.

From the confusion matrices (Figures 3 and 4), the acc obtained for each question
were calculated to compare ANN and BNN performance. Additionally, precision
(pre), recall (rec), and F1-score (F1) metrics were derived for further benchmarking
and discussion (Table 6).
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Table 6. Parameters obtained from ANN

Parameters Question 1 Question 2
Accuracy (acc) 100% 72.5%
Precision (pre) 100% 73.9%
Recall (re) 100% 72.5%
F1-score (F1) 100% 69.3%

To provide a more comprehensive evaluation of model performance, the ROC
(Receiver Operating Characteristic) curves were also analyzed (see Figure 5). These
curves demonstrate the trade-off between true positive rate (TPR, or sensitivity) and
false positive rate (FPR, or 1 - specificity), allowing us to assess the classifier’s behav-
ior across different decision thresholds.

For question 1 (binary classification), the area under the curve (AUC) was approx-
imately 0.99, which reflects excellent discriminatory ability between physiological
and pathological images. The curve closely follows the upper-left boundary of the
plot, indicating that the CNN correctly classified nearly all test images. For question 2
(multiclass classification), the AUC value was 0.78. Although lower than the binary
classification performance, this value still exceeds the 0.5 baseline of random guess-
ing, indicating acceptable classification ability for improvement. Possible improve-
ments include adjusting classification thresholds, refining the model architecture, or
increasing the training dataset.

Question 1 Question 2
1.0 1.0
0.8+ o 08
=
()] (1]
*"“‘ [+ 4
& 0.5 206
> )
£ @
"
80.41 € o4
) o
= , =
0. 0.2
—— ROC Curve
0.0 AUC = 0.99 AUC = 0.78
0.0
00 02 04 06 08 10 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate mmm roc curve False Positive Rate mmm roc curve

Fig. 5. ROC curves — ANN

For question 1, the ANN showed perfect classification (95% CI. [1.00, 1.00]),
while the BNN groups achieved the following: Medical Students: 95% CI [31.53%,
50.83%]; Neurology Residents: 95% CI [21.02%, 38.98%]; Neurology Specialists:
95% CI [30.40%, 49.60%]. For question 2, the ANN achieved a 95% CI of [63.75%,
81.25%]. The BNN groups presented: Medical Students: 95% CI [28.71%, 47.76%] and
Neurology Residents and Specialists: 95% CI [40.20%, 59.80%].

Finally, chi-square analyses were conducted to assess statistical significance in
the ANN classification results per class. Using a 5% significance level and 95% con-
fidence interval, no statistically significant differences were observed in ANN classi-
fication acc for either question 1 (p-value = 0.6756) or question 2 (p-value = 0.9997).
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These findings confirm the consistency of the model’s predictions across differ-
ent classes. The comparative statistical results for ANN and BNN are summarized
in Figure 6.

Artificial Neural Networks - Correlation: Level of Knowledge Biological Neural Networks - Correlation: Level of Knowledge
and Correct Answers and Correct Answers
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Fig. 6. Network correlation: correct answers obtained and level of knowledge about the subject addressed

4  DISCUSSION

This section compared the performance of the BNN groups and the ANN, high-
lighting key differences in acc and their implications. For question 1, which assessed
the ability to identify relational aspects between anatomical structures and their
areas of integration, BNN group 1 (medical students) achieved an acc of 41.18%,
group 2 (residents in neurology or related fields) obtained 30%, and group 3
(specialists) reached 40%. The ANN, in contrast, achieved 100% acc in distinguishing
between physiological and pathological classes. Interestingly, medical students and
specialists performed similarly, surpassing residents. This may reflect the balance
between ongoing training in neuroanatomy for students and routine clinical expo-
sure for specialists, whereas residents often face workload-related constraints that
limit opportunities for detailed image analysis. These findings highlight the superior
performance of the CNN compared to human participants across different train-
ing levels.For question 2, which involved more complex classification (proportion,
extent, dimensionality, and volume of brain structures), group 1 reached 38.24%
accuracy, while groups 2 and 3 both achieved 50%. Again, the ANN outperformed
the BNNs with 72.5% accuracy. Although the performance gap narrowed in this
multiclass task, the CNN maintained a clear advantage. Confidence interval (CI)
analysis further reinforced the robustness of CNN predictions (see Figure 6): perfect
acc for question 1 with CI [1.00, 1.00], and consistently higher intervals for question 2
([63.75%, 81.25%]) compared to BNNs.

The chi-square analysis showed no statistically significant association between
participants’ professional levels and correct/incorrect answers for either question
(p-values: 0.8136 and 0.2037 for BNNs; 0.6756 and 0.9997 for ANN), suggesting that
domain expertise did not predict classification performance in this setting. These
findings align with prior literature where CNNs have demonstrated high acc in
diverse medical imaging tasks. For example, CNNs achieved 97.72% acc in pulmo-
nary pattern recognition [14], competitive results in cytopathology [15], and high
metrics in pharmacogenomics [41], ductal carcinoma [42], COVID-19 [43], and brain
tumor detection via MRI [17]. Such evidence reinforces the applicability of CNNs
across medical domains.

Beyond performance comparisons, the results have important implications.
Clinically, CNNs demonstrate strong potential for decision support, particularly in
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contexts requiring rapid and precise recognition, such as emergency care or triage,
and in resource-limited environments lacking specialists. Educationally, CNNs offer
valuable opportunities to strengthen learning strategies. By providing immediate,
standardized, and quantitative feedback, CNNs can complement problem-based
learning, peer instruction, flipped classrooms, and prototyping-based teaching
[7-10]. They can be integrated into curricula to personalize training in neuro-
anatomy and diagnostic imaging, identifying individual difficulties, adapting case
complexity, and allowing repetitive practice in controlled environments. This inte-
gration could accelerate skill acquisition, improve consistency, and expand access to
high-quality training resources.

When comparing CNNs and BNNs, it is important to recognize their distinct cog-
nitive processes. Human reasoning relies on accumulated knowledge, contextual
experiences, and interpretative flexibility, while CNNs are limited to detecting and
analyzing visual patterns [44,45]. Despite these differences, continuous and varied
exposure to cases can progressively enhance human recognition skills, narrowing
the performance gap with CNNs [46]. In educational contexts, this finding supports
the use of CNNs as pedagogical tools to strengthen consistency in human learning,
even when prior experiences differ [47,48].

The dataset focused on a controlled subset of neurological conditions, limiting gen-
eralizability. The number of participants and images was constrained by availabil-
ity, reducing statistical power. Furthermore, factors such as cognitive load, response
time, and participant motivation—all relevant in real diagnostic practice—were not
measured. Potential biases include the restricted participant pool, differences in
workload and clinical exposure, and the artificial testing conditions (e.g., absence of
time constraints and clinical information). These aspects may have influenced the
results. Future studies should therefore expand to multicenter databases, include a
broader range of conditions and participant profiles, investigate real-time diagnos-
tic performance, and align experiments more closely with clinical and educational
contexts. Such efforts will strengthen external validation and ensure that CNN appli-
cations in health and medical education are both reliable and generalizable.

5 CONCLUSION

This study compared CNNs with BNNs, represented by medical trainees and spe-
cialists, in classifying neurological imaging patterns. CNNs consistently outperformed
human participants, highlighting their potential as complementary tools in both
diagnostics and education. Importantly, humans and CNNs rely on distinct mecha-
nisms: humans draw on anatomical knowledge and prior experience, whereas CNNs
detect statistical patterns without contextual understanding. Combining these com-
plementary strengths could enhance acc and reliability beyond either system alone.
Future research should therefore explore hybrid human-machine models, as well
as adaptive control strategies, to build more robust and interactive educational and
diagnostic frameworks. By advancing this synergy, CNNs may enrich medical train-
ing, refine diagnostic competencies, and support innovative practices in healthcare.
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