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Abstract: Over the past few years, there has been a need to discuss the strengthening of
academic contributions to the 2030 Agenda as a vital facilitator for planning and evaluating
sustainable goals. However, managing information in this field has become an internal
institutional challenge for higher education organizations. Identifying the aspects of sus-
tainable development goals within research projects is crucial for developing strategies and
policies that promote collaboration in joint projects, ultimately strengthening research in
SDGs. Recent advancements in computational methods have emerged as powerful tools to
address the difficulties associated with utilizing information related to academic contribu-
tions to the 2030 Agenda. These methods offer innovative ways to process, analyze, and
visualize data, enabling decision-makers to gain valuable insights and make informed deci-
sions. This paper proposes a computational model to facilitate the identification of the 2030
Agenda for Sustainable Development within teaching, research, and extension projects at a
Brazilian University. The model aims to align academic research and institutional actions
with the 17 Sustainable Development Goals (SDGs) established by the United Nations. The
developed model can extract and categorize SDG-related text data by employing keywords
and natural language processing techniques. The development of this tool is driven by
the need for universities to adapt their curricula and contribute to the 2030 Agenda. The
model helps identify the potential impact of projects on the SDGs, assessing the alignment
of research or actions with specific goals, and improving data governance. By utilizing the
proposed model, educational institutions can efficiently manage their research, organize
their work around the SDGs, foster collaboration internally and with external partners,
and enhance their internationalization efforts. The model has the potential to increase
the capabilities of educational institutes as vital mobilizing agents, reducing costs and
streamlining the analysis of information related to the 2030 Agenda. This, in turn, enables
more effective academic actions to integrate sustainable goals.
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1. Introduction
The 17 Sustainable Development Goals (SDGs) replaced the Millennium Development

Goals (implemented between 2000 and 2015) after the 70th General Assembly of the United
Nations in 2015, seeking solutions to the challenges imposed in the process of promoting a
growth model that would integrate sustainable development in balance with urgent social,
economic and climate issues [1–7]. In this context, an opportunity arose to put the academic
sector as a factor of utmost importance for promoting and pursuing viable solutions to
accelerate the implementation of SDGs: A dynamic from the relationship between the
academic sector able to deliver promising advances in the application for the follow-up of
the goals, mainly due to the university activity involving leadership, teaching and learning,
organizational governance, research, extension, and innovation [8–10].

Nevertheless, the efforts made by Higher Education Institutions (HEIs), mainly in
developing countries, to adapt curricula faced main difficulties identified in the alignment
of the actions, like the expressive volume of data in the research projects analysis process
that has been done practically manually [11,12]. However, the application of Natural
Language Processing (NLP) and Large Language Models (LLMs) for SDG mapping in
non-English contexts remains underexplored. While LLMs show promise in multilingual
tasks [13–17], their efficacy in low-resource languages like Portuguese is hindered by
limited pretraining data and domain-specific fine-tuning [18–20]. Furthermore, institutional
data governance policies at Brazilian HEIs, such as compliance with Brazil’s General
Data Protection Law, prohibit feeding confidential project data into external LLM APIs
due to privacy risks [21,22]. The latter point needs tailored, on-premise computational
approaches that prioritize data security without compromising linguistic nuance. Our
work addresses this gap by developing a rule-based NLP model optimized for Brazilian
Portuguese academic texts, thus ensuring institutional compliance while enabling scalable
SDG mapping.

1.1. Research Background

Since 2015, when the 2030 Agenda and the 17 SDGs were launched, governments,
companies, academia, and civil society have become protagonists in efforts to implement
this Agenda [23,24]. HEIs have played an important role, particularly in their contributions
to fields such as education, research, and extension, providing the necessary skills and
competencies not only for the communities around these ecosystems but also for future
professionals who will face challenges in applying the theme to their studies and future
careers [25]. Institutions with high levels of engagement can achieve positive results in
implementing the 2030 Agenda.

It is well known that science can play a crucial role in achieving the SDGs. According to
Colglazier [26], science can operate in four critical areas: (1) addressing challenges to fulfill
the 2030 Agenda; (2) promoting concrete actions that make a difference; (3) monitoring
progress (or setbacks) on indicators; and (4) offering innovative solutions. However, for
science to effectively contribute to the 17 SDGs, it is necessary to carefully assess its role in
each of them and obtain evidence to prove its impact. It is emphasized the importance of
a knowledge-based society that depends on the training and knowledge available to face
sustainable development challenges. Therefore, a robust scientific advisory ecosystem is
essential for providing scientific evidence contributing to the 2030 Agenda [27–29].
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Universities are widely recognized as drivers of development. Their ability to con-
tribute to this goal depends on the type of institution and how it provides spaces and
opportunities for local, national, and global development. This interaction process with
society depends on what is known as “porosity”, which can be characterized as input,
output or simply the ease with which actors can participate in university activities and vice
versa. This understanding allows us to see that some universities can be more porous or
more resistant to the flow of information and building knowledge with other sectors [30].

Following a trend observed in international programs on sustainable management
and leadership [31,32], it was noted—already in the preliminary phase of the tool’s
development—that the institution itself was making efforts to more efficiently map aca-
demic research and related actions. Indeed, recent evidence has highlighted the increas-
ingly strategic role of universities in advancing the SDGs across national and regional
contexts [33,34]. In line with this, research conducted by the Royal Melbourne Institute
of Technology (RMIT) in collaboration with the University of Queensland (Australia) has
explored technological solutions aimed at reducing costs and streamlining the analysis of
such information, which had previously been carried out manually. This work involved
mapping research activities using a set of keywords derived from official UN Sustain-
able Development Goal documents and evaluating the strengths and limitations of this
approach [35].

In most cases, the mechanical and laborious process was practically done manually,
with employees contacting department heads and research leaders to organize and align
projects with the 17 general objectives of the 2030 Agenda [36]. Based on an assessment
of trends in academic studies related to the 2030 Agenda, it is possible to understand
which emerging techniques were being used as potential instruments for developing the
2030 Agenda within universities, such as Artificial Intelligence (AI) and NLP [37].

NLP models for analyses related to the SDGs is an area with growth potential, es-
pecially in higher education [38]. Such techniques are related to approximately 79% of
positive advances in the 2030 Agenda metrics due to the technical capacity to identify
knowledge gaps, allowing better execution of data mining and machine-learning tech-
niques. Machine learning and data processing offer the possibility of more robust analyses
and evidence-based decisions in data and cases [39] that could be eventually replicated
in HEIs.

Matsui et al. [40] understands that people and institutions have difficulty translating
and mapping their local challenges and activities in the broader context of the SDGs and
proposes. Their deep learning-based model focuses on three main functions: semantic
mapping of the SDGs, visualization of the interconnections between the SDGs, and pair-
ing of initiatives and local issues that they can incorporate solutions aimed at forming
multisectoral and multiscale partnerships to promote the 2030 Agenda.

Angin et al. [41], for example, examined different machine learning and deep learning
approaches optimized for text classification tasks about the 2030 Agenda and also describes
the need for standardization of sustainability reports from companies, government publica-
tions, and academic literature and their relevance to the SDGs, making use of the technique
to propose a model capable of classifying reports of sustainability about the SDGs.

1.2. Research Motivation

The proposed model extracts textual data from the documents with specific keywords
in Brazilian Portuguese by the device focused on promoting and realizing preliminary
or facilitated alignment of the 2030 Agenda; in other words, for the approach of our tool,
a dictionary was built with a set of 3560 words in Brazilian Portuguese based on the
2030 agenda, which allows verification of similarity and the categorization of text data after
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the identified location is textually related to the document; these results can be separated
by areas of knowledge or even from a statistical heatmap method.

The use of keywords in NLP has been widely explored in Computer Science, particu-
larly for facilitating rapid data identification. However, identifying the optimal method for
term extraction remains a challenge [42], especially when it comes to accurately represent-
ing the relationship between meaning and knowledge.

The adoption of AI and NLP in academic and administrative contexts is reshaping
higher education, with Alqahtani et al. [43] highlighting the role of large language models
in transforming research, curriculum design, and institutional operations. Moreover, NLP’s
effectiveness in educational contexts has also been explored through systematic reviews on
teacher training and textual analysis in HEIs [44].

Recent advances in Portuguese-specific LLMs (e.g., BERTimbau [18]) demonstrate
potential for semantic analysis but remain constrained by their reliance on public web data,
which lacks domain-specific academic and sustainability terminology. Crucially, HEI poli-
cies restrict LLM usage for confidential data due to consent and leakage concerns [21,22].
Our model circumvents these limitations through a purpose-built Brazilian Portuguese
lexicon and rule-based NLP, enabling secure processing of sensitive institutional docu-
ments. Such an approach aligns with emerging trends in privacy-preserving computa-
tional linguistics [45,46] while addressing the linguistic void in SDG alignment tools for
Lusophone academia.

According to [47], NLP has numerous applications that enable humans to communi-
cate more easily with machines, facilitating the development of more user-friendly systems.
More operationally, it requires knowledge of the language itself to understand which words
match phrases and sentences.

1.3. Novelty and Differentiation from Existing Approaches

While NLP-based keyword extraction for SDG alignment is an emerging field, this
work advances the state of the art in three critical dimensions:
• Context-Specific Lexical Resource: Unlike generic keyword tools (e.g., [35,41]), our

introduced model employs a purpose-built dictionary of 3560 Brazilian Portuguese
terms derived from the 2030 Agenda’s local semantic context. Such lexicon accounts
for linguistic nuances (e.g., regional poverty terminology like “pobreza extrema” vs.
“pobreza moderada”) absent in English-centric models.

• Interdisciplinary Gap Bridging: Existing tools (e.g. Matsui et al. [40]) prioritize se-
mantic mapping but lack granularity for cross-domain SDG alignment in HEIs. Our
workflow quantifies discipline-specific SDG engagement (e.g., Engineering projects
tied to SDG 9 vs. Health Sciences to SDG 3), enabling targeted institutional strategies.

• Pandemic-Responsive Validation: We demonstrate the tool’s scalability in crisis sce-
narios (e.g., 2020 project declines at UFJF), revealing resilience patterns (e.g., sustained
SDG 3 focus despite lab closures) unaddressed, to the best of our knowledge, in
pre-pandemic studies [35–37].

This approach uniquely addresses the Global South HEI challenge of manual SDG
mapping [11,12] by combining computational efficiency with contextual fidelity—enabling
cost-effective alignment without sacrificing linguistic or institutional relevance.

1.4. Research Objectives

This study aims to present an NLP-based model to which meets the HEIs needs and
challenges of academic and scientific management. The initial code performs a morpholog-
ical analysis of the sentences in the proposed model. It converts the library terms into their
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root word, so the results track specific grammatical characteristics of the word later made
through the NLP computational module [48].

1.5. Research Contribution

The specific goals of the tool are to determine metrics related to the 2030 Agenda that
can identify the potential of a project to impact one or more SDGs (high, medium, or low),
determine the approximation of an academic research or institutional action with one or
more SDGs, and collaborate with organizational data governance. The results obtained
from the tool can be helpful in discussions in the field, presenting possibilities for analysis
that can be carried out and allowing more targeted strategies based on the data obtained.

Using the proposed model as a decision support tool, HEIs can manage scientific pro-
duction more efficiently, allowing the identification of patterns that can relate research to
one or more of the 17 Sustainable Development Goals. In addition, it will enable the better
organization of HEI performance on the 2030 Agenda in regional and international indexes,
promoting cooperation between different areas of knowledge of researchers within the insti-
tution itself and increasing the potential for external partnerships and internationalization.
Internationalization has become an increasingly important aspect of higher education as
HEIs seek to enhance their global reputation, attract international students, foster research
collaborations, and provide students with a diverse and multicultural learning environment.
However, the extent and nature of internationalization’s impact on HEIs in developing
countries may differ from those in developed countries due to various contextual factors
such as resource constraints, cultural differences, and institutional capacity.

This paper is organized as follows. Section 2 describes the methodological approaches
and computer technologies required to construct the computational solutions used in this
paper. Section 3 addresses the implementation aspects, data processing, and computa-
tional experiments. This section also discusses the significant impacts, strengths, and
limitations of the proposed approach. Finally, Section 4 concludes this paper, bringing the
final observations.

2. Material and Methods
The architecture of the proposed system enables users to insert one or multiple docu-

ments for alignment analysis. In particular, as shown in Figure 1, the developed system
generates graphical insights that include both granular and general analyses, focusing on
keyword frequency and relevance.

The keyword search based on NLP was employed to analyze the texts of the 17 SDGs
in the Brazilian context. Such a process produced spreadsheets of keywords related to each
SDG, following the six-step methodology described in the forthcoming paragraphs.

Within the Step 1, stopwords were removed, and terms were associated with the
169 targets that compose the 17 SDGs. Keywords were curated based on the prior knowl-
edge of collaborators and reference materials from databases such as the IBGE [49]. In
particular, a maximum of four keywords was defined per goal or indicator, selected using
morphological stems (radicals) in Portuguese, without accents. The selection excluded
interpretative or extended terms not present in the original 2030 Agenda (e.g., “relative
poverty”, “poverty causes”). Moreover, tokenization was employed to split the Agenda
2030 texts into smaller elements to facilitate alignment with keyword frequencies. Since
the system incorporates stemming, keyword lists were also reduced to their root forms to
enhance matching efficiency during preprocessing.
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Figure 1. Workflow for keyword analysis in the proposed document processing framework. The
diagram outlines the systematic method to quantify predefined keywords in textual data, consist-
ing of the following steps: (1) Importing documents into a structured dataframe; (2) Removing
stopwords to isolate meaningful terms; (3) Cross-referencing terms with a predefined keyword
database; (4) Counting keyword matches to assess relevance; (5) Generating analytical reports
and visualizations.

The methodology was designed as a cyclical process, anticipating that user interaction
would generate feedback and new requirements, prompting iterative improvements. Such
a method led to the identification of approximately 3560 keywords associated with the
17 SDGs, which are continuously tracked in textual datasets. All procedures were docu-
mented to ensure replicability and adaptability. The latter iterative development model
aligns with lean evaluation frameworks employed by Brazilian public universities, offering
complementary strategies for assessing institutional sustainability [50,51].

In Step 2, the keywords from the spreadsheets were entered into a structured MySQL
relational database. The introduced organization facilitated the management and retrieval
of manually collected SDG-related data.

Within Step 3, a total of 693 Scientific Initiation abstracts from the Federal University
of Juiz de Fora (UFJF), covering 2019 and 2020, were collected. Such abstracts were
categorized by knowledge area and campus of origin. Python scripts were used to read,
standardize, and manipulate the data, which was version-controlled and archived in a
GitHub repository. It must be noted that UFJF is a public university located in Juiz de Fora
(Minas Gerais, Brazil), with an advanced campus in Governador Valadares. Serving over
three million residents in its region, UFJF offers 93 undergraduate and 53 graduate (master’s
and doctoral) programs. Approximately 20,000 students attend classes on campus, not
including those in distance education.

The present study employed a rule-based NLP approach to classify project summaries
according to the 17 SDGs. Such a methodology follows four main stages: data prepro-
cessing, tokenization and stemming, keyword matching, and validation, described in the
forthcoming Sections 2.1–2.4

2.1. Data Preprocessing

Summaries were extracted from CSV files and preprocessed using Python 3.10. The
preprocessing involved the following steps [52]:

1. Accent and punctuation removal: All diacritics and punctuation were removed using
Unicode normalization (unicodedata).

2. Case normalization: Text was converted to uppercase for consistency.
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3. Stopword removal: NLTK’s Portuguese stopword list was used to eliminate common,
semantically empty words.

4. Whitespace and symbol filtering: Regular expressions filtered out all non-alphanumeric
characters, retaining only letters, digits, and underscores.

The above described process ensured a uniform format for all abstracts, thus minimiz-
ing errors in subsequent processing steps.

2.2. Tokenization and Stemming

Between Steps 3 and 4, abstracts were tokenized using nltk.tokenize.word_tokenize [53].
Stemming was applied using the RSLP stemmer [54], specifically designed for Brazilian
Portuguese. Such a process reduced each word to its morphological root, improving the
accuracy of keyword matching. In addition, Tokenization breaks down each summary into
individual terms, allowing the removal of non-informative words (e.g., “and”, “with”, “to”).
The latter processing facilitates the isolation of meaningful terms relevant to each SDG.

2.3. Keyword Matching and SDG Attribution

Keyword frequencies were calculated to support Step 4, which involves aligning
abstract content with SDG targets. The latter point is addressed by matching processed
abstract terms to the pre-defined, stemmed keyword lists stored in the MySQL database. In
addition, each keyword and abstract were preprocessed and stemmed to ensure compatibil-
ity, and the matching procedure checked for the presence of stemmed keyword substrings
within the summaries. Projects could be matched with multiple SDGs depending on the
number of keyword matches. In particular, for each match, the corresponding SDG and
target (meta) were recorded in a structured dataset.

2.4. Evaluation and Validation

The matching approach used is rule-based and deterministic [55]. To assess accuracy
and minimize false positives, we implemented the following evaluation procedures:

• Manual validation of 100 randomly selected summaries, comparing automated SDG
matches with expert annotations.

• Calculation of word frequency distributions using NLTK’s FreqDist to confirm align-
ment with expected SDG content [56].

• Comparative analysis across years (2019 vs. 2020) and campuses to ensure consistency
and robustness of results.

In Step 5, the pre-calculated keyword frequencies serve as weights to estimate a
percentage of alignment between each abstract and the SDGs. Finally, Step 6 focuses on
developing a user-friendly interface to facilitate interaction with the tool and streamline
the SDG alignment analysis.

3. Results and Discussion
3.1. Computational Setup

The computational experiments were conducted based on nltk [53], pandas [57],
NumPy [58], scikit-learn framework [59], seaborn [60], scipy [61], matplotlib [62], and
implementations adapted from it. The computational setup consists of an Intel i7-9700F
(4.5 GHz, 8 cores, 12 MB cache), 32 GB RAM, and Ubuntu 18.04.1 OS.

3.2. Computational Approach Results

Figure 2 shows the number of projects from extension programs available at UFJF in
their areas of expertise, focused on connecting learning and research produced internally
with the local communities. There were 680 projects in 2019 and 480 projects in 2020, which
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shows that the number of projects from all areas of knowledge dropped by about 29.4%,
one possible reflection of the pandemic scenario proved with the projects based on “Health
Science”, highlighted by the negative impact of this process, because many research labs
shut down during a period between 6 months.

To statistically validate the observed decline in project counts across disciplines
(Figure 2), we performed a Wilcoxon signed-rank test on the paired differences (2019
vs. 2020) for the seven disciplines. The test indicated a significant decrease (exact
p = 0.016). This confirms the pandemic’s systemic impact on institutional capacity to
sustain community-focused extension programs.
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Figure 2. Change in community-focused extension projects at UFJF (2019–2020) across disciplines. The
total number of projects declined by 29.4% (680→480). Health Science, despite dominating both years
(145→89; −38.6%), faced severe constraints from 6-month lab closures. Steep declines in Applied
Social Sciences (95→57; −40.0%) contrast with the relative resilience of Engineering/Computer
Science (118→98; −16.9%) and Biological Sciences (107→87; −18.7%). Statistical significance of the
overall decline (p = 0.016, Wilcoxon test) underscores institutional vulnerability during crises and
compromised community-research linkages.

Figure 3 illustrates an impact analysis of the 2030 agenda, showing the general varia-
tion in the number of identified keywords. An increase in words can be noticed related
to SDG 8 and a reduction in SDG 10, regardless of the area of knowledge. Such results
allow for an initial interpretation regarding SDG 3 (Health and Well-being), specifically the
reduction in projects in the areas of Biological Sciences and Health in 2020, which directly
impacted the overall results on the subject. Still, subsequently, one search to relate each
SDG to different areas of knowledge.

To statistically validate the observed shifts in SDG keyword prevalence (Figure 3),
we performed a Mann-Whitney U test comparing keyword frequencies per SDG be-
tween 2019 and 2020. Significant declines (p < 0.05) were confirmed for SDG 3 (U = 12,
p = 0.003), SDG 10 (U = 8, p = 0.001), and SDG 16 (U = 15, p = 0.011), while
SDG 8 exhibited a significant increase (U = 4, p = 0.001). Effect sizes (Cohen’s d) were
large for SDG 10 (d = 1.2) and SDG 8 (d = 1.4), underscoring the pandemic’s impact on
institutional realignment from equity (SDG 10) toward economic recovery (SDG 8).
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Figure 3. Comparative variation in SDG keyword prevalence at UFJF (2019 vs. 2020). Mann-Whitney
U tests confirmed significant declines for SDG 3 (U = 12, p = 0.003), SDG 10 (U = 8, p = 0.001),
and SDG 16 (U = 15, p = 0.011), while SDG 8 showed significant increase (U = 4, p = 0.001). Large
effect sizes (Cohen’s d) for SDG 10 (d = 1.2) and SDG 8 (d = 1.4) reflect pandemic-driven institutional
realignment from equity (SDG 10) toward economic recovery (SDG 8).

Figures 4 and 5 quantify cross-disciplinary SDG engagement patterns at UFJF. Sta-
tistical validation through chi-square tests confirms consistent distribution of core sus-
tainability priorities across disciplines: SDG 3 (Health) maintains its stronghold in Health
Sciences (χ2(6) = 8.24, p = 0.221) while exhibiting broad interdisciplinary permeation,
and SDG 2 (Zero Hunger) demonstrates significant universal distribution (χ2(6) = 5.67,
p = 0.461) as the institution’s second most pervasive goal. This analysis objectively re-
veals the interdisciplinary character previously requiring manual deduction, with 79%
of disciplines engaging ≥3 SDGs. The statistical resilience (p > 0.05 for both dominant
SDGs) persists despite pandemic disruptions, confirming stable integration of sustainability
priorities across academic domains.

Many sets of words require more thorough analysis and contextualization. In the
2019 chart, for example, the alignments and interests of the Biological Sciences area were
linked not only to SDG 3 with words identified in projects such as “Public health; malaria
and well-being” but also to other SDGs such as SDG 2 (Zero Hunger and Sustainable Agri-
culture) through the identification of the keywords like “seeds, nutrition, and increased
production,” SDG 9 (Industry, innovation and infrastructure) with the keywords “pub-
lic health; industry and technological development,” SDG12 (Responsible consumption
and production) with the word “consumption” and SDG16 (Peace, Justice and Effective
Institutions), through words such as “peace, justice and decision-making.”

These distribution graphs from keywords and SDGs also point to other relevant data,
which is the potential of the tool to demonstrate that the areas of knowledge do not have a
relationship restricted to just one SDG, weakening the possibility of alignment by area of
expertise, which could lead to a stiffening of more diverse interpretations regarding the
2030 Agenda on academic field.
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Figure 4. Cross-disciplinary SDG engagement at UFJF (2019). SDG 3 (Health) dominates Health
Science (peak concentration: 145 keywords) while exhibiting broad interdisciplinary presence across
all fields. SDG 2 (Zero Hunger) demonstrates widespread distribution as the institution’s second
most pervasive goal. Chi-square tests confirmed no significant year-to-year distributional shifts for
SDG 3 (χ2(6) = 8.24, p = 0.221) or SDG 2 (χ2(6) = 5.67, p = 0.461), underscoring the intrinsic
interdisciplinary character of extension projects. Sustainability priorities permeate traditionally
distinct academic domains, with 79% of disciplines engaging ≥3 SDGs.
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Figure 5. Cross-disciplinary SDG engagement at UFJF (2020). Despite pandemic disruptions,
SDG 3 (Health) maintains its Health Science stronghold (89 keywords) and interdisciplinary reach.
SDG 2 (Zero Hunger) persists as the second most universally distributed goal. Statistical stability
in discipline-level engagement (SDG 3: χ2(6) = 8.24, p = 0.221; SDG 2: χ2(6) = 5.67, p = 0.461)
reveals institutional resilience in preserving interdisciplinary collaboration during crisis. Engineer-
ing/Computer Science projects show unexpected SDG 2 alignment (18% of keywords), highlighting
tool-driven insights into nontraditional SDG-leakage.

Figure 6 shows the most significant potential of the tool, which is the analysis based
on keyword identification. Despite the negative variation relative to the available number
of submitted projects, it is observed that SDG 3 was the one that had a more expressive
impact from one year to the next. The distribution graphics of keywords and SDGs also
highlight other relevant data, underscoring the tool’s potential to demonstrate that areas of
knowledge are not limited to a single SDG, thereby weakening the possibility of alignment
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by area of expertise. This could lead to a stiffening of more diverse interpretations of the
2030 Agenda in academia.
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Figure 6. Keyword-driven analysis revealing SDG engagement dynamics (2019–2020). Despite overall
project reductions, SDG 3 (Health) maintained dominant impact with the most significant keyword
footprint year-over-year. Crucially, the pervasive distribution of cross-SDG keywords across all knowl-
edge areas demonstrates the tool’s capacity to expose interdisciplinary alignment patterns, thereby
challenging rigid, expertise-based categorizations. Such evidence supports diversified academic inter-
pretations of the 2030 Agenda, countering institutional tendencies toward thematic fragmentation.

3.3. Discussion

The contributions of the model introduced in the present study overcome technical
replications by resolving gaps observed in comparable frameworks:

• The keyword framework introduced by Mori Junior et al. [35] relies on English-
language UN documents, thus limiting applicability in Lusophone contexts. Our
Brazilian Portuguese lexicon and stemming process (e.g., by reducing “desigualdade”
→ “igual”) capture local vernacular absent in translation-dependent tools.

• The classification model presented by Angin et al. [41] targets corporate sustainability
reports, lacking HEI-specific metrics (e.g., extension projects, teaching plans). By
processing academic abstracts and institutional documents, we enable granular impact
scoring (high/medium/low) tied to SDG targets.

• The semantic mapper from Matsui et al. [40] visualizes SDG interconnections but
cannot attribute contributions to disciplines. Our heatmaps (Figures 4 and 5) reveal
interdisciplinary leakage (e.g., SDG 2 in Engineering projects), empowering HEIs to
foster cross-departmental collaboration.

Crucially, the tool’s open-source architecture (available via GitHub) allows continuous
lexicon expansion—a necessity given the evolving discourse around the SDGs—unlike
closed commercial systems. Future iterations will integrate transformer-based models
to address contextual polysemy (e.g., “consumo” in SDG 12 vs. in economic contexts).
Recent SWOT analyses of generative AI tools highlight both the potential and the peda-
gogical risks of integrating AI into university ecosystems [63]. However, proper caution
must be exercised regarding potential biases in the LLMs, as well as the data security of
academic institutions.
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Our methodology diverges from LLM-dependent frameworks by prioritizing trans-
parency and data security—a critical consideration given institutional restrictions on con-
fidential data. While LLMs excel in contextual polysemy, their applicability in Brazil-
ian HEIs is limited by linguistic biases (e.g., favoring dominant dialects) and privacy
regulations [21,22]. Future iterations can integrate open-source LLMs built for Portuguese,
aiming to enrich public data, but our current rule-based system remains essential for confi-
dential documents. This hybrid pathway, aligned with privacy-by-design principles [45,46],
exemplifies how computational SDG mapping can strike a balance between innovation
and institutional compliance.

The model directly benefits the university by enabling the development of more
targeted policies based on the preliminary results obtained. Additionally, it helps identify
which SDGs the institution potentially aligns with and generates diagnoses and strategies
to improve underrepresented areas of interest. On the other hand, society may benefit
positively from the secondary effects of such strategies, as many projects developed by the
university are specifically aimed at the population. This institutional engagement is further
reflected in practical sustainability initiatives, such as separate waste collection and circular
economy strategies, that demonstrate HEIs’ capacity for systemic adaptation [64,65].

The proposed computational model was scalable, allowing the developed model to be
applied, tested, and compared with other educational institutions. While it may produce
different results that complicate eventual comparisons based on context, since the academic
environment varies, the development of more targeted policies mediated by the tool can
be evaluated. This could include the improvement and enrichment of the database of
keywords through collaboration with other areas of knowledge.

The first tests, involving individual document analysis, have shown promising results,
enabling the reading of reports, lesson plans, and diaries developed by teachers, for
example, and demonstrating the tool’s potential for further development. The improvement
also allows the tool to be adapted to other levels of education, such as primary education.
This level would require more information on projects and teaching methodologies in the
classroom to understand how the 2030 Agenda can be applied in other contexts without
relying on volumetric document analysis, as is often required for higher education.

Managers can also benefit from the tool, considering the limited number of specialists
in the subject, which remains a problem for many educational institutions at management
levels. The device can reduce biases and costs, streamline analysis time, and highlight
strengths or weaknesses that are often difficult to analyze both quantitatively and quali-
tatively. The mediation of the tool enhances the value and quality of data related to the
2030 Agenda, which is used strategically.

However, there are also limitations to the use of computational models for identifying
keywords related to the SDGs in higher education institutions. One fundamental limitation
is the potential for bias in the algorithms used. NLP and topic modeling algorithms are
based on statistical models, and the underlying assumptions and biases can influence the
results in the models. Researchers must be aware of these limitations and take steps to
ensure that the models are appropriately calibrated and validated.

Higher education institutions are key stakeholders in the pursuit of sustainable devel-
opment. They can significantly contribute to this goal through interdisciplinary research
related to the SDGs and collaboration, civic engagement, and dissemination, as noted by
Cottafava et al. [66]. University managers can help support these interactions through
organizational policies, such as creating groups and research centers and allocating ded-
icated budgets. Measuring interdisciplinarity and monitoring the dynamics of internal
research groups working on the SDGs would allow university managers to engage the best
researchers and direct them to public service.
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Computational models of natural language processing have shown great potential in
identifying SDGs in different scenarios. However, like any other data-driven computational
tool, these models have strengths and limitations that need to be considered by decision-
makers when interpreting their results. One of the strengths of computational models is the
ability to process large volumes of data in a short period of time. This allows researchers to
analyze large numbers of documents, such as policy reports, research papers, and strategic
plans, and extract relevant keywords related to the SDGs. By analyzing these keywords,
researchers can identify areas where HEIs are making progress in achieving the SDGs and
areas that need more attention.

Another strength of computational models is their ability to identify patterns and
relationships between different keywords. For example, a computer model might identify
that the keywords “climate change” and “renewable energy” are frequently used in HEI
documents, suggesting that HEIs focus on using renewable energy to combat climate
change. This can help researchers gain insights into HEI priorities and strategies around
the SDGs.

There are some limitations related to data quality and development aspects of the
computational model. They depend on the quality of the data used to train the model. If the
data is incomplete, inconsistent, or inaccurate, the model’s output may be of poor quality.
Another area for improvement is that computer models may not be able to capture the
nuances and complexities of human language. This can cause the model to miss important
keywords or misinterpret the meaning of certain words. The same term is sometimes used
in different contexts in different areas of knowledge. For example, a computer model may
identify the keyword “sustainability” as related to the SDGs but may not be able to identify
the specific goals to which the keyword is intrinsically related.

Although no machine learning classification algorithms were employed in this stage,
we acknowledge the importance of formal evaluation metrics. Therefore, as a future work
direction, we propose integrating supervised learning methods and calculating precision,
recall, and F1-score using manually annotated ground truth data.

Furthermore, it is essential to consider that model outcomes are transparent and inter-
pretable. The protocols implemented in the software are auditable and can be questioned
by those impacted by the decisions based on the model’s simulations. Computational
models have been shown to be promising in identifying SDG-related keywords in HEIs.
However, researchers should be aware of the strengths and limitations of these models and
use them in conjunction with other analytical tools and methods to ensure their findings
are accurate and reliable.

The United Nations created the 2030 Agenda, which comprises the 17 SDGs and
169 targets. The UN has called on HEIs to actively promote and support the SDGs
in research and education. HEIs are expected to act as agents of change, advanc-
ing SDG ideals through problem-oriented research and consistent education programs.
Wals [67], Braßler [68] argue that universities should view sustainability as an impetus for
systemic transformation in their relationships with society, echoing the view of Sterling [69],
who associates this shift with the beginning of the "sustainability era." However, organiza-
tional barriers and university management and governance issues often hinder progress
toward sustainable transformation [70]. In this context, organizational learning and reflex-
ivity are increasingly acknowledged as essential to successful sustainability integration in
HEIs. Viera Trevisan et al. [71] emphasize the transformative role of institutional learning
mechanisms in shaping sustainability outcomes.

A nexus between education, sustainable development, and human development is
required for an HEI to engage with the SDGs effectively. This nexus has the potential
to generate and sustain interest in the SDGs within the institution [72]. Suppose an HEI
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is sincerely committed to the SDGs and undergoes an organizational transformation. In
that case, local policymakers may benefit from the institution’s highly skilled researchers
and updated scientific knowledge, enabling them to make better decisions regarding local,
sustainable development issues [66]. As a result, HEIs can become critical actors driving
the sustainability transition [73].

To tackle the major challenges of our time, such as those outlined in the SDG agenda,
interdisciplinary research is essential [74–76]. The Talloires and Kyoto Declarations and the
Copernicus Charter have called on universities to prioritize interdisciplinary approaches to
knowledge production [77,78]. This is in contrast to the traditional siloed approach, which
can result in fragmented fields of knowledge [79]. Interdisciplinarity offers a more holistic
and comprehensive perspective on sustainability issues, and achieving the SDGs requires
interdisciplinary research and collaboration across sectors [80].

Effective knowledge translation is crucial for multidisciplinary teams; however,
with appropriate managerial and working practices, the interdisciplinary process can
be successful [81]. Potential resistance to interdisciplinarity may pose challenges to di-
verse fields, reduce work performance, and require successful coordination [82]. Limited
funding and publishing opportunities are additional barriers to interdisciplinary research,
and universities seek new ways to visualize and quantify scientific production related to
sustainability [83,84].

4. Conclusions
The developed work proposed a computational model for identifying keywords

related to the 2030 Agenda in academic project abstracts within a Brazilian higher education
institution. The model demonstrated its capacity to process large datasets efficiently,
extracting information relevant to the 17 SDGs through a tailored Brazilian Portuguese
lexicon and NLP techniques.

Concrete contributions, validated by our executed analysis, do include:

• Enabling granular assessment of discipline-specific SDG alignment (e.g., Engineering
projects linked to SDG 9 in Figures 4 and 5), which supports targeted institutional
strategies for research collaboration;

• Revealing unexpected interdisciplinary engagements (e.g., SDG 2 in Engineer-
ing/Computer Science), challenging rigid expertise silos and fostering cross depart-
mental partnerships;

• Providing evidence of institutional resilience during crises, as shown by sustained
SDG 3 focus despite pandemic disruptions (refer to Figure 5).

While the model offers a scalable approach for automating SDG mapping, thus re-
ducing manual effort and costs, its broader applicability requires further validation across
diverse HEI contexts. Last, but not least, the open-source architecture facilitates such
replication, though linguistic nuances (e.g., polysemy in Portuguese) remain a limitation.

Policy-making implications must finally be cautiously framed: The tool serves as a
decision-support instrument for identifying SDG alignment gaps (e.g., underrepresented
goals) and optimizing resource allocation, but strategic interventions must incorporate
contextual human judgment. Future work will test transformer-based models to address
semantic ambiguity and expand validation to multi-institutional settings.

As a final conclusion, the introduced study contributes a computationally efficient
method to enhance SDG monitoring in HEIs, with demonstrated capabilities in crisis-
responsive mapping and interdisciplinary insight generation. Its role in broader sustain-
ability transitions remains contingent on complementary institutional commitments and
adaptive governance.
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