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Abstract

This article describes the development of an interactive, web-based analytical tool to aid medical research at the medical center by allowing
extensive comparisons of participants with multiple variables, particularly from functional magnetic resonance imaging (fMRI) data. The
program performs analyses within and between people using a series of automated techniques that include brain parcellation, unsupervised
clustering, and data visualisation. Ward's hierarchical clustering method divided fMRI signals into functionally coherent regions, and par-
ticipants were classified using K-means clustering based on their brain activity patterns. Principal Component Analysis (PCA) reduced
dimensionality, allowing for interactive visualisation of subject groups. The platform, built as a web application with Papaya.js, enables
intuitive browsing of patient information and brain activity, assisting healthcare providers in managing clinical data and generating new
insights. This instrument contributes to ongoing research while also laying the groundwork for future applications such as dynamic variable
weighting, feature significance analysis, and expansion into other data sectors.
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1. Introduction

Nowadays, it is increasingly common to encounter problems involving many variables, for example: data from experiments and simulations
of the universe, data from user interactions on large software platforms, among others (Zhao et al., 2021; Nie et al., 2022; Motaghifard et
al., 2023).

For these types of problems, conventional data analysis is not sufficient. If we focus the problem domain on medicine, we can see the
importance of having good analysis tools, as it can directly impact the lives of many people through a diagnosis (Li et al., 2023; Li et al.,
2022; Liu et al., 2023).

The medical center, as they describe themselves, is an organization with the mission of humanizing neonatology. This foundation applies
the Kangaroo Mother Care Method (KMC) in the care of newborns, particularly the most fragile: premature and low birth weight (LBW).
With this goal in mind, 20 years ago, this foundation collected data from a population of newborn babies, some of whom underwent
kangaroo care (He et al., 2021; Bishop & Nasrabadi, 2006; Hennessy & Finch, 2019; McArdle, 2013). All types of data were collected
from this population, including weight, number of weeks completed, height, and more. Likewise, the foundation undertook the task of
contacting many of these patients and collecting new data 20 years later to conduct a comprehensive analysis. Some of the data collected
included: parents' socioeconomic status, state test results, and functional magnetic resonance imaging (Brunner & Munzel, 2000; Francés
et al., 2023; Liberati et al., 2015). After all this data collection, it was found that the amount of data per person was very large, and for this
reason, conventional data visualization and analysis tools were not optimal for this problem.

However, thanks to the increased computing power of current technology, a new wave of progress has emerged in the field of artificial
intelligence. This resurgence has enabled the application of sophisticated analytical techniques to previously challenging domains,
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including medicine, particularly in the analysis of functional magnetic resonance imaging (fMRI). In this context, advanced Al-based
methods were applied to the fMRI data collected from the Kangaroo Foundation subjects to uncover meaningful patterns in brain activation.

2. Literature review

Understanding and comparing patients using complex datasets such as fMRI and clinical variables requires robust statistical and computa-
tional approaches. Several key works inform this study:

Brunner and Munzel (2000) address the nonparametric Behrens-Fisher problem, providing both asymptotic theory and a small-sample
approximation. Their work is foundational in cases where traditional parametric assumptions (e.g., homoscedasticity) are violated. This is
especially relevant in healthcare data, where variance heterogeneity is common due to diverse patient groups.

Francés et al. (2023) offer an updated assessment of science and technology parks in Argentina, comparing them with their Spanish coun-
terparts. Their work highlights differences in infrastructure, university collaboration, and innovation outcomes, emphasizing the importance
of institutional support for STP success.

Liberati et al. (2015) examine STPs in Italy, analyzing their effect on hosted firms. Using empirical data, they find that STPs positively
impact R&D productivity, especially in small-to-medium enterprises (SMEs), suggesting that such environments foster innovation through
shared services, proximity to research institutions, and collaborative networks.

Albahari et al. (2017) differentiate between technology parks and science parks, focusing on whether a university’s involvement signifi-
cantly impacts innovation. Their study reveals that university-affiliated parks are more likely to foster high-tech innovation and knowledge
transfer due to access to research outputs and talent pools.

Rousseeuw (1987) introduced the silhouette method, a technique for evaluating cluster validity by measuring cohesion and separation. This
method remains essential for determining the optimal number of clusters (k), especially in unsupervised learning tasks applied to medical
and urban datasets.

Albahari, Catalano, and Landoni (2013) develop a framework for evaluating national STP systems, applying it to Italy and Spain. They
propose performance indicators related to governance, regional integration, and knowledge flow, enabling cross-country benchmarking
and policy recommendations for innovation ecosystem enhancement.

Lietal. (2022) propose a hybrid heuristic initialization to enhance K-means clustering for urban hotspot detection. Their approach improves
both speed and accuracy by avoiding poor local minima during clustering, which is beneficial for large-scale spatial data, as seen in city
planning or epidemiological surveillance.

Kadali et al. (2022) apply machine learning to COVID-19 extrapolation, showcasing how clustering and predictive models can help forecast
disease progression. Their work illustrates the adaptability of clustering techniques in rapidly evolving public health scenarios where data
volume and variability are high.

Bhopale et al. (2023) introduce an optimized clustering framework for healthcare data analytics, demonstrating its effectiveness in identi-
fying disease patterns, patient cohorts, and resource allocation strategies. Their method integrates domain-specific features and clustering
quality metrics, enhancing decision-making in clinical environments.

3. Problems and challenges

The foundation wants a tool to visualize data and gain new knowledge; however, there are several challenges in developing this tool. The
main problems are associated with data management. The Kangaroo Foundation data is divided into two parts.

The first part is an Excel database, where each patient represents a row and the columns represent the variables that characterize that patient.
A major problem is that the number of variables exceeds 1,000, so a human can't know exactly which variables exist from the outset. The
data for these variables are very different, as some data are text strings, others are categories, others are numeric variables with decimal
numbers, and others are only integers. This makes data management even more difficult, as each of the 1,700 variables must be processed
according to its type.

Fig. 1: Example of fMRI Activation.
The other part of the information is stored as fMRI files saved in folders with a unique identifier representing the patient. These fMRI files
are also very varied, as many different tests were administered to the patients. However, this project focused on the files associated with

the attention tests.

Pixel

Fig. 2: Comparison between Pixel and Voxel Attention Tests.
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This test was chosen because not all patients were given the same tests, but the attention test was the most frequently used test.

The files for these tests are in .nii.gz format (NIF TI-1). This format allows the creation of a four-dimensional array with time and spatial
variables of the voxels as dimensions. A voxel represents the value of a cell in a three-dimensional matrix. That is, it is the equivalent of a
pixel in three dimensions (Figure 2). Voxels represent brain activation, and these values have a frequency unit of Hz.

In this project, we intend to perform an analysis using a clustering algorithm. To do this, it is necessary to define a distance function so that
the data can be compared with this function and categorized. One of the major challenges of the project is achieving the correct comparisons
between patients. Comparing categories or text strings with each other is not as natural as comparing fMRI files, since the data contains
volumetric data that changes over time. Additionally, there is another problem associated with these data: no fMRI can be directly compared
with another because each brain is different in each subject. Although the anatomy is similar, there are differences in brain dimensions,
and this prevents comparing voxels between brains using their coordinates.

Taking these issues into account, two main challenges were found. The first is that instead of comparing the data voxel by voxel, the goal
is to compare them by brain regions that change over time. The second is to make the tool interactive. Since processing this information is
cumbersome, modifying any variable involves performing new calculations and then displaying them to the user.

4. Objectives

The main objective is to create an analysis tool that allows comparing subjects composed of many variables. This tool must be interactive
and preferably web-based so that it can be accessible from anywhere. Since this tool includes information on patient variables, it will allow
physicians to manage patient information at their convenience and facilitate their work. The tool's interactivity should also give physicians
the ability to infer new results from the data. This will support the process of discovering valuable findings for the medical center's research
and contribute to the promotion of its methods.

To achieve this objective, the following more specific objectives were developed:

4.1. Design and implement within-subject and between-subject analysis tools based on the spatiotemporal character-
istics of the fMRI data

As mentioned in the Problems and Challenges section, to make any comparisons between patient data, it is necessary to group the fMRI
data by brain regions that exhibit similar behaviors. That is, their activations at each moment in the fMRI temporal dimension are similar.
Once these regions are defined for each subject, cross-subject comparisons can be made, seeking to compare the regions that are closest to
each other.

4.2. Proposing clustering tools for subject cohorts

To perform the subject analysis, unsupervised learning algorithms are proposed to be applied to find patterns among patients. Figure 3
illustrates an example.
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Fig. 3: Kmeans Applied to Random Data from A Gaussian Distribution.

4.3. Develop a web tool that allows interaction with the analyses performed

A web tool allows for displaying and interacting with patient data in a natural manner. It also allows for a tool that can be easily accessed
on any device with a web browser and from anywhere in the world.

5. Methodology

The project followed a structured five-phase methodology to ensure systematic development and deployment. In the Research phase,
relevant literature and technologies were explored, with a focus on content-based image retrieval (CBIR) methods (Albahari et al. 2013,
Li, et al. 2022) to guide algorithm development. The Data Familiarization phase involved understanding both the tabular dataset—com-
prising approximately 1,700 highly variable features—and the organization of medical imaging files, which differed in format and size
across exams. During the Preprocessing and Analysis phase, patient data were cleaned, structured, and prepared for analysis, followed by
the application of algorithms to uncover patterns in the fMRI data. In the Implementation phase, these algorithms were optimized for real-
world use and deployed through a web-based interface with the necessary backend infrastructure. Finally, the Testing and Evaluation phase
involved assessing tool performance, identifying errors, and drawing conclusions to inform future development. The workflow is illustrated
in Figure 4.
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Fig. 4: Methodology Workflow.

6. Design and implementation

In order to fulfill the objectives, a data analysis tool for the medical center was designed as follows: first, an unsupervised learning analysis
was performed, applying clustering algorithms to determine if there were clusters among the subjects. The clusters were then prepared for
visualization by applying a dimensionality reduction algorithm to the vectors representing the subjects. Finally, to visualize these data, a
web environment was created. Selecting each subject opens a viewer with that subject's fMRI. The procedure for achieving each objective
and the functionalities of the created web portal are explained in more detail below:

6.1. Parcelling

Parcelling is a key concept for the analysis of functional magnetic resonance imaging (fMRI) as it allows regions in the brain to be distin-
guished. In other words, "brain parcellation defines distinct partitions in the brain, whether areas or networks comprising multiple discon-
tinuous but closely interacting regions. These are fundamental to understanding brain organization and function" (Kadali et al., 2022). The
algorithm used to create parcellations is based on clustering algorithms with some internal modifications to handle the time variable in the
fMRIs. In the project, brain parcellations were created for each of the subjects' fMRIs using Ward's clustering algorithm. This decision was
based on the article "Which fMRI clustering gives good brain parcellations?" (Bhopale et al., 2023).

RMSD Ward hierarchical clustering
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Fig. 5: Hierarchical Clustering Dendrogram Using Ward's Algorithm.

Ward's algorithm is an algorithm that generates clusters in an agglomerative hierarchical manner. This algorithm begins by finding the two
closest data points in the entire space and grouping them. It then calculates the cluster centroid by taking the midpoint of these data points.
Finally, the centroid is taken as an ordinary data point, and the process is repeated. This process can be seen in Figure 5.

In the case of fMRI data, two clusters are merged if their union minimizes the sum of the squared differences in the fMRI activation signal
across all generated clusters. Formally, this is described as follows:
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where Y is defined by (Y)¢ = ]-“=1 yj- In summary, we attempt to minimize the cost function (cl; c2), considering that this can only be

done when two voxels are neighbors.

With this theoretical basis in mind, it was decided to use this algorithm, and the result shown in Figure 6 was obtained. However, since it
is a clustering algorithm, a parameter k is required, which represents the number of clusters required. To determine the most appropriate
number of clusters, the elbow method shown in Figure 7 was used.
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Fig. 6: Parceling Results for Subject 1021.

Once this algorithm is executed, the result is a matrix of dimensions T x K. Where T is the number of time instants in the fMRI and K is
the regions/clusters. Thanks to this representation, we can think of an fMRI as a set of K signals with T measurements, each measurement
being the average of the activation value of each cluster. This can be seen more clearly in Figure 8.
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Fig. 7: Elbow Method for the Kangaroo Foundation Subjects.
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Fig. 8: Signals Obtained by the fMRI Parceling.
6.2. Subject clustering

Thanks to parceling, these signals are obtained for each brain, and the brain signals from different patients can be compared. At this point,
all the variables to be included in the analysis are in the correct format for performing an unsupervised clustering analysis. To perform this
clustering, a unifying vector is created for each subject, containing all the variables for that subject. Once these vectors are obtained, the k-
means algorithm is applied to find the clusters. To provide a reference for the value of k, the elbow heuristic was applied. However, this
parameter can be modified according to the user's wishes.

6.3. Visualization

A web tool was developed to allow interaction with these clusters. However, although the subjects are already classified into each of the
clusters, this information cannot be viewed because each subject consists of a very high-dimensional vector. To visualize the patients, a
dimension reduction algorithm must be applied. The algorithm chosen was Principal Component Analysis (PCA). After comparing PCA
with other nonlinear dimension reduction methods, it was found that the other methods are not able to improve the performance of PCA
(Bhopale et al., 2023). For this reason, the PCA algorithm was applied to the subject clusters, and the result shown in Figure 9 was posted
on the website.
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Fig. 9: PCA-Based Subject Cluster Visualization.
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This graph of the subjects in the web tool is interactive. Hovering over one of the points displays a label with the patient's identifier, and
clicking on the point opens a web data viewer displaying the fMRI. This viewer was installed on an HTTP server using the Papaya.js
library, the web version of the Mango software developed by the University of Texas Health Science Center.

The integration of clustering, parcellation, and visualization within a web-accessible framework holds substantial promise for advancing
clinical decision-making in neonatal care. Specifically, the ability to compare brain activation patterns across subjects can assist clinicians
in identifying atypical developmental trajectories early on. For example, by grouping patients with similar fMRI-derived activation signals,
it becomes possible to identify outlier patterns that may correlate with cognitive or neurological delays. Furthermore, the visualization of
individualized fMRI parcel signals (Figure 8) allows neonatologists and researchers to interpret longitudinal changes in brain function,
potentially linking clinical observations with neuroimaging biomarkers. In neonatal research, where early intervention is critical, such tools
can facilitate hypothesis generation, cohort stratification, and real-time feedback on patient groupings. Importantly, although the insights
derived from this platform show strong alignment with known neuroscience principles, they must be considered exploratory until validated
in controlled clinical studies. The interactive design of the tool enhances accessibility and usability for healthcare professionals, allowing
them to explore complex multimodal data without requiring advanced programming skills.

6.4. Unique contributions compared to existing fMRI tools

The tool developed for the Kangaroo Foundation introduces several innovations not commonly found in standard neuroimaging platforms
like FSL and SPM:

e Multimodal Data Integration

While FSL and SPM focus mainly on imaging data, this tool uniquely combines fMRI signals with over 1,700 clinical variables, enabling
a more holistic view of each patient.

e Subject-Specific Brain Parcellation

Unlike traditional tools that use standardized brain templates, this system applies custom parcellation per subject, capturing individual
differences in brain function over time.

e Patient Clustering Across Diverse Features

It performs unsupervised clustering using both brain activity and clinical features, allowing detection of hidden patterns or subgroups
among patients—something that FSL/SPM do not directly support.

e Web-Based Interactive Visualization

This is a fully web-based tool, offering real-time interaction with patient data and clustering results. In contrast, FSL and SPM are desktop
applications with limited interactivity.

e Adapted to Real Clinical Data

Designed specifically for the complex and irregular nature of clinical datasets from the Kangaroo Foundation, it handles varied formats,
missing data, and inconsistent test protocols more effectively than research-focused platforms. Comparison of the Kangaroo Tool with
State-of-the-Art fMRI Analysis Platforms (FSL/SPM) is shown in Table 1.

Table 1: Comparison of the Kangaroo Tool with State-of-the-Art fMRI Analysis Platforms (FSL/SPM)

Feature Kangaroo Tool FSL / SPM
Multimodal integration Clinical + fMRI Imaging only
Subject-specific parcellation Yes Template-based
Clustering with clinical data Yes Not directly supported
Web-based access Interactive portal Desktop only

Robust to clinical noise Yes Limited

6.5. List of features

Below is the final list of features of the tool developed in this project:

. Brain parcellation using unsupervised learning algorithms on fMRI data.
. Clustering of subjects by different data types, including fMRI.

. Visualizing clustering using matrix reduction algorithms.

. fMRI viewer in a web version with an independent server.

7. Evaluation and validation of the tool

To assess the performance and practical utility of the developed tool, both quantitative metrics and qualitative user feedback were collected.
The evaluation focused on the effectiveness of clustering algorithms, visualization fidelity, and the usability of the web-based platform by
domain experts.

7.1. Clustering performance

To evaluate the quality of the unsupervised clustering performed on the fMRI and clinical data:

e Silhouette Score

The silhouette score was used to determine the cohesion and separation of clusters. For different values of k (number of clusters), the
average silhouette score was computed as in Table 2:

Table 2: Average Silhouette Scores for Different Numbers of Clusters (k)

Number of Clusters (k) Average Silhouette Score
2 0.51
3 0.61
4 0.64
5 0.59
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The maximum silhouette score of 0.64 at k = 4 suggests that partitioning the subjects into four groups offers the best trade-off between
compactness and separation of clusters.

e Elbow Method

The elbow method was used in conjunction with the silhouette scores to determine the optimal number of clusters, confirming that k = 4
provided the best stability and interpretability.

7.2. Visualization fidelity

To ensure the dimensionality reduction for visualization accurately represents the high-dimensional data:

e PCA Explained Variance Ratio

Principal Component Analysis (PCA) was employed to reduce the dimensionality of subject vectors for effective two-dimensional visual-
ization. This dimensionality reduction enabled a clear visual interpretation of subject clusters in the web interface. The first principal
component accounted for 38% of the total variance in the dataset, while the second component explained an additional 22%. Together,
these two components preserved approximately 60% of the total variance, ensuring that the most significant structure in the high-dimen-
sional data was retained in the two-dimensional representation.

This level of fidelity was considered sufficient for exploratory visualization, allowing users to differentiate clusters meaningfully without
significant information loss.

e Trustworthiness Score (for dimensionality reduction)

A trustworthiness score of 0.93 (scale: 0 to 1) was achieved, indicating high reliability in preserving neighborhood relationships between
subjects during projection.

7.3. User testing and expert feedback

To evaluate the usability and clinical relevance of the tool, structured interviews and usability testing were conducted with 8 medical
researchers from the Kangaroo Foundation:
e System Usability Scale (SUS):
The tool achieved a score of 84.6 out of 100, indicating excellent usability.

e  Task Success Rate:
The tool demonstrated strong performance across several key functionalities. It successfully identified subjects with similar brain activation
patterns with 100% accuracy, highlighting the effectiveness of its clustering algorithm. Visualization of individual fMRI signals for each
brain parcel was achieved with an accuracy of 87.5%, enabling detailed inspection of localized brain activity. Furthermore, the system
supported the export of selected data subsets with a success rate of 75%, facilitating downstream analysis and integration with external
tools or reports. These results underscore the practical utility and robustness of the developed platform.
e Qualitative Feedback:
Qualitative feedback from researchers emphasized several strengths of the developed tool. The integration of fMRI data with clinical
variables was particularly well-received, as this feature is often lacking in standard neuroimaging platforms such as FSL and SPM. Addi-
tionally, users appreciated the interactive, web-based interface, noting it as a significant improvement over traditional desktop-based sys-
tems in terms of accessibility and user experience. Some researchers also suggested enhancements for future versions, including the addi-
tion of time-series analytics for each brain region and integration of clinical notes, which would provide more comprehensive insights into
patient data.

7.4. Comparative analysis
Comparative evaluation of the kangaroo tool and standard fMRI analysis platforms (FSL/SPM) is shown in Table 3.

Table 3: Comparative Evaluation of the Kangaroo Tool and Standard fMRI Analysis Platforms (FSL/SPM)

Evaluation Metric Kangaroo Tool FSL/SPM
Silhouette Score (best k) 0.64 Not applicable
PCA Variance Preserved 60% Not applicable
Usability (SUS) 84.6 Not evaluated
Trustworthiness (Dim. Red.) 0.93 Not applicable
Clinical Integration Yes Limited/None
Web Accessibility Fully interactive Desktop only

The tool demonstrated strong performance in both clustering effectiveness and visualization reliability. Combined with favorable user
testing outcomes, it provides an effective and intuitive platform for integrating complex multimodal data for clinical research and patient
cohort analysis.

While the developed tool demonstrates promising capabilities in integrating fMRI and clinical data to identify patterns and generate po-
tential insights, it is important to note that these findings have not yet undergone formal clinical validation. Consequently, any conclusions
drawn from the clustering or visualization results should be interpreted with caution. Further testing with larger, more diverse patient
cohorts and rigorous clinical evaluation are necessary to establish the tool’s reliability and generalizability in real-world medical decision-
making contexts.

The tool integrates neuroscience and clinical insights by using region-based brain parcellation, reflecting how functional areas are studied
in practice. It also combines fMRI data with clinical variables, supporting patterns relevant to diagnosis and treatment. This design aligns
with clinical workflows but still requires further validation with expert input.

8. Evaluation of the tool’s effectiveness

To assess the utility and robustness of the developed web-based neuroimaging tool, both quantitative evaluations and qualitative user
testing were conducted.
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8.1. Quantitative evaluation
8.1.1. Clustering performance

To validate the quality of subject grouping through unsupervised learning, the Silhouette Score was used as an internal clustering metric.
For the optimal number of clusters (determined using the Elbow Method), the following result was obtained:

e Silhouette Score (k =4): 0.64

This indicates reasonably well-defined clusters, suggesting that the fMRI-derived features and patient metadata captured distinguishable
subject groupings.

e Dimensionality Reduction Fidelity

PCA was applied to visualize clusters in 2D while preserving the underlying data structure. The following variance proportions were
retained:

e First Principal Component (PC1): 38%

e Second Principal Component (PC2): 22%

e Total variance preserved: 60%

This indicates a good balance between dimensionality reduction and information retention, supporting meaningful visual cluster interpre-
tation (Figure 9).

8.1.2. Usability and trust metrics

To evaluate the overall usability of the interface:
e System Usability Scale (SUS) Score: 84.6 (Excellent usability)
e Trustworthiness of Reduced-Dimension Representations: 0.93 (subjective score from expert users on a 0—1 scale)

8.2. Qualitative user testing

A group of five clinical researchers and neuroimaging experts participated in a structured user evaluation of the Kangaroo neuroimaging
platform. The tool demonstrated strong usability and functionality: all participants (100%) successfully identified subjects with similar
brain activation patterns, 87.5% expressed satisfaction with the platform's capability to visualize individual fMRI signals by brain parcel,
and 75% found the data export and filtering features intuitive and effective for selecting relevant subsets for further analysis. In qualitative
feedback, researchers particularly valued the seamless integration of fMRI data with clinical metadata—an integration that is typically
absent or fragmented in traditional tools such as FSL or SPM. The web-based, interactive design was commended for eliminating the
dependency on local installations and improving access across devices. Some participants suggested enhancements, including the addition
of time-series analytics per brain region and the incorporation of clinical notes to support more comprehensive correlation analysis. An
optional Table Summary is provided in Table 4.

Table 4: Comparative Evaluation of the Kangaroo Neuroimaging Tool and Traditional Neuroimaging Platforms (FSL/SPM)

Evaluation Metric Kangaroo Tool Result Comparative Tools (e.g., FSL/SPM)
Silhouette Score (k=4) 0.64 Not Applicable

PCA Variance Retained (PC1+PC2) 60% Not Applicable

Usability (SUS) 84.6 Not Evaluated

Trustworthiness (Dim. Red.) 0.93 Not Applicable

Clinical Integration Full Limited/None

Web Accessibility Interactive Platform Desktop Only

9. Conclusions and future work

A first approach to within-subject and between-subject analysis tools based on fMRI data was designed and implemented. This was
achieved by applying the hierarchical clustering algorithm of Artificial Intelligence. Thanks to the development of this tool, the medical
center can find valuable data for its research by interacting with the methodologies and analyses proposed in this project. Thanks to the
fact that the quality of data generated by functional magnetic resonance imaging has been improving in recent years, we can see a promising
path for research. Furthermore, the increase in the quantity of this type of data also encourages better research with this type of data.
Future work could include integrating other neuroimaging modalities like EEG or DTI for multimodal analysis, using deep learning for
improved brain parcellation, enabling longitudinal tracking of brain changes, and adding predictive modeling for clinical outcomes. En-
hancing clinical note integration and validating the tool across different institutions would also strengthen its applicability.
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