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ARTICLE INFO ABSTRACT

Received: 08 Oct 2024 This study investigates the integration of Machine Learning (ML) into a Local Government Unit

(LGU) educational policymaking to enhance educational outcomes, streamline administrative

processes, and enable data-driven decision-making. It identifies challenges including lack of

Accepted: 24 Dec 2024 technical expertise, inadequate infrastructure, funding limitation, and ethical concerns such as
data privacy and bias mitigation. A literature review identifies ML algorithms applicable to
education policymaking, including decision trees, neural networks, clustering, and random
forest algorithm. The proposed framework emphasizes the need for high-quality datasets, robust
data management systems, computational resources, and trained expertise. Stakeholder
engagement, involving educators, policymakers, and community representatives, ensures
alignment of ML solutions with educational goals. Upgrading data infrastructure storage
solutions and comprehensive data governance frameworks is essential for efficient ML
deployment. Additionally, establishing ethical guidelines for responsible data handling and bias
mitigation, as well as regular performance evaluations, will ensure the fair and effective use of
ML. By leveraging ML, LGUs can enhance educational outcomes, streamline administrative
processes, and create data-driven, equitable educational policies. Further research is encouraged
to expand data collection, apply the proposed ML system, conduct longitudinal studies, and
continuously refine the framework, empowering LGUs to harness the transformative potential
of ML in education policymaking.
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I. INTRODUCTION

As advancements in technology continue to reshape various aspects of society, the field of education is also
undergoing transformative changes. The integration of machine learning (ML) into the educational policies of Local
Government Units (LGUs) presents an opportunity to enhance educational outcomes, streamline administrative
processes, and address the needs of schools under the LGU's jurisdiction. ML has the potential to revolutionize the
educational landscape within LGUs by providing personalized learning experiences for students, automating
administrative tasks, and offering insights for an informed decision-making [1][2].

Through the analysis of extensive educational data, ML algorithms have the ability to reveal valuable insights, detect
patterns, and make predictions, thereby facilitating decision-making that is grounded in data and well-informed [3].
This approach has the potential to enhance educational outcomes, optimize resource allocation, and improve overall
policy effectiveness. Recent research has brought attention to the significant impact of ML in education, emphasizing
its ability to revolutionize personalized learning, automate administrative tasks, and inform data-driven
policymaking [4].

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License which
permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.
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Despite the potential benefits, integrating ML into LGU educational policies presents several challenges. These
include the need for strong ML infrastructure, ethical considerations regarding data handling and bias, and
frameworks to ensure the fair and responsible use of ML [5]. The complexity and volume of educational data pose
significant challenges to traditional policymaking methods.

Studies emphasize the need for comprehensive strategies, including stakeholder engagement, data governance, and
iterative development processes, to ensure the effective and equitable deployment of ML models in educational
policymaking [6],[7]. An ethical framework, initially designed for healthcare, can be adapted to ensure ML
applications in education respect student privacy and promote equitable outcomes [8]. Furthermore, the privacy-
bias tradeoff highlights the need for LGUs to balance data minimization with the necessity for detailed data to detect
and mitigate biases [9].

This study aims to explore the current status of ML integration in LGU educational policies, identify potential
challenges and opportunities, and propose a framework for the successful implementation of ML in education. By
examining the intersection of technology and LGU education policymaking, this study seeks to establish a roadmap
to guide LGUs in harnessing the power of ML for their educational systems. Utilizing various scholarly works, this
research will develop a systematic approach and practical models for ML integration. The proposed framework will
encompass best practices, stakeholder engagement, and policy recommendations, serving as a roadmap for LGUs to
harness the transformative potential of ML. This approach aims to enhance educational outcomes, improve
administrative efficiency, and foster equitable and transparent educational systems. Ultimately, the study seeks to
empower LGUs to create more informed, efficient, and fair educational policies, benefiting schools, teachers,
students, and the broader community.

II. METHODOLOGY
A. Study Area

Understanding the potential integration of machine learning in this sector requires focusing on local government
units (LGUs), as they are pivotal in the implementation and design of educational policy. An LGU is an administrative
division tasked with delivering a range of public services, including education, inside its borders. The study was
conducted in Goa, a municipality in Camarines Sur, Philippines. The municipality envisions to provide its community
with data-driven policies, addressing existing gaps in diagnosing the extent of poverty at the local level, to aid
determination of the causes of poverty, formulation of appropriate policies and program, identification of eligible
beneficiaries and assessing impact of policies and programs. To address this issue, the municipality, in collaboration
with Partido State University, a university within its jurisdiction, developed the "e-SITIO: Real-Time Comprehensive
Knowledge Management System (CKMS) for LGU-Goa" in 2021, which serves as a monitoring tool for the sustainable
development goals (SDGs) at the local level, providing a consistent source of necessary data for evidence-based policy
making, program design and implementation, and targeting. This resulted to the establishment of a comprehensive
community data repository generated from the residents within LGU. The researchers took advantage of the
opportunity to optimize the existing system and study the integration of machine learning to improve LGU
policymaking.

Respondents of the study consisted of individuals holding diverse roles within the LGU, specifically those involved in
educational policymaking. The survey aimed to gather a comprehensive understanding of the current state,
challenges, and opportunities related to the integration of machine learning in educational policymaking from these
diverse roles within LGUs. The respondents’ varied experiences and responsibilities provided a well-rounded view of
the factors influencing the adoption and implementation of machine learning technologies in this domain.

B. Research Design

The study employs a mixed-methodologies approach, integrating qualitative and quantitative research methods. This
includes semi-structured interviews and survey questionnaires with LGU officials, educational policymakers, and IT
experts was conducted to gather insights on current practices, challenges, and perceptions regarding the use of ML
in policymaking. While a comprehensive literature search was used to identify current practices, challenges, and
opportunities related to ML integration in educational policies contributing to the development of the proposed
framework on integrating ML in LGU educational policymaking. By employing the triangulation approach, we are
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able to obtain comprehensive and detailed perspectives from respondents, while also placing our findings within the
larger framework of previous research.

C. Data Interpretation and Analysis

The interpretation and analysis of the survey data were conducted through a systematic approach to reveal the
perspectives of Local Government Unit in the integration of machine learning in educational policymaking. The
survey data received from the LGU was subjected to descriptive analysis to enhance comprehension of the utilization
and perception of machine learning in policymaking. Respondents were asked open-ended questions to gather their
thoughts, opinions, and suggestions on the integration of machine learning. The qualitative data was analyzed using
thematic analysis to uncover patterns and themes. The incorporation of both numerical and descriptive information
yielded a thorough comprehension of the local government unit's present condition and viewpoints on machine
learning integration, which is essential for ensuring the advantages of the suggested framework for the LGU.

The literature review was performed by a methodical search of academic databases including Google Scholar, IEEE
Xplore, and PubMed. The purpose was to find pertinent material on the utilization of machine learning in the field
of education policymaking. The user employed the following keywords: "machine learning in education," "ML
algorithms in policy analysis," and "educational data mining." The selection criteria prioritized peer-reviewed
articles, papers with strong citation rates, and recently published works. Every chosen study had a thorough
evaluation to determine its pertinence, research approach, results, and potential consequences. The material was
subsequently classified according to themes such as several categories of machine learning algorithms, their
applications, methodological methods, and ethical considerations. The thorough evaluation served as a basis for
comprehending the current research environment and pinpointing areas that need further investigation and potential
areas for development. This, in turn, influenced the design and analysis of the survey.

III. RESULTS

The integration of machine learning into educational policymaking within Local Government Units represents a
significant advancement in leveraging technology to enhance decision-making processes and administrative
efficiency. This research study aims to explore the current state, challenges, and opportunities associated with
adopting machine learning technologies in LGU educational policies. To gather comprehensive insights, a survey was
conducted targeting key stakeholders within LG Us, including Policymakers, IT Staff, Office Staff, and Administrators.
The survey sought to understand their roles, years of experience, current use of machine learning, perceived
challenges, opportunities, required support, and ethical concerns. By analyzing the responses, this study provides a
detailed examination of the readiness and needs of LGUs to integrate machine learning into their educational policy
frameworks, thereby offering valuable recommendations for facilitating this technological transition.

Table I: Respondent Roles

Role Frequen | Percenta
cy ge
Office Staff 20 54%
Policymakers | 7 19%
IT Staff 5 14%
Administrato | 3 8%
IS

Table II: Current Use of Machine Learning

Experience Freque | Percenta
Level ncy ge
3-5 years 17 49%
6-10 years 16 46%
11+ years 2 5%
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Table I presents the distribution of survey respo ndents by their roles and years of experience within Local
Government Units (LGUs). The majority of respondents were Office Staff (54%), followed by Policymakers (19%), IT
Staff (14%), and Administrators (8%). In terms of experience, 49% of respondents had 3-5 years of experience, 46%
had 6-10 years, and 5% had 11+ years as presented in Table II.

Table III: Current Use of Machine Learning

ML Freque | Percent
Usage ncy age
No 35 100%
Yes o] 0%

Table III shows the current use of machine learning in LGU educational policymaking. A significant majority (100%)
of respondents indicated that their LGUs do not currently use machine learning.

Table IV: Perceived Challenges in Integrating Machine Learning

Challenge Freque | Percent
ncy age

Lack of technical 34 97%
expertise

Funding limitations 34 97%
Inadequate 34 97%
infrastructure

Resistance to change 35 71%

Data privacy concerns | 14 54%
Ethical considerations | 14 54%

Table IV outlines the perceived challenges in integrating machine learning into LGU educational policies. The most
common challenges include lack of technical expertise (97%), funding limitations (97%), and inadequate
infrastructure (97%) followed by resistance to change (71%). Data privacy concerns and ethical considerations were
also noted by 54% of respondents.

Table V: Opportunities for Integrating Machine Learning

Opportunity Freque | Percent
ncy age

Administrative efficiency | 35 100%
Improved decision- 34 97%
making
Efficient resource 34 97%
management
Personalized learning 6 17%
Enhanced student 6 17%
outcomes

Table V lists the opportunities for integrating machine learning into LGU educational policies as identified by
respondents. The top opportunities are administrative efficiency (100%), improved decision-making (97%), and
efficient resource management (97%). Personalized learning and enhanced student outcomes were noted by 17% of
respondents.

Table VI: Ethical and Data Privacy Concerns

Concern Freque | Percent
ncy age
Data privacy | 34 97%
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Algorithmic 31 89%
bias

Accountabilit | 29 83%
y

Transparency | 15 43%

Table VI highlights the primary ethical and data privacy concerns regarding the use of machine learning in
educational policymaking. Data privacy was the most frequently cited concern (97%), followed by algorithmic bias
(89%), accountability (83%), and transparency (43%).

Opportunities by Role and Support Needed by Experience

The survey results revealed notable variations in the perceived opportunities for integrating machine learning across
different roles within LGUs. Administrative efficiency and improved decision-making emerged as the most
significant opportunities, consistently recognized by Office Staff (57%), Policymakers (26%), IT Staff (14%), and the
sole Administrator (3%). Efficient resource management was also widely acknowledged, particularly by Office Staff,
IT Staff, and Policymakers. However, opportunities for personalized learning and enhanced student outcomes were
primarily identified by Policymakers, with 17% highlighting these benefits.

In terms of support needed to effectively integrate machine learning, the requirements varied based on respondents’
years of experience. General infrastructure improvements were the most frequently mentioned need, particularly
among those with 3-5 years (71%) and 6-10 years (50%) of experience. Infrastructure upgrades were emphasized by
respondents with 6-10 years of experience (38%), while infrastructure plans were primarily highlighted by those with
3-5 years of experience (29%). Additionally, the need for training and expertise was noted by a respondents, data
management training, ML workshop, and training from ML experts each identified by most of the respondents in
different experience categories. This detailed breakdown underscores the diverse perspectives and specific needs of
LGU stakeholders in adopting machine learning technologies.

Literature review on ML Algorithms

The analysis of machine learning algorithms highlights their varied applications in education policymaking,
emphasizing their data handling capabilities and potential uses. Decision trees are used for data classification and
prediction by creating tree-like models of decisions, effectively uncovering patterns and informing decision-making
[10],[11],[12],[13],[14]. Neural networks process complex datasets through interconnected nodes, aiding in modeling
and predicting outcomes, making them suitable for pattern recognition and decision support [15],[16],[17]. Clustering
algorithms segments large datasets into meaningful groups based on similarities, revealing hidden patterns and
trends, which is useful for grouping entities in education [18],[19]. Regression analysis models relationships between
variables to predict trends and outcomes, providing insights into correlations that inform policy decisions
[20],[21],[22]. Lastly, Random Forest combines multiple decision trees to improve predictive accuracy, handling both
categorical and numerical data to mitigate biases and enhance insights [23],[24],[25]. These algorithms collectively
enhance data-driven decision-making in education, aiding local government units in implementing targeted
interventions and equitable resource allocation.

Table VII: Types of ML Algorithm, Description and Uses

ML Referen
Algorit Description and Uses
ces
hm
Decision | Utilized for data classification [10], [11],
Trees and prediction by creating a [12], [13],
tree-like model of decisions. [14]

Handles categorical and
numerical data to uncover
patterns and inform decision-
making.
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Neural Processes complex and [15], [16],
Network | dynamic datasets through [17]
S interconnected nodes to model

and predict outcomes. Adapts
to various types of data for
pattern recognition and
decision support.

Clusterin | Segments large datasets into [18], [19]
g clusters based on similarities,
revealing hidden patterns and
trends. Handles continuous
data to group entities and
identify distinct patterns.
Regressi | Utilizes statistical methods to [20],

on model relationships between [21], [22]
Analysis | variables, predicting trends
and outcomes. Handles
numerical data to understand
correlations and inform policy

decisions.
Random | Aggregates multiple decision [23],
Forest trees to improve predictive [24], [25]

accuracy and handle large
datasets. Uses both categorical
and numerical data to mitigate
biases and enhance data-
driven insights.

Table VI provides a consolidated view of the machine learning algorithms reviewed, their uses based on the cited
literature, and the authors of the respective studies.

IV. DISCUSSIONS
Identifying Key Challenges and Opportunities Associated with ML Integration

The administrative and operational hurdles that LGUs encounter, particularly highlighting the struggle with capacity
building for effective ML integration, are significant [26]. This aligns with the survey results, where 97% of
respondents indicated a lack of technical expertise and inadequate infrastructure as major challenges. Additionally,
71% cited resistance to change as a significant barrier, echoing the emphasis on the foundational need for enhancing
institutional knowledge and technical proficiency.

Articulating the ethical dilemmas and practical issues that accompany ML adoption was also concern that is
supported by the survey, where 40% of respondents noted ethical considerations as a challenge, and 97% expressed
data privacy concerns. The imperative of navigating these challenges with a balanced approach, prioritizing ethical
considerations and practical feasibility, is underscored by both the literature and survey data [27].

From a regulatory viewpoint, the complexities of public service regulation by algorithms offer pertinent reflections
for educational policy [28]. Their analysis on transparency, accountability, and equity is crucial, as the survey
indicates high levels of concern for algorithmic bias (89%), accountability (83%), and transparency (43%). This
underscores the necessity for regulatory oversight to safeguard against biases and ensure fair outcomes in ML
applications within public services.

In the South African context, the technical and ethical challenges associated with technology-enhanced learning and
ML highlight significant barriers to effective data sharing and ML implementation [29]. These challenges correlates
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with the survey's identification of funding limitations (97%) and data privacy concerns (97%). These insights provide
valuable lessons on navigating the complexities of ML integration in education, particularly in developing countries.

Lastly, the fiscal health implications of ML adoption in local governments illuminate the economic considerations of
integrating ML into public policies, including educational frameworks [30]. This is supported by survey respondents
who highlighted funding limitations as a significant challenge. Understanding the financial sustainability of ML
projects is critical for LGUs to manage fiscal resources effectively to support long-term ML deployment.

Application of Machine Learning Algorithms in Education Policymaking

The application of machine learning algorithms in education policymaking demonstrates several key strengths.
Decision trees are effective for classifying and predicting educational outcomes, identifying key factors affecting
educational success, and adapt policies in real time to improve educational outcomes [10],[11],[12],[14]. Neural
networks excel in processing complex, dynamic datasets, making them suitable for predicting student performance
and optimizing educational resource allocation [15],[16]. Clustering reveals hidden patterns by grouping students
with similar characteristics, aiding in tailored educational programs [18]. Regression analysis provides insights into
correlations and trends, informing policy decisions on teaching methods and resource allocation [20],[21]. Random
Forest mitigates biases in data analysis, ensuring fair and accurate predictions for student success and resource
distribution [23],[24],[25]. The survey results support these strengths, with respondents identifying improved
decision-making (97%) and efficient resource management (97%) as key opportunities for ML integration. The
potential for administrative efficiency (100%) and enhanced student outcomes (17%) further underscores the value
of these algorithms in educational settings.

Several gaps remain in the application of these algorithms to education policymaking. There is a lack of direct
application studies specifically tailored to educational contexts, particularly for decision trees and regression analysis.
Additionally, integration of these algorithms with other machine learning techniques is not fully explored, which
could enhance predictive accuracy and robustness. Longitudinal studies assessing the long-term impact of these
algorithms on educational outcomes are scarce. Ethical considerations, particularly concerning data privacy and
potential biases, are not extensively addressed.

Future research should focus on developing and applying these machine learning models specifically for education
policymaking, exploring their potential to predict student performance, optimize scheduling, and personalize
learning experiences.

Establishing Robust ML Infrastructure Frameworks and Strategies within LGU Educational
Systems

A proposed framework for deploying ML models in public policy, which can be adapted for educational settings,
emphasizes the need for a comprehensive strategy that includes stakeholder engagement, data governance, and
iterative development processes [5]. Survey results corroborate this, identifying general infrastructure improvements
(57%) and specific infrastructure upgrades (17%) as critical needs.

A generalized framework for technical education and the implementation of ML techniques underscores the
importance of a solid educational foundation in ML principles for all stakeholders involved in LGU educational
settings [7]. The survey highlights a significant demand for such foundational training and expertise.

Research exploring a machine learning approach to government business process re-engineering highlights the
potential of ML to streamline and enhance government services, suggesting that similar strategies could be applied
to educational systems to improve efficiency and outcomes [31]. This is reflected in the survey's identification of
administrative efficiency and improved decision-making as top opportunities.

Insights into ML practices and infrastructures, focusing on the technical aspects of building robust ML systems, are
crucial for understanding the technical underpinnings necessary for implementing ML in educational settings [32].
This aligns with the survey’s emphasis on the need for infrastructure improvements.

Building pipelines for educational data using AI and multimodal analytics, including a "Grey-Box" approach that
combines transparency with the complexity of ML models, advocates for a balance between usability and
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explainability in educational contexts [33]. This balance is essential for building trust and ensuring the effectiveness
of ML applications in education, addressing concerns of transparency and accountability raised in the survey.

The integration of ML into LGU educational policy presents significant challenges and promising opportunities. The
survey results provide empirical support for the literature's identification of critical barriers such as resistance to
change, technical expertise deficits, funding limitations, and ethical concerns. Concurrently, the potential benefits of
improved decision-making, administrative efficiency, and enhanced resource management are strongly recognized.
To effectively integrate ML into educational systems, LGUs must focus on building robust infrastructure, fostering
technical proficiency, and addressing ethical and data privacy concerns through transparent and accountable
governance frameworks.

Ensuring Ethical and Equitable Implementation

Ensuring the ethical and equitable use of machine learning (ML) in Local Government Unit (LGU) educational
policies, particularly concerning data handling, privacy, and bias mitigation, involves adopting frameworks and
methodologies that prioritize fairness, transparency, and accountability. The literature provides insights into
approaches and strategies that can guide LGUs in achieving these objectives.

One ethical framework, JustEFAB, is designed to operationalize medical ethics and social justice in clinical ML
integration. Although focused on healthcare, its principles of justice, equity, fairness, accountability, and beneficence
can be adapted for educational settings, ensuring ML applications respect student privacy and promote equitable
outcomes [8]. Research on the privacy-bias tradeoff in U.S. government data practices highlights the challenge of
minimizing data collection while ensuring racial equity assessments, suggesting LGUs need to carefully balance data
minimization with the need for detailed data to detect and mitigate biases [9].

Model-based bias mitigation in ML offers a technical approach to reduce bias in ML algorithms through model-driven
engineering, which could be particularly useful for LGUs in developing educational policies that leverage ML without
perpetuating existing inequalities [34]. The connection between fairness in ML and public health equity
demonstrates the importance of fair ML practices in achieving equitable outcomes across sectors, guiding LGUs to
ensure ML applications in education do not exacerbate health disparities or other forms of inequality [35].

The role of fairness metrics and unfairness mitigation algorithms in ethical learning analytics provides an overview
of existing tools and approaches for assessing and addressing bias in educational data, suggesting pathways for LGUs
to implement ML solutions that are both effective and equitable [36].

The proposed Machine Learning Framework

To address the gaps identified in the previous sections, we will now present a framework for establishing a solid
foundation in machine learning for policymaking. As shown on figure 1 it establishes a broad and theoretical
framework with elements explained in the subsequent paragraphs. It is important to highlight that this framework
has the potential to be applied to the adoption of any institution. The elements in the proposed framework serve as
the foundation for integrating ML into data-driven policymaking. Accurate and reliable data is crucial for
policymaking based on data, as it forms the necessary basis for well-informed decision-making and the creation of
effective public policies. Policymakers can use high-quality

Figure 1 A Data-Driven Framework for Policymaking
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&
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data to recognize patterns, understand complex problems, and predict the effects of different policies. By utilizing
data, governments can transition from relying on intuition to making decisions based on evidence. This shift allows
for the implementation of policies that are not only effective but also efficient.

The key components of the framework encompass ethical guidelines, infrastructure, partnerships, data management,
and machine learning. The proposed framework is encapsulated into the stages of policy development: identification,
formulation, adoption, implementation, and evaluation. By systematically encapsulating the key components into
the policy cycle, the approach ensures that policies are not only responsive and adaptive to changing conditions but
also grounded in solid empirical evidence, undergoes evaluation and continuous improvement, ultimately leading to
better outcomes for communities.

The proposed framework comprises five components, with a comprehensive visual representation of these
components illustrated in Figure 2:

Figure 2 Detailed view of the proposed framework components
Partnerships
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Partnership. Collaboration among educators, policymakers, community representatives, and technology experts is
essential for integrating Machine Learning (ML) into educational policymaking. Partnerships play a crucial role in
fostering this collaboration. These collaborations guarantee that ML solutions are in line with educational objectives
and community requirements, making it easier to exchange resources and knowledge. Successful implementation
requires a range of strategies. These include involving stakeholders through consultative workshops, regular
meetings, and feedback sessions to gather insights and address concerns. It also involves collaborating with
educational institutions like universities and research centers to tap into their ML and data science expertise.
Additionally, forming public-private partnerships can help access advanced technologies and secure additional
funding for ML projects.

With the area of study currently in partnership with a university within the jurisdiction of the municipality, it is highly
encouraged to strengthen its partnership to expand the current capabilities of its knowledge management system, e-
SITIO. Developing strong partnerships can help smoothen transition from traditional policymaking to data-driven
policymaking.

Data Management. Effective data management systems are crucial for handling the substantial amounts of
educational data needed for successful ML applications. These systems guarantee the precise collection, storage,
processing, and retrieval of data, establishing a strong basis for the integration of machine learning in educational
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policymaking. In order to accomplish this, it is crucial to establish centralized data warehouses that can securely store
educational data and facilitate efficient access. In addition, it is crucial to have a data management system in order
to ensure that datasets are kept clean and well-organized. Implementing robust data governance policies is essential
for maintaining data quality, security, and compliance with legal and ethical standards. The survey results highlight
the importance of strong data management, as 97% of respondents recognized insufficient infrastructure as a major
obstacle. By tackling this challenge, LGUs can build the required infrastructure to support and improve their ML
applications, guaranteeing the data-driven development of educational policies. Limited experts within LGUs are a
limiting factor in terms of data management, which can be strengthen with strong partnership with the academe and
private institutions providing support and training to the LGU.

Machine Learning. The integration of machine learning (ML) models into educational policymaking is pivotal for
providing valuable insights, automating administrative tasks, and enhancing decision-making processes. ML
algorithms can analyze large datasets to uncover patterns, predict outcomes, and inform policy decisions. To
implement this effectively, appropriate ML algorithms should be selected based on specific educational goals. These
might include decision trees for classifying and predicting educational outcomes, neural networks for processing
complex datasets and predicting student performance, clustering for grouping students with similar characteristics,
regression analysis for identifying correlations and trends, and random forests for mitigating biases and ensuring fair
predictions.

Once selected, these models need to be trained on high-quality datasets and validated to ensure their accuracy and
reliability. Continuous improvement is also crucial, requiring regular updates and refinements based on new data
and feedback. Despite the current lack of ML use in educational policymaking, as indicated by the survey,
implementing ML can transform LGU operations, enhancing educational outcomes and administrative efficiency.

The strengths of ML algorithms in educational policymaking are discussed on the previous section. Decision trees
can classify and predict educational outcomes, helping to adapt policies in real time. Neural networks excel at
handling complex datasets, making them ideal for predicting student performance and optimizing resource
allocation. Clustering algorithms reveal hidden patterns that can aid in tailoring educational programs. Regression
analysis provides insights into trends and correlations, informing decisions on teaching methods and resource
allocation. Random forests mitigate biases, ensuring accurate and fair predictions for student success and resource
distribution. Survey respondents highlighted improved decision-making (97%) and efficient resource management
(97%) as key opportunities, while administrative efficiency (100%) and enhanced student outcomes (17%) underscore
the algorithms' value in educational settings.

However, gaps remain in the direct application of these algorithms to educational contexts. Few studies are tailored
specifically to educational policymaking, and the integration of multiple ML techniques to enhance predictive
accuracy and robustness is not fully explored. Longitudinal studies assessing the long-term impact of these
algorithms on educational outcomes are scarce. Ethical considerations, especially regarding data privacy and
potential biases, need more attention. Future research should develop and apply these ML models specifically for
education policymaking, exploring their potential to predict student performance, optimize scheduling, and
personalize learning experiences.

Ethical Guidelines. Ethical principles are crucial in guaranteeing the proper and fair utilization of machine learning
(ML) in educational planning. These recommendations specifically tackle important matters like data protection,
bias reduction, transparency, and accountability, ensuring that machine learning applications are equitable and
advantageous for all parties involved. It is crucial to implement ethical frameworks that are rooted in the most
effective methods in order to provide guidance for the utilization of machine learning. This will ensure that the
procedures and results are in line with ethical principles. Regular audits are essential for overseeing adherence to
these rules and for detecting and resolving any ethical concerns that may develop. Furthermore, it is imperative to
use strategies that improve transparency and accountability, such as employing explainable AT methods that enable
stakeholders to comprehend the decision-making process of machine learning models. Through the establishment
and diligent enforcement of ethical principles, LGUs may effectively tackle these challenges, guaranteeing that ML
applications are utilized in a responsible and fair manner to improve educational results and streamline
administrative procedures.
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Infrastructure. An efficient infrastructure is essential for supporting the computational demands of ML,
guaranteeing the smooth processing and analysis of large datasets. This requires the availability of high-performance
computing resources, such as powerful servers and cloud-based solutions, capable of handling demanding ML
workloads. In addition, it is necessary to enhance the network infrastructure to support the smooth transmission and
connectivity needed for machine learning applications. Considering the long-term growth of data volumes and the
evolving complexity of ML models, it is crucial to incorporate scalability into infrastructure design. The current
Knowledge Management System of the study area is currently hosted its partner university. The infrastructure
enhancement is in plan, with technical specifications coming from IT experts from the university, showing
significance of what partnership can provide. Thus, it is crucial to prioritize the investment and improvement of
infrastructure to ensure the smooth implementation of ML in LGU educational policymaking.

Integration of Policy Development Cycle

The proposed framework for integrating Machine Learning (ML) into Local Government Unit (LGU) educational
policymaking involves a structured policy development process as shown on figure 1 that is closely connected to its
five key components: partnerships, data management, infrastructure, machine learning, and ethical guidelines. This
organized process consists of five stages: identification, formulation, adoption, implementation, and evaluation.

Identification. The focus is on identifying crucial educational issues and areas that can benefit from ML by offering
valuable insights and identifying key issues based from existing data. Activities like conducting needs assessments,
gathering initial data, and defining specific goals for ML applications are undertaken to cater collaboration and
transparency. This stage is highly dependent on collaborations and effective management of data. Collaborating with
stakeholders through partnerships allows for a more accurate identification of educational challenges, while efficient
data management systems streamline the collection and initial processing of pertinent data.

Formulation. During the formulation stage, ML models and algorithms are created to tackle the identified issues.
This requires selecting suitable ML algorithms, training models using reliable datasets, and evaluating model
performance. Here, the infrastructure component plays a crucial role by providing the essential computational
resources for model development and training. In addition, data management plays a role in ensuring that datasets
are clean and of high quality. Having trained experts is also vital for deploying effective ML models.

The adoption stage emphasizes the importance of gaining support from stakeholders and seamlessly incorporating
ML solutions into the policy framework. Activities involve sharing ML findings with stakeholders, addressing their
concerns, and completing policy documents that integrate ML insights. Collaborations are crucial at this stage,
ensuring that all parties involved are actively involved and supportive. It is essential to consider ethical guidelines,
as they play a vital role in addressing concerns regarding data privacy, transparency, and bias. By doing so, trust can
be fostered among all stakeholders involved.

During the implementation stage, ML solutions are put into action and their effect on educational outcomes is closely
observed. This requires the implementation of data-driven policies, training for those responsible, and the
establishment of monitoring systems to ensure progress is tracked. The infrastructure component guarantees the
availability of necessary technological support for deployment, while data management systems are utilized to
monitor and manage the implementation process. Having a strong understanding of ML is essential when it comes
to resolving issues and improving the performance of implemented solutions.

Furthermore, the evaluation stage is focused on determining the success of ML integration and making any necessary
adjustments to policies. Performance evaluations are carried out, feedback is collected, and ML models and policies
are continuously enhanced. Data management systems support the collection and analysis of evaluation data, while
ethical guidelines promote transparency and accountability in the evaluation process. Continuous engagement with
stakeholders through partnerships fosters ongoing feedback, guaranteeing the relevance and effectiveness of policies.

Overall, the stages of policy development—identification, formulation, adoption, implementation, and evaluation—
collaborate seamlessly with the framework’s five components to guarantee a comprehensive and efficient approach
to integrating ML in LGU educational policymaking. Every step of the process utilizes the power of collaborations,
efficient data handling, robust infrastructure, advanced machine learning techniques, and ethical principles to tackle
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educational obstacles, implement effective remedies, and consistently enhance policies through evidence-based
analysis.

V. CONCLUSION

The integration of Machine Learning (ML) into the educational policymaking of Local Government Units (LGUs)
signifies a notable progress towards data-driven, streamlined, and fair educational systems. This study has
emphasized the significant impact of ML in improving educational outcomes, efficiently allocating resources, and
streamlining administrative processes within LGUs. By actively involving every relevant stakeholder, effectively
organizing data, and adhering to ethical principles, ML can provide valuable insights and assist in making well-
informed decisions that are in line with educational objectives and community needs. The challenges highlighted in
this study, including the need for technical expertise, limited funding, and inadequate infrastructure, emphasize the
importance of targeted investments and capacity-building initiatives. To address these challenges, it is crucial to take
a comprehensive approach that involves building stronger relationships with academic institutions and private sector
organizations, improving computational resources, and providing ongoing training for LGU staff.

The proposed framework for ML integration highlights the significance of a well-organized policy development
process that encompasses identification, formulation, adoption, implementation, and evaluation stages. This process
guarantees that ML applications are not only efficient but also flexible to changing conditions and firmly based on
empirical evidence. Through a careful integration of ethical considerations and a commitment to transparency and
accountability, LGUs can effectively address potential risks, including concerns related to data privacy and
algorithmic bias. Future research should prioritize applying the proposed ML framework in a wide range of
educational contexts, and conducting longitudinal research to evaluate the impact of ML on educational outcomes.
It is essential to continuously refine the framework by incorporating new data and taking into account feedback from
stakeholders in order to fully leverage the potential of machine learning in education policymaking.

Ultimately, the incorporation of ML into LGU educational policies presents an avenue for the development of more
knowledgeable, streamlined, and equitable educational policies. Through the utilization of technology and the
promotion of collaboration, LGUs have the ability to develop policies based on data analysis. These policies aim to
improve the educational experience for all individuals involved, working towards the overarching objective of
providing fair and excellent education. Additional research and practical applications will enable LGUs to fully
harness the advantages of ML, leading to a significant transformation in the educational landscape.
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