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ABSTRACT

The study developed and applied a computational algorithm that selects the best medical
images, aiming to improve pattern recognition skills among medical students and profession-
als. The algorithm, written in MATLAB, uses six quantitative metrics—sharpness, contrast,
brightness, entropy, processing time, and structural artifacts—and is applied to physiological
or pathological magnetic resonance neuroimaging to identify the image that most contributes
to improving the visual and diagnostic performance of groups of participants. This is achieved
through combinatorial weight analysis (5¢ combinations), in which the image with the highest
number of wins is selected. The system was applied to a study with 60 participants divided
into three groups (medical students, residents, and specialists in neurology), who answered
two questionnaires: the first consisting of raw images selected at random, and the second
using images previously processed and selected by the algorithm. The data were statistically
analyzed, showing improvement in absolute and relative performance when comparing
input and output, with emphasis on the domains of topographic anatomy and zonal recog-
nition of structures. The results indicate that the use of images optimized by objective crite-
ria improves the accuracy of image identification and participant confidence. It is concluded
that the use of reproducible and measurable computational solutions is relevant in medical
qualification, improving educational and diagnostic performance.

KEYWORDS
medical learning, artificial intelligence (AI), selection algorithm, image processing, perfor-
mance evaluation

1  INTRODUCTION

Technological progress has fostered strong interaction between health and engi-
neering, particularly in medical physics, bioengineering, and biomedical engineering
[1]-[3]. However, despite advances in translational research, technological education
in medicine remains limited, with insufficient integration into training programs
[4], [5]. Artificial intelligence (AI), especially machine learning and deep learning,
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has become central to medical applications, including large language models, chat-
bots, and diagnostic support systems based on artificial neural networks (ANNs)
[6]-[8]. These tools have reduced diagnostic errors and improved image pattern rec-
ognition, particularly in radiology, pathology, pharmacology, and clinical care, con-
tributing to more accurate diagnoses and better outcomes [9]-[15].

Comparatively little attention has been devoted to technologies aimed at enhanc-
ing physicians’ learning and diagnostic skills [16], [17]. Strengthening medical train-
ing is crucial for improving care in chronic and acute diseases [18], [19]. Medical
education has increasingly incorporated active methodologies, simulations, and
integrated laboratories to foster analytical reasoning [20]-[23]. Nonetheless, image
recognition remains a complex skill often underestimated outside radiology, justify-
ing the growing interest in Al support [3], [24].

Educational paradigms that combine medicine, engineering, and education
may yield significant benefits [25], especially when inspired by machine learning
approaches, where repetition and pre-processing enhance pattern recognition
[6]-[8]. Using representative “model” images can help professionals practice rec-
ognition of physiological and pathological patterns, especially when aligned with
computational tools that assess performance [25], [26]. This study investigates how
the selection of optimized medical images can support learning and diagnostic accu-
racy. We developed a Matlab algorithm (“selectBestimage”) that identifies the most
representative image from a database using six parameters—contrast, sharpness,
brightness, entropy, processing time, and structural artifact estimates. The algorithm
was applied in questionnaires with medical students, neurology residents, and spe-
cialists, allowing comparison of performance before and after image optimization.

This paper is structured as follows: Section 2 details the dataset, algorithm, image
filtering and selection, and group recruitment. Section 3 presents the results of entry
and exit assessments. Section 4 discusses these findings, and Section 5 concludes
with the main insights.

2  METHODOLOGY

This section describes the technical resources used to design the best image selec-
tion algorithm developed for this study. It includes the definition of metrics, weight-
ing parameters, and cross-referencing strategies used to classify and rank candidate
images from the database (physiological and pathological). The preprocessing
steps (Gaussian filtering and sharpening) applied to enhance images for the output
questionnaire are also presented. Finally, we describe the recruitment of research
groups, the design of problem-based questions, and their knowledge domains in
neuroimaging.

2.1 Algorithm development/definition parameters

An algorithm was implemented in Matlab (R2023b) to objectively select the most
appropriate image from a dataset containing diagnostically equivalent representa-
tions. The algorithm systematically evaluates a folder of candidate images in PNG
or JPEG format, producing a composite score based on six quantitative metrics: con-
trast, sharpness, brightness, entropy, processing time, and structural artifact esti-
mates (refer to Table 1).
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Each image undergoes preprocessing, which includes validation of the input
folder, conversion to grayscale (if RGB), normalization of pixel values to the range
[0, 1], and resizing to 256x256 pixels to ensure uniformity. After preprocessing, the
metrics in Table 1 are extracted for each image.

Table 1. Metrics and methods of obtaining them

Metrics Mechanism Algorithm for Obtaining

Contrast Standard deviation of pixel intensity levels.
Sharpness Variance of image gradients along axes (X, y).
Brightness Mean intensity of all pixels.

Entropy (variability) | Indicated by textural complexity and local variability.

Processing (At) Time required for resizing and preparation, serving as an indirect metric
of computational cost.

Structural Artifacts | Inverse of the SSIM index between the image and a homogeneous gray reference,
representing deviation.

Since no consensus was found in the literature on the optimal ranges or combi-
nations of these parameters [27], the selection process relied on both qualitative and
quantitative criteria, supported by normalization. Weights (w) were used to adjust
the relative importance of each parameter. Initially, all weights were set to 1 and
later calibrated through comparison with reference images [28]-[30]. The parame-
ters are defined as follows:

Sharpness (.w1) — [0 ~ ]

e Qualitative definition: Sharpness refers to the clarity and definition of edges and
fine details in an image. A sharp image presents well-defined borders, facilitat-
ing the identification of anatomical structures and relevant features. In medi-
cal imaging, sharpness is crucial for distinguishing tissues and detecting small
anomalies [31]-[33].

e Quantitative definition: In this study, sharpness is measured as the variance of
the image gradient, calculated using the partial derivatives Gx and Gy obtained
with the imgradientxy function:

sharpness = var . (Gx(})) + var . (Gy(:)) (1)

o Application/Interpretation: Gradient variance indicates sharper images, reflect-
ing more abrupt pixel intensity changes at edges.

* Weight (w1): Adjusts the relative importance of sharpness in the finalevaluation.
A higher weight increases the relevance of edge definition in the scoring process.

Contrast (.w2) — [0 ~ ]

e Qualitative definition: Contrast represents the difference in intensity between
regions of an image. High contrast improves the perception of structures by high-
lighting variations in brightness, which facilitates interpretation and diagnostic
analysis [34]-[36].

e Quantitative definition: Contrast is computed as the standard deviation of pixel
intensities, reflecting the disparity between bright and dark regions:

contrast = std2 . (double(image)) (2)
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Application/Interpretation: Greater standard deviation corresponds to higher
contrast, indicating stronger differentiation of structures.

* Weight (w2): Adjusts the importance of contrast in the overall score. A higher
weight emphasizes images with greater intensity differentiation.

Variability/Entropy (.w3) — [0 ~ o]

Qualitative definition: Variability refers to the diversity of information within an
image. High variability indicates complex structures and richer detail, which are
fundamental for learning and diagnostic accuracy. Entropy is used as the vari-
ability measure [34], [37].

Quantitative definition: Variability is calculated using image entropy, which mea-
sures pixel-level unpredictability:

variability = entropy . (image) (3)

Application/Interpretation: Higher entropy values correspond to more complex
images, with richer textural information.

* Weight (w3): Increases or decreases the contribution of variability to the final
image score. A higher weight favors images with greater informational content.

Processing time (At) (.w4) — [0 ~ o]

Qualitative definition: Refers to the elapsed time for CNN-based classification and
system response [38]. In analogy to cognitive tasks, shorter times indicate more
efficient processing [39].

Quantitative definition: Measured in seconds with Matlab’s tic/toc, stored as
responseTime (Eq. 4):

responseTime = toc 4)

Application/Interpretation: Lower times denote faster systems. This metric enters
negatively in the score (-w4).

* Weight (w4): The response time metric enters the figure of merit with a negative
sign (—w4), as a shorter time is desirable. A higher weight will give more impor-
tance to images with shorter response times.

Brightness (.w5) — [0 ~ 255]

Qualitative definition: Represents overall image light intensity. Adequate brightness
facilitates interpretation and prevents excessively dark or bright regions [40], [41].
Quantitative definition: Average pixel intensity (Eq. 5):

brightness = mean . (image(:)) (5)

Application/Interpretation: Higher values indicate lighter images.

* Weight (w5): Adjusts the relative importance of brightness in the final image
evaluation, favoring lighter or darker images as desired.

Artifacts (w6) — [0 ~ 1]

Qualitative definition: Unwanted elements such as noise, compression, or pixela-
tion that compromise image fidelity [32], [36].

Quantitative definition: Measured by structural dissimilarity with an “ideal
image” (Eq. 6):

artifacts = 1 — ssim . (image, ideallmage) (6)
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e Application/Interpretation: Values near 0 represent minimal artifacts. Like pro-
cessing time, this metric has negative weight (-w6).

* Weight (w6): This weight adjusts the relative importance of the presence of arti-
facts. Since we want to avoid images with artifacts, the weight (—w6) should be
negative, as is the case with weight related to response time (—w4).

To ensure robustness and reduce dependence on arbitrary weights, a com-
binatorial approach evaluates all six parameters. Weights wl-w6 vary within
{0.8,0.9,1.0,1.1,1.2}, generating 5= 15,625 combinations. For each, images are scored
using a normalized linear model (Eq. 7):

Score=wl .N+w2.C+w3.E-w4 .T+w5.B-w6.A 7)
Where N,C,E,T,B, A are the min-max normalized values of sharpness, contrast,
variability, response time, brightness, and artifacts, respectively. The image with the
highest score in each iteration earns a “win.” The final selection corresponds to the
image with the greatest number of wins, ensuring neutrality against weight sensi-
tivity. The algorithm outputs (i) the winning image (.png), (ii) a.txt ranking of wins,
(iii) a bar chart of win distribution, (iv) an xls spreadsheet with results, and (v) an
iterative .html report. All files are stored in the result directory within the original
dataset. Figure 1 illustrates the functional flow and selection process.

Image folder

No provided?
Select folder
via graphical Yes
interface
Yes

A4
Pre-validation:
check for legible

images
|
Extract
characteristics
(sharpness,
contrast, ect)

|
Generate 15,525
combinations of
weights and
parameters

With the application
of weights, a score
is calculated for

each image

Identify the best Generate PNG output
image in each round| | HTML report, Excel,
and graph

Fig. 1. Image selection algorithm
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2.2 Image acquisition and preprocessing

The image databases used in this study, from which physiological (healthy)
and pathological (diseased) neuroimages were extracted, were assembled by the
researchers. Images were randomly selected for the input questionnaires, while the
selection algorithm defined the output questionnaires. A total of 200 images were
included, with a balanced distribution between groups.

The healthy neuroimages (n = 50), obtained from MRI scans of different patients,
were sourced from the intranet repository of the Neuroimaging Laboratory at the
State University of Campinas (opinion number 3,657,509), with images previously
reported in the literature [42-45]. The pathological neuroimages (n = 150) were
selected from two open-access databases [46-48], covering conditions commonly
described in the literature and frequently encountered in clinical practice [44]-[46].
The dataset included MRI scans from distinct patients diagnosed with cerebellar
disease/Chiari malformation (n = 50), cortical disease/Alzheimer’s (n = 50), and
brainstem disease/glioma (n = 50) [43].

For preprocessing, images in the input questionnaires were resized to
256x256 pixels [49]-[51], renamed sequentially (1-50), and stored in separate folders
(physiological or corresponding pathology). Image selection for each question was
performed randomly. For the output questionnaires, images underwent the same
resizing and renaming procedures, followed by normalization to the [0, 1] interval
and enhancement with a Gaussian filter (fspecial(‘gaussian’, filterSize, sigma)) and a
sharpening filter (imsharpen) [46]. Selection for these questionnaires was automated
by the image selection algorithm, which identified the “winning” physiological and
pathological neuroimages to compose the final set of questions.

All included images were appropriate for the study: none were artificially mod-
ified (e.g., translated, rotated, blurred) or representative of unrelated conditions.
Examples of images used in the input (a) and output (b) questionnaires are shown
in Figure 2.

Fig. 2. Images: (a) before and (b) after preprocessing

All images 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.
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2.3 Recruitment of research groups

The sample sought to select 60 participants, divided into three groups, represent-
ing different levels of knowledge about the analysis of healthy and diseased neuro-
logical medical images using MRI, namely 40 medical students who had previously
passed a neurology course; 10 general practitioners and postgraduate students in
a neurology residency program; and finally, 10 neurologists, professors in the dis-
cipline, and active in clinical practice in the specialty. All participants accepted the
informed consent form (ICF) prior to being presented with the entry and exit ques-
tionnaires. All procedures were reviewed and approved by the Institutional Ethics
Committee under opinion number 6,097,741.

2.4 Preparation and application of research questions

The development of the research questions was carried out with the support
of a neuroradiologist, ensuring that each question was adapted to the specific
level of knowledge of the target group. This tailoring considered both the aca-
demic training of the participants and the practical demands of neuroimaging
interpretation in routine diagnostic practice. In this context, the knowledge, rea-
soning, and technical skills required of medical students, residents, and special-
ists are directly linked to their ability to provide patient-centered care and to
achieve diagnostic accuracy in a timely manner [52]-[54]. Accordingly, the design
of structured questionnaires serves as an important diagnostic-educational tool,
promoting assimilation of knowledge and fostering continuous improvement of
medical reasoning. This approach is aligned with active learning methodologies
and continuing education practices, which have been shown to strengthen pro-
fessional development [8]. Within a translational framework at the intersection
of medicine, engineering, and education, analytical learning based on “domains
of knowledge” supports accurate, efficient, and time-optimized diagnostic
decision-making [55]-[57].

Measuring image recognition across knowledge domains not only integrates
image interpretation with clinical problem-solving but also enables the identifica-
tion of knowledge gaps, creating opportunities for reinforcement and professional
advancement. In this study, the questions were structured to address four core
domains of technical knowledge in neuroimaging analysis, along with an additional
question designed to assess perceptual sensitivity. The domains and their respective
relationships are presented in Table 2, while the construction of the applied ques-
tions is detailed in Table 3.

Table 2. Accuracy analysis standards—domains/questions

Domain 1 Morphofunctional/Anatomophysiological Fundamentals
Domain 2 Structural, Dimensional, and Volumetric Recognition
Domain 3 Densities, Signals, and Zonal Detections

Domain 4 Topography of Points, Sectors, and Planimetrics

Domain 5 Conscious Understanding and Performance Perspective
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Question

Question 1

Group
Students

Residents

Specialists

Table 3. Applied questions for human research groups

Statement

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

a) Yes (correct)

b) No

Entry Questionnaire Exit Questionnaire

Question 2

Students

Residents

Specialists

Which anatomical region

is affected? If classified as
physiological, indicate “not
applicable”.

a) Not Applicable (correct)
b) Prefrontal cortex

c) Cerebellum

d) Bulb

* This question does not include a new image; it refers back to the image shown in
Question 1.

Question 3

Students

Which gyre is located in the
demarcated area and to which
lobe does it belong?

a) Superior/Temporary (correct)
b) Median and Occipital

¢) Median and Frontal

d) Lower and Insular

Residents

Specialists

Looking at the

“substantianigra,” what is its

signal intensity when compared

to the “cerebral peduncles”?

a) It's Hypointense (correct)

b) It's Hyperintense

¢) They are isointense.

d) There is no relationship
between intensities

Question 4

Students

Residents

Which neurological system does
the marked image belong to?

a) Hippocampus (correct)

b) Hypothalamus

¢) Substantia Nigra

d) Amygdala

Specialists

Indicate which anatomical
structure is compromised and
the pathology.

a) Cerebellum/Chiari (correct)
b) Brainstem/Glioma

¢) Cortex/Dementia

d) Not Applicable
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2.5 Data analysis

The responses obtained before and after the intervention were tabulated in
Excel and analyzed descriptively through absolute and relative frequencies, rep-
resented graphically. The relationship between the number of correct answers
per group and the knowledge level was examined using the chi-square test (X?),
with bivariate analysis at a 5% significance level. In addition to this, the results
obtained by the research groups will be discussed through absolute (8) and
relative (9) growth.

C.A =final value - initial value (8)

CR- (Plnal Value— Initial Value

— x100 9)
Initial Value

3  RESULTS

The analysis considered both questionnaire applications. Tables 4 and 5 present
the distribution of correct and incorrect responses for questions 1 and 2, before (a)
and after (b) the intervention.

For Question/Domain 1 (“Morphofunctional/Anatomical-Physiological Conforma-
tional Fundamentals”), no statistically significant association was observed between
knowledge level and correct responses, either before (p =0.8136) or after (p=0.7137)
the intervention. For Question/Domain 2, the chi-square test also indicated no sig-
nificant associations (p > 0.05), despite the descriptive increase in correct responses
across all groups after the intervention.

Table 4. Accuracy by research group—question 1

*Correct (%) Incorrect (%)
Question/Domain 1 Difference in Hits
Before After Before After
Students 4118 58,32 58,82 41,18 T 17,64%
Residents 30,00 70,00 70,00 30,00 T 40,00%
Specialists 40,00 70,00 60,00 30,00 T 40,00%

Table 5. Accuracy by research group—question 2

*Correct (%) | Incorrect (%) NHOsYIHACHM Incorrect (%) Difference
Question/Domain 2 in Hi
Before | After | Before | After | Before | After | Before | After | M HItS
Students 3824 | 5882 | 50,00 | 17,65 8,82 8,82 2,94 | 1471 | T20,58%
Residents 50,00 | 80,00 | 30,00 | 10,00 | 20,00 | 10,00 0,00 0,00 | T30,00%
Specialists 50,00 | 80,00 | 30,00 0,00 0,00 | 10,00 | 20,00 | 10,00 | T 30,00%

Question/Domain 3 (“Performance of Densities/Signals and / or Zonal Detections”)
also showed no statistical significance (p > 0.05), with p = 0.7793 in the entry ques-
tionnaire and non-significant results in the exit assessment (Tables 6 and 7).
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In contrast, Question/Domain 4 (“Topographic Points, Sectors, Neurodelimitations
Planaltimétricas”) revealed statistical significance at entry (p = 0.0462), suggesting
an association between training level and response accuracy. At exit, however, sig-
nificance was not sustained (p = 0.0571). Finally, Question/Domain 5 (“Conscious
Understanding and Performance Perspective”) did not present statistical signifi-
cance at either moment (p > 0.05).

Table 6. Accuracy by research group—question 3

*Correct (%) | Incorrect (%) EIEYsK-MAC)M Incorrect (%) Difference

Question/Domain 3 R
Before | After | Before | After | Before | After | Before | After | 1NHItS
Students 3824 | 4412 | 32,35 | 2941 | 17,65 882 | 11,76 | 17,65 | T5,88%
Residents 50,00 | 70,00 | 30,00 | 10,00 | 10,00 | 20,00 | 10,00 0,00 | T20,00%
Specialists 60,00 | 80,00 | 30,00 | 10,00 | 10,00 | 10,00 0,00 0,00 | T20,00%

Table 7. Accuracy by research group — question 4

*Correct (%) | Incorrect (%) I sy udCHM Incorrect (%) Difference
Question/Domain 4 R
Before | After | Before | After | Before | After | Before | After | 1D HItS
Students 2647 | 4117 | 588 | 14,71 | 2059 | 588 | 47,06 | 3824 | T 14,70%
Residents 80,00 | 90,00 | 0,00 0,00 0,00 | 0,00 | 20,00 |10,00 | T 10,00%
Specialists 80,00 | 100,0 | 10,00 0,00 0,00 | 0,00 | 10,00 0,00 | T 20,00%

Analyzing the absolute and relative growths, for question 1, undergraduate stu-
dents showed absolute growth of 17.64% and relative growth of 42.84%, while res-
idents expressed absolute growth of 40% and relative growth > 130% (133.33%) in
their ability to answer correctly, and specialists showed absolute growth of 40% and
relative growth of 75%, as shown in Figure 3.

Domain/Question 1

- B Absolute Growth B Relatve Growth
2 150,00%

*g‘ 133.33%

S 100,00% \ .

o

% 75,00%

& 50.00% 42.85% 40,00 40,00%

Y]

> 17,64

= 0.00% - : . .

iy Medical Students Residents in Neurology Specialists in Neurology
o or Related Fields or Related Fields

Fig. 3. Absolute and relative growth in groups—question 1

Regarding question 2, undergraduate students showed absolute growth of
20.58% and relative growth of 53.82%, while residents and specialists showed abso-
lute growth of 30% and relative growth of 60%, respectively. Compared to the previ-
ous question, there is greater uniformity among the groups in the improvement of
their answers, as can be seen in Figure 4.
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Domain/Question 2
= B Absolute Growth B Relative Growth
32 60,00% —
by 60,00% 60,00%
S 40.00% 53.82% 30,00% 30,00%
&= 20,00% -
L]
£ 000% : —
g Medical Students Residents in Neurology Specialists in Neurology
o or Related Fields or Related Fields

Fig. 4. Absolute and relative growth in groups—question 2

In question 3, undergraduate students showed absolute growth of 5.88% and rel-
ative growth of 15.38%, while residents and specialists showed absolute growth of
20% and relative growth of 40.00% and 33.33%, respectively. Compared to the pre-
vious question, undergraduate students continued to show improvement, albeit less
intense than residents and specialists, who maintained similar growth (see Figure 5).

Domain/Question 3 55546 Growtn B Relative Groth
g 40,00%
O 30.00%
c
g 20,00%
g :
o  10.00% 15,38%
K.} 0.00% - - -
& Medical Students Residents in Neurology Specialists in Neurology
or Related Fields or Related Fields

Fig. 5. Absolute and relative growth in groups—question 3

Comparing question 4, undergraduate students showed absolute growth of
14.71% and relative growth of 55.57%, while residents and specialists showed a
more subtle difference between both growth rates, with absolute growth of 10% and
20% and relative growth of 12.50% and 25.00%, respectively. Comparing the other
questions, undergraduate students showed quite significant relative growth when
compared to the other groups, as can be seen in Figure 6.

Domain/Question 4

B Absolute Growth B Relative Growth

° 00.00% 55,57%
E' 40,00%
)
g

20,00%
-
®
Z  000% : —
] Medical Students Residents in Neurology Specialists in Neurology
&’ or Related Fields or Related Fields

Fig. 6. Absolute and relative growth in groups—question 4

iJET | Vol. 21 No. 2 (2026) International Journal of Emerging Technologies in Learning (iJET)


https://online-journals.org/index.php/i-jet

Armesto et al.

Finally, regarding the issue of sensitivity and impressions when answering
the questionnaires, observed in domain 5, it can be seen in Figure 7a, before, and
Figure 7b, after, for comparison between the first and second applications, showing
a reduction in the indication of difficulty and an increase in the perception of ease
when answering. The change in this expression is consistent with the increase in
correct answers.

Domain/Question 5: Before (a)
Specialksts in Neurology or Related Fields  [] Resicents in Neurology or Related Fields
B Medical Students

100,00% 40,00%
15,00% 10,00%
-~ 50,00%00% 26,47% 26,47% %
. 000 o0
> 25,00% EZ% 0,00%
c 0,00% L
o 0 1 2 3 4 5
g Domain/Question 5: After (b)
PTy Specialists in Neurology or Related Fields [l Residents in Neurology or Related Fields
2 B Medical Students
K.
& 100,00%
75,00% —
50,00% - % B
) 0,00% 33 535 S 10,00 20,00°
25,00%00% 10,002 29/41% —
0,00% — 176% e
0 1 2 3 4 5

Ordinal Scale of Difficulty in Responding to the Questionnaire

Fig. 7. Sensitivity and impression when responding—question 5

4  DISCUSSION

The development of the questions in this study required reflection on knowledge
assessment and continuous professional improvement, highlighting the importance
of tools that not only analyze but also enhance professional skills. Verification instru-
ments should link theory and practice, contextualizing professional dynamics and
aligning with labor market demands. In the health and care sector, such demands
are increasingly shaped by technological resources [54], [58]. While these resources
expand the physician’s analytical capacity, they are also accessible to patients, who
arrive more informed and critical. Therefore, analytical tools that assess academic
and professional accuracy contribute to refining competencies essential to the
doctor—patient relationship.

The results showed that in the exit questionnaire, all groups improved in ques-
tions 1-4 (techniques), as well as in question 5 (sensitivity), indicating greater
ease in image analysis compared to the entry questionnaire. This aligns with
studies emphasizing that technological innovation in healthcare must enhance
working conditions and professional practice [9], [11], [25], [46], [55]. In this
context, medical education bridges technical and conceptual fundamentals
with applied resources from medical physics, bioengineering, and biomedical
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engineering [4], [25], [53]. Active learning, combined with continuous improve-
ment, helps detect and address knowledge gaps [4], [25], [54], supporting more
efficient and reproducible medical care [52]. Nonetheless, limitations must be
acknowledged. The use of curated images from open databases may introduce
clinical bias, reducing representativeness of real-world variability. The structured
questions, focused mainly on topographical and structural perception, may omit
competencies required for complex clinical contextualization. The scarce litera-
ture limits statistical validation, psychometric analysis, and content validity index
(CVI). Furthermore, although technically robust, the algorithm may face efficiency
issues with large datasets, requiring optimization or parallel processing for large-
scale applications. Performance gains observed in some domains were not statis-
tically significant overall, suggesting that isolated interventions are insufficient
for lasting improvements, reinforcing the need for longitudinal and integrated
approaches.

Despite these challenges, the proposal is promising for competency-based med-
ical education and translational research at the intersection of machine learning,
bioengineering, and medical training. Future directions include the following:
(i) generalization to other medical specialties with curated image banks; (ii) incor-
poration of evolutionary algorithms and deep learning for enhanced pattern rec-
ognition and adaptive refinement; (iii) integration of longitudinal data (accuracy
evolution, recurrence of errors, and response time) to support adaptive learn-
ing models; and (iv) multicenter longitudinal validation to ensure heterogeneity
and scalability.

5 CONCLUSION

This study evaluated an algorithm capable of automatically selecting MRI images
using quantitative metrics derived from visual-qualitative skills. The proposed
model proved to be technically robust and methodologically structured, enhancing
image selection, accuracy, and neuroimaging perception among medical students
and professionals. Although the intervention showed variable impact across knowl-
edge domains—greater in topographic anatomy and zonal detection and less in
morphoconational fundamentals—all groups demonstrated absolute and relative
improvements in correct responses, as well as gains in sensitivity and subjective
perception. These findings suggest a positive relationship between image quality
and cognitive performance. Thus, the model demonstrates potential not only as
an educational tool but also as a framework for developing adaptive and enriched
approaches to medical education.

6  ACKNOWLEDGMENT

The authors thank the Brazilian Federal Agency for Support and Evaluation
of Graduate Education (CAPES/BRAZIL) for their support. L.M.A. is grateful to
UniversidadeBrasil (UNIVBRASIL) for the doctoral scholarship granted, which con-
tributed significantly to the development of this research. L.S. thank the National
Council for Scientific and Technological Development (CNPq) (grant 304967/2024-6)
for their financial support.

International Journal of Emerging Technologies in Learning (iJET)


https://online-journals.org/index.php/i-jet

Armesto et al.

7

(1]

(2]

[10]

(11]

(12]

[13]

(14]

[15]

REFERENCES

E. Liljegren, “Usability in a medical technology context assessment of methods for usabil-
ity evaluation of medical equipment,” International Journal of Industrial Ergonomics,
vol. 36, no. 4, pp. 345-352, 2006. https://doi.org/10.1016/j.ergon.2005.10.004

P. Maresova, M. Penhaker, A. Selamat, and K. Kuca, “The potential of medical device
industry in technological and economical context,” TherClin Risk Manag., vol. 11,
pp- 1505-1514, 2015. https://doi.org/10.2147/TCRM.S88574

A. Kumari, S. Tanwar, S. Tyagi, and N. Kumar, “Fog computing for Healthcare 4.0 envi-
ronment: Opportunities and challenges,” Computers and Electrical Engineering, vol. 72,
pp. 1-13, 2018. https://doi.org/10.1016/j.compeleceng.2018.08.015

L. C. Lobo, “Inteligéncia artificial, o Futuro da Medicina e a Educagdo Médica,” Revista
Brasileira de Educacdo Médica, vol. 42, no. 3, pp. 3-8, 2018. https://doi.org/10.1590/
1981-52712015v42n3rb20180115editoriall

F De Ana, K. A. Umstead, G. J. Phillips, and C. P. Conner, “Value driven innovation in
medical device design: A process for balancing stakeholder voices,” Annals of Biomedical
Engineering,vol.41,n0.9,pp. 1811-1821,2013. https://doi.org/10.1007/s10439-013-0779-5
Y. Song, L. Bernard, C. Jorgensen, G. Dusfour, and Y. M. Pers, “The challenges of tele-
medicine in rheumatology,” Frontiers in Medicine, vol. 8, pp. 1-7, 2021. https://doi.org/
10.3389/fmed.2021.746219

S. Zhu et al, “Intelligent computing — the latest advances, challenges and future,”
Intelligent Computing — A Science Partner Journal, vol. 2, no. 11, pp. 1-45, 2022.
https://doi.org/10.34133/icomputing.0006

C. Grévisse, “LLM-based automatic short answer grading in undergraduate medical
education,” BMC Medical Education, vol. 24, no. 1060, pp. 1-16, 2024. https://doi.org/
10.1186/s12909-024-06026-5

E. J. Topol, “High-performance medicine: The convergence of human and artifi-
cial intelligence,” Nature Medicine, vol. 25, pp. 44-56, 2019. https://doi.org/10.1038/
s41591-018-0300-7

M. Chen and M. Decary, “Artificial intelligence in healthcare: An essential guide for
health leaders,” Healthcare Management Forum, vol. 33, no. 1, pp. 10-18, 2020. https://
doi.org/10.1177/0840470419873123

G. Liebel, A. R. Sa Jr, E. M. S. Campos, F. B. Loures, P. V. Dias, and A. Chaoubah, “O diag-
nostico por imagem no Brasil: um sistema, muitas realidades,” Jornal Brasileiro de
Economia em Saude, vol. 10, no. 3, pp. 291-297, 2018. https://doi.org/10.21115/JBES.
v10.n3.p291-7

M. Neher, L. Petersson, J. M. Nygren, P. Svedberg, I. Larsson, and P. Nilsen, “Innovation
in healthcare: Leadership perceptions about the innovation characteristics of artifi-
cial intelligence—a qualitative interview study with healthcare leaders in Sweden,”
Implementation Science Communications, vol. 4, no. 81, pp. 1-13, 2023. https://doi.org/
10.1186/s43058-023-00458-8

D. Ganguly, S. Chakraborty, M. Balitanas, and T. Kim, “Medical imaging: A review,” in
International Conference on Security-Enriched Urban Computing and Smart Grid, vol. 78,
2010, pp. 504-516. https://doi.org/10.1007/978-3-642-16444-6_63

G. Schiavinatto, D. C. Lima, P. K. Campos, and D. A. Souza, “A inteligéncia artificial apli-
cada nos diagnosticos em exames e seu impacto na saude,” in XVIII SEGeT — Simposio de
Exceléncia em Gestdo e Tecnologia, vol. 18, no. 7, 2021, pp. 1-16.

R. Aggarwal et al,, “Diagnostic accuracy of deep learning in medical imaging: A system-
atic review and meta-analysis,” Nature — NPJ Digital Medicine, vol. 4, no. 65, pp. 1-23,
2021. https://doi.org/10.1038/s41746-021-00438-z

International Journal of Emerging Technologies in Learning (iJET) 1JET | Vol. 21 No. 2 (2026)


https://online-journals.org/index.php/i-jet
https://doi.org/10.1016/j.ergon.2005.10.004
https://doi.org/10.2147/TCRM.S88574
https://doi.org/10.1016/j.compeleceng.2018.08.015
https://doi.org/10.1590/1981-52712015v42n3rb20180115editorial1
https://doi.org/10.1590/1981-52712015v42n3rb20180115editorial1
https://doi.org/10.1007/s10439-013-0779-5
https://doi.org/10.3389/fmed.2021.746219
https://doi.org/10.3389/fmed.2021.746219
https://doi.org/10.34133/icomputing.0006
https://doi.org/10.1186/s12909-024-06026-5
https://doi.org/10.1186/s12909-024-06026-5
https://doi.org/10.1038/s41591-018-0300-7
https://doi.org/10.1038/s41591-018-0300-7
https://doi.org/10.1177/0840470419873123
https://doi.org/10.1177/0840470419873123
https://doi.org/10.21115/JBES.v10.n3.p291-7
https://doi.org/10.21115/JBES.v10.n3.p291-7
https://doi.org/10.1186/s43058-023-00458-8
https://doi.org/10.1186/s43058-023-00458-8
https://link.springer.com/conference/sucoms
https://doi.org/10.1007/978-3-642-16444-6_63
https://doi.org/10.1038/s41746-021-00438-z

iJET | Vol. 21 No. 2 (2026)

(16]

[17]

(18]

[19]

(20]

[21]

[22]

[23]

(24]

[25]

(26]

(27]

(28]

[29]

[30]

Algorithm-Based Selection of MRI Images to Support Medical Education and Cognitive Skill Development

T. Habuza et al,, “The applications in robotics, diagnostic image analysis and precision
medicine: Current limitations, future trends, guidelines on CAD systems for medi-
cine,” Informatics in Medicine Unlocked, vol. 24, pp. 1-31, 2021. https://doi.org/10.1016/
j.imu.2021.100596

K. B. Johson et al, “Precision medicine, Al, and the future of personalized health
care,” Clinical and Translational Science, vol. 14, no. 1, pp. 13-27, 2021. https://doi.
org/10.1111/cts. 12884

M. Pan et al,, “Application of artificial intelligence in the health management of chronic
disease: Bibliometric analysis,” Frontiers in Medicine, vol. 11, no. 1506641, pp. 1-13,
2025. https://doi.org/10.3389/fmed.2024.1506641

A. N. Patil, “Image recognition using machine learning,” International Journal of
Engineering Applied Sciences and Technology, vol. 6, no. 1, pp. 195-198, 2021. https://doi.
org/10.33564/IJEAST.2021.v06101.027

]J. A. Omiye, S. J. Rezaei, and J. Zou, “Large language models in medicine: The potentials
and pitfalls: A narrative review,” Annals of Internal Medicine, vol. 177, no. 2, pp. 67-72,
2024. https://doi.org/10.7326/M23-2772

J. P. Arango-Ibanez, J. A. Posso-Nunez, J. P. Diaz-Solorzano, and G. Cruz-Suarez, “Evidence-
based learning strategies in medicine using AL” JMIR Publications Advancing Digital
Health & Open Science, vol. 10, p. €54507, 2024. https://doi.org/10.2196/54507

J. F. Lalonde, “Deep learning for augmented reality,” in [EEE 17th Workshop on
Information Optics (WIO), Quebec, QC, Canada, 2018, pp. 01-03. https://doi.org/10.1109/
WI0.2018.8643463

B. Song et al, “Deep learning informed multimodal fusion of radiology and pathol-
ogy to predict outcomes in HPV-associated oropharyngeal squamous cell carcinoma,”
EBioMedicine, vol. 114, no. 105663, pp. 1-8, 2025. https://doi.org/10.1016/j.ebiom.2025.
105663

H. A. Younis et al, “A systematic review and meta-analysis of artificial intelligence
tools in medicine and healthcare: Applications, considerations, limitations, motivation
and challenges,” Diagnostics, vol. 14, no. 109, pp. 1-38, 2024. https://doi.org/10.3390/
diagnostics14010109

Z. Lin, P. Chen, and L. Chen, “Artificial intelligence in education: A review,” IEEE
Access Multidisciplinary, vol. 8, no. 6, pp. 75264-75278, 2020. https://doi.org/10.1109/
ACCESS.2020.2988510

M. M. Verkerk and D. Bargiela, “The clinician-programmer: Designing the future of med-
ical practice,” BMJ: Leading Medical Research, vol. 2013, no. 347, pp. 2-4, 2013.

A. J. Pretorius, Y. Zhou, and R. A. Leme, “Visual parameter optimisation for biomed-
ical image processing,” BMC Bioinformatics, vol. 11, no. 9, pp. 1-13, 2015. https://doi.
org/10.1186/1471-2105-16-S11-S9

L. Frenkel and J. Goldberger, “Calibration of medical imaging classification systems
with weight scaling,” in Springer Nature, Medical Image Computing and Computer
Assisted Intervention—MICCAI in Lecture Notes in Computer Science, L. Wang, Q. Dou,
P. T. Fletcher, S. Speidel, and S. Li, Eds., vol. 13438, 2022, pp. 642-651. https://doi.
org/10.1007/978-3-031-16452-1 61

S. S. Rana, “A review of medical image enhancement techniques for image processing,”
International Journal of Current Engineering and Technology, vol. 5, pp. 1282-1286, 2015.
https://doi.org/10.14741/ljcet/22774106/5.2.2015.121

L.Zhang, C. C. Ménard, P. L. Callet, and J. Y. Tanguy, “A Perceptually relevant Channelized
Joint Observer (PCJO) for the detection-localization of parametric signals,” IEEE
Transactions on Medical Imaging, vol. 31, no. 10, pp. 1875-1888, 2012. https://doi.
org/10.1109/TMI1.2012.2205267

International Journal of Emerging Technologies in Learning (iJET)


https://online-journals.org/index.php/i-jet
https://doi.org/10.1016/j.imu.2021.100596
https://doi.org/10.1016/j.imu.2021.100596
https://doi.org/10.1111/cts.12884
https://doi.org/10.1111/cts.12884
https://doi.org/10.3389/fmed.2024.1506641
https://doi.org/10.33564/IJEAST.2021.v06i01.027
https://doi.org/10.33564/IJEAST.2021.v06i01.027
https://doi.org/10.7326/M23-2772
https://doi.org/10.2196/54507
https://doi.org/10.1109/WIO.2018.8643463
https://doi.org/10.1109/WIO.2018.8643463
https://doi.org/10.1016/j.ebiom.2025.105663
https://doi.org/10.1016/j.ebiom.2025.105663
https://doi.org/10.3390/diagnostics14010109
https://doi.org/10.3390/diagnostics14010109
https://doi.org/10.1109/ACCESS.2020.2988510
https://doi.org/10.1109/ACCESS.2020.2988510
https://doi.org/10.1186/1471-2105-16-S11-S9
https://doi.org/10.1186/1471-2105-16-S11-S9
https://doi.org/10.1007/978-3-031-16452-1_61
https://doi.org/10.1007/978-3-031-16452-1_61
https://doi.org/10.14741/Ijcet/22774106/5.2.2015.121
https://doi.org/10.1109/TMI.2012.2205267
https://doi.org/10.1109/TMI.2012.2205267

Armesto et al.

(31]

[32]

[33]

(34]

[35]

[36]

(37]

[38]

(39]

[40]

[41]

[42]

[43]

[44]

[45]

Z. Al-Ameen, A. Muttar, and G. Al-Badrani, “Improving the sharpness of digital image
using an Amended Unsharp Mask Filter,” International Journal of Image, Graphics and
Signal Processing (IJIGSP), vol. 11, no. 3, pp. 1-9, 2019. https://doi.org/10.5815/ijigsp.
2019.03.01

P. Rasti, M. Daneshmand, F. Alisinanoglu, C. Ozcinar, and G. Anbarjafari, “Medical image
illumination enhancement and sharpening by using stationary wavelet transform,” in
Proceedings of the IEEE (Signal Processing and Communication Application Conference),
2016, pp. 153-156. https://doi.org/10.1109/SIU.2016.7495700

N. Zerbe, P. Hufnagl, and K. Schluns, “Distributed computing in image analysis using
open source frameworks and application to image sharpness assessment of histolog-
ical whole slide images,” Diagnostic Pathology, vol. 6, no. 16, pp. 1-5, 2011. https://doi.
org/10.1186/1746-1596-6-51-S16

M. Santoro et al,, “A novel figure of merit to investigate 68Ga PET/CT image quality based
on patient weight and lesion size using Q.Clear reconstruction algorithm: A phantom
study,” European Journal of Medical Physics, vol. 106, no. 102523, pp. 1-9, 2023. https://
doi.org/10.1016/j.ejmp.2022.102523

B. Konst, H. W. Fekjaer, and M. Bath, “Image quality and radiation dose in planar
imaging—Image quality figure of merits from the CDRAD phantom,” Journal of Applied
Clinical Medical Physics, vol. 20, no. 7, pp. 151-159, 2019. https://doi.org/10.1002/
acm2.12649

E. R Verdun et al, “Image quality in CT: From physical measurements to model
observers,” PhysicaMedica, vol. 31, no. 8, pp. 823-843, 2015. https://doi.org/10.1016/
j.ejmp.2015.08.007

B. Magnier, “Edge detection evaluation: A new normalized figure of merit,” in Conference:
ICASSP — IEEE International Conference on Acoustics, Speech and Signal Processing
(ICASSP), Brighton, UK, 2019, pp. 1-5. https://doi.org/10.1109/ICASSP.2019.8683357

J. Kocic, I. Popadic, and B. Livada, “Image quality parameters: A short review and appli-
cability analysis,” in 7th International Scientific Conference on Defensive Technologies —
OTEH, Belgrade, Serbia, 2016.

P. C. Kyllonen and J. Zu, “Use of response time for measuring cognitive ability,” Journal of
Intelligence, vol. 4, no. 4, pp. 1-29, 2016. https://doi.org/10.3390/jintelligence4040014

J. C. M. Roman, R. Escobar, F. Martinez, J. L. V. Noguera, H. L. Ayala, and D. P. P. Roa,
“Medical image enhancement with brightness and detail preserving using multiscale
top-hat transform by reconstruction,” Electronic Notes in Theoretical Computer Science,
vol. 349, no. 1, pp. 69-80, 2020. https://doi.org/10.1016/j.entcs.2020.02.013

S.Bezryadin, P. Bourov, and D. Ilinih, “Brightness calculation in digital image processing,”
International Symposium on Technologies for Digital Photo Fulfillment, vol. 1, pp. 10-15,
2007. https://doi.org/10.2352/ISSN.2169-4672.2007.1.0.10

H. Avila, V. R. Silva, and D. S. E Magalhdes, “Volume estimation of the brain, white
matter, and gray matter using FreeSurfer and FSL: Consistency between methods,”
Research Biomedical Engineering, vol. 35, pp. 257-263, 2019. https://doi.org/10.1007/
s42600-019-00027-w

P. Murugan, “Feed forward and backward run in deep convolution neural network,”
Computer Vision and Pattern Recognition, vol. 17, no. 2, pp. 1-20, 2017.

M. C. C. Gozzano, L. S. S. Milare, and M. O. Bernardo, “Glioma de tronco cerebral,” Revista
Faculdade de Ciéncias Médicas de Sorocaba, vol. 20, no. 3, pp. 187-203, 2018. https://doi.
0rg/10.23925/1984-4840.2018v20i3a13

J. G. Neto, M. G. Tamelini, and O. V. Forlenza, “Diagndstico diferencial das deméncias,”
Revista Psiquiatria Clinica, vol. 32, no. 3, pp. 119-130, 2005. https://doi.org/10.1590/
50101-60832005000300004

International Journal of Emerging Technologies in Learning (iJET) 1JET | Vol. 21 No. 2 (2026)


https://online-journals.org/index.php/i-jet
https://doi.org/10.5815/ijigsp.2019.03.01
https://doi.org/10.5815/ijigsp.2019.03.01
https://doi.org/10.1109/SIU.2016.7495700
https://doi.org/10.1186/1746-1596-6-S1-S16
https://doi.org/10.1186/1746-1596-6-S1-S16
https://doi.org/10.1016/j.ejmp.2022.102523
https://doi.org/10.1016/j.ejmp.2022.102523
https://doi.org/10.1002/acm2.12649
https://doi.org/10.1002/acm2.12649
https://doi.org/10.1016/j.ejmp.2015.08.007
https://doi.org/10.1016/j.ejmp.2015.08.007
https://doi.org/10.1109/ICASSP.2019.8683357
https://doi.org/10.3390/jintelligence4040014
https://doi.org/10.1016/j.entcs.2020.02.013
https://doi.org/10.2352/ISSN.2169-4672.2007.1.0.10
https://doi.org/10.1007/s42600-019-00027-w
https://doi.org/10.1007/s42600-019-00027-w
https://doi.org/10.23925/1984-4840.2018v20i3a13
https://doi.org/10.23925/1984-4840.2018v20i3a13
https://doi.org/10.1590/S0101-60832005000300004
https://doi.org/10.1590/S0101-60832005000300004

iJET | Vol. 21 No. 2 (2026)

[46]

[47]

(48]

[49]

(501

(51]

(52]

[53]

(54]

(55]

[56]

(57]

(58]

8

Algorithm-Based Selection of MRI Images to Support Medical Education and Cognitive Skill Development

N. Wang, “Advancements in image processing techniques: Enhancing medical imaging
in modern healthcare,” Imaging Medical Journal, vol. 16, no. 4, pp. 202-204, 2024.
Radiopaedia.org®, “Recurso de radiologia de edi¢do aberta revisado por pares em rapido
crescimento, compilado por radiologistas e outros profissionais de saude de todo o
mundo,” 2024.

Universe.roboflow.com®, “Recurso de radiologia de edic¢do aberta revisado por pares em
rapido crescimento, compilado por radiologistas e outros profissionais de saude de todo
o mundo,” 2025.

F. A. Mohammed, K. K. Tune, B. G. Assefa, M. Jett, and S. Muhie, “Medical image classi-
fications using convolutional neural networks: A survey of current methods and statis-
tical modeling of the literature,” Machine Learning & Knowledge Extraction, vol. 6, no. 1,
pp. 699-735, 2024. https://doi.org/10.3390/make6010033

X. Lei and Y. Yang, “Deep learning-based magnetic resonance imaging in diagnosis
and treatment of intracranial aneurysm,” Computational and Mathematical Methods in
Medicine, vol. 2022, no. 1, pp. 1-7, 2022. https://doi.org/10.1155/2022/1683475

D. Alsaeed and S. F. Omar, “Brain MRI analysis for alzheimer’s disease diagnosis using
CNN-based feature extraction and machine learning,” Sensors, vol. 22, no. 8, pp. 1-16,
2022. https://doi.org/10.3390/s22082911

F. O. L. Cavalcanti and F. L. Guizardi, “Educacdo continuada ou permanente em saude?
Anélise de Produgdo Panamericana da Saude,” Trabalho, Educag¢do e Satide, vol. 16, no. 1,
pp. 99-122, 2018. https://doi.org/10.1590/1981-7746-s0100119

A. A Rajathi, A. A. S. Raj, P. Rajalakshmy, and K. G. J. Nigel, “Review on biomedical instru-
mentation/biomedical engineering and its various applications,” International Journal of
Advanced Research in Electrical, Electronics and Instrumentation Engineering, vol. 3, no. 3,
pp. 7707-7719, 2014.

F. H. C. Ferraz, “As tecnologias na medicina 4.0 e a resisténcia médica aos novos sistemas,”
Revista Cientifica Multidisciplinar Ntcleo do Conhecimento, vol. 1, no. 2, pp. 5-18, 2022.
https://doi.org/10.32749/nucleodoconhecimento.com.br/tecnologia/tecnologias-na-
medicina

G. Singh and R. Singh, “Domains of learning: Art of learning in medical education
program,” Era’s Journal of Medical Research, vol. 7, no. 1, pp. 79-85, 2020. https://doi.
0rg/10.24041/ejmr2020.14

C. Bruen et al,, “Medical student experiences of Case-Based Learning (CBL) at a multicul-
tural medical school,” BMC Medical Education, vol. 25, no. 152, pp. 1-11, 2025. https://doi.
org/10.1186/s12909-024-06585-7

M. Jhala and J. Mathur, “The association between deep learning approach and case based
learning,” BMC Medical Education, vol. 19, no. 106, pp. 1-4, 2019. https://doi.org/10.1186/
$12909-019-1516-z

L. C. M. Feuerwerker, “Educacdo na saude — educacdo dos profissionais de saude — um
campo de saber e de praticas sociais em construcdo,” Revista Brasileira de Educagdo
Meédica, vol. 31, no. 1, pp. 3-4, 2007. https://doi.org/10.1590/50100-55022007000100001

AUTHORS

Leonardo Moraes Armesto is an engineer and educator with a master’s
degree in bioengineering and a PhD in biomedical engineering at the Scientific
and Technological Institute at Universidade Brasil (2021-2025). Full professor at
Universidade Brasil, working mainly in the following areas: physical-mathematical
fundamentals and tools in medical education (E-mail: leonardo.armesto@ub.edu.br).

International Journal of Emerging Technologies in Learning (iJET)


https://online-journals.org/index.php/i-jet
http://Radiopaedia.org
http://Universe.roboflow.com
https://doi.org/10.3390/make6010033
https://doi.org/10.1155/2022/1683475
https://doi.org/10.3390/s22082911
https://doi.org/10.1590/1981-7746-sol00119
https://doi.org/10.32749/nucleodoconhecimento.com.br/tecnologia/tecnologias-na-medicina
https://doi.org/10.32749/nucleodoconhecimento.com.br/tecnologia/tecnologias-na-medicina
https://doi.org/10.24041/ejmr2020.14
https://doi.org/10.24041/ejmr2020.14
https://bmcmededuc.biomedcentral.com/articles/10.1186/s12909-024-06585-7#auth-Catherine-Bruen-Aff1
https://doi.org/10.1186/s12909-024-06585-7
https://doi.org/10.1186/s12909-024-06585-7
https://bmcmededuc.biomedcentral.com/articles/10.1186/s12909-019-1516-z#auth-Meenakshi-Jhala-Aff1
https://doi.org/10.1186/s12909-019-1516-z
https://doi.org/10.1186/s12909-019-1516-z
https://doi.org/10.1590/S0100-55022007000100001
mailto:leonardo.armesto@ub.edu.br

Armesto et al.

Thabata Roberto Alonso is a pharmacist and educator withmaster’s degree in
bioengineering from theScientific and Technological Institute at Universidade Brasil
(2024). Professor at UniBTA, working in the following areas: pharmacology and tech-
nology for health education (E-mail: thabata.alonso@uscsonline.com.br).

Daniel Souza Ferreira Magalhdes is a physicist with a master’s and doctorate
from the State University of Campinas, Brazil (2003, 2005, and 2009). Postdoctoral
degree from the Faculty of Medicine at the State University of Campinas (2013). Full
professor at the Scientific and Technological Institute at Universidade Brasil, work-
ing in the following areas: medical imaging, medical software development, and
bioengineering (E-mail: daniel. magalhaes@ub.edu.br).

Laurita dos Santos is a Professor at Scientific and Technological Institute at
Universidade Brasil. Her research interests in biomedical signal and image process-
ing include nonlinear analysis and complex systems with applications in bioengi-
neering systems (E-mail: laurita.santos@ub.edu.br).

International Journal of Emerging Technologies in Learning (iJET) iJET [ Vol. 21 No. 2 (2026)


https://online-journals.org/index.php/i-jet
mailto:thabata.alonso@uscsonline.com.br
mailto:daniel.magalhaes@ub.edu.br
mailto:laurita.santos@ub.edu.br

