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Abstract— This research aimed to deepen our understanding of
the issues and challenges faced by beneficiaries of the Philippines'
Universal Access to Quality Tertiary Education (UAQTE)
program by utilizing Latent Dirichlet Allocation (LDA)
complemented by Bag of Words (BoW) and Term Frequency-
Inverse Document Frequency (TF-IDF) techniques. The study
used the "Boses Ko" participatory toolkit, a digital portal to
collect student responses from the various Higher Education
Institutions (HEIs). The analysis showcased the LDA model's
proficiency in identifying distinct clusters, underscoring its ability
to generate coherent and meaningful topics that provide
interpretable and insightful dataset representations. Evaluation of
the models included Silhouette and Coherence Scores,
supplemented by manual assessments by domain experts. This
comprehensive approach led to the identification of key themes,
including '"Academic Difficulties," '"Financial Difficulties,"
"Pandemic-Related Challenges," '"Grant Disbursement,”" and
"Program Implementation." The identified themes present
actionable policy recommendations geared towards strengthening
academic support, financial assistance, flexible grant
disbursement, addressing pandemic-related challenges, and
establishing a structured feedback mechanism. These measures
collectively aim to enhance the overall implementation of the
UAQTE program.
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I. INTRODUCTION

Philippines, where economic and social inequalities persist,
tertiary education emerges as a transformative force. It becomes
a powerful channel for social mobility, granting individuals
from less privileged economic backgrounds equal access to
higher education opportunities traditionally reserved for the
more affluent. The emphasis on tertiary education aligns with
the global agenda, resonating with the United Nations' fourth
Sustainable Development Goal (SDG), which emphasizes
"Quality Education" as a catalyst for sustainable development
[1]-3].

In the quest for equitable education, the Universal Access to
Quality Tertiary Education (UAQTE) program, also known as
Republic Act No. 10931was passed on August 13, 2017,
requiring all public higher education institutions (HEIs) and
government-run technical-vocational institutions (TVIs) to
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provide free quality tertiary education to eligible Filipino
students. This initiative is instrumental in helping individuals
break free from the cycle of poverty and catalyze national
progress, thereby playing a vital role in the country's
socioeconomic development [4], [5]. The program's
commitment to providing free tertiary education is fundamental
in equipping students with essential knowledge, skills, and
critical thinking abilities that are indispensable tools for
overcoming the intricate challenges of today's world [6], [7].
This educational empowerment broadens students' perspectives,
unveiling various career possibilities and empowering
graduates to contribute substantially to their communities and
the country [8], [9].

As the UAQTE program expands, it becomes increasingly
important to assess its implementation holistically by
considering the perspectives of student beneficiaries. This
approach allows for a more thorough evaluation of its
effectiveness, identifies potential areas for improvement, and
gathers valuable insights. To achieve this, our research aims to
leverage topic modeling techniques implementing Latent
Dirichlet Allocation (LDA), Bag of Words (BoW), and Term
Frequency-Inverse Document Frequency (TF-IDF) to uncover
patterns, and correlations within the dataset, providing a
comprehensive understanding of the UAQTE program's
implementation and its impact on stakeholders.

Topic modeling is a statistical technique within natural
language processing domain that is used to uncover underlying
themes or topics in a textual data collection. It facilitates the
organization and categorization of extensive unstructured text,
enabling the extraction of meaningful insights [10], [11].
Through topic modeling, we can effectively reveal the
underlying structure in the textual data by grouping words that
tend to co-occur frequently within the same context [12]-[15].

Central to this study is the "Boses Ko" participatory toolkit,
a digital platform developed through a collaborative effort
between Bicol University and National University, funded by
the Commission on Higher Education - Leading the
Advancement of Knowledge in Agriculture and Sciences
(CHED-LAKAS). This tool is crucial in collecting the
viewpoints of student beneficiaries of the UAQTE program,
serving as a pivotal avenue for students to articulate the
encountered issues and challenges.
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Building upon the pre-processed dataset, this study
integrates a multifaceted qualitative modeling approach,
employing Latent Dirichlet Allocation (LDA), a well-
established methodology, complemented by the use of Bag of
Words (BoW) and Term Frequency-Inverse Document
Frequency (TF-IDF) techniques, both of which play a crucial
role in the topic modeling process. The Bag of Words (BoW)
model lays the groundwork for representing textual data in this
study, analyzing documents by the frequency of words while
setting aside their order or contextual significance [16]-[18].
This simplification of the dataset aids Latent Dirichlet
Allocation (LDA) in efficiently identifying and classifying
topics based on the occurrence of words.

Consecutively, the study employs the Term Frequency-
Inverse Document Frequency (TF-IDF) technique to elevate the
analysis. TF-IDF measures the importance of each word within
a document relative to a collection of documents, assigning a
weight to the frequency of each word. This method effectively
diminishes the impact of commonly occurring words across the
dataset, instead highlighting words that are more distinctive to
individual documents [19]-[21]. Such weighted differentiation
enhances LDA's ability to uncover and distinguish more
relevant and unique topics in the dataset.

The generated models are evaluated combining automated
metrics using the Silhouette and Coherence Score with manual
topic assessment guided by domain experts' insights. The
Silhouette Score is instrumental in determining the clustering
quality of the model by measuring how similar each data point
is to its own cluster compared to neighboring clusters [22], [23].
This metric is crucial for assessing the effectiveness of the
clustering approach taken by the LDA model. The Coherence
Score, on the other hand, is used to evaluate the interpretability
and quality of the topics identified by the model. It
quantitatively measures the semantic relationships among the
most significant words within each topic, ensuring they form a
coherent and meaningful theme [24], [25]. These automated
metrics offer objectivity and efficiency in the initial stages of
model assessment, allowing for rapid refinement and baseline
evaluations of the model's performance.

The domain experts' insights capture the depth and nuances
of the model's output. They bring a vital perspective to the
evaluation process, considering aspects such as the relevance,
interpretability, and real-world applicability of the topics
generated by the model[26]-[28]. Their specialized knowledge
and experience in the domain allow them to provide a more
distinct analysis, aligning the model's findings with the
intricacies and specific requirements of the research objectives.

Ultimately, this research aims to provide evidence-based
insights to enhance and optimize the UAQTE program
implementation, benefiting students and the wider educational
sector. It highlights the importance of collaboration and
stakeholder involvement, enabling education sectors to actively
shape the UAQTE program and influence future tertiary
education policies. This strategy demonstrates a commitment to
ongoing improvement and adaptive policymaking, ensuring the
program stays dynamic, aligns with the evolving educational
landscape, and meets the diverse needs of its beneficiaries.
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II. METHODOLOGY

This section details the methodology used. Figure 1
illustrates the information processing phases, which include
data collection and dataset pre-processing, feature extraction,
topic modeling, topic interpretation and labeling, and model

evaluation.
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Figure 1. Information Processing Phases

A. Data Collection

The "Boses Ko" toolkit has played a pivotal role in
implementing a bottom-up approach to data collection from
student beneficiaries, emphasizing the importance of insights
from those directly involved in the UAQTE program. Tailored
to capture the unique perspectives of these students, the central
qualitative question of this study is: "What are the specific
issues and challenges faced by beneficiaries of the UAQTE
program?"

The study included a sample of 2,800 student beneficiaries
from various State Universities and Colleges (SUCs) across the
Bicol region. This broad selection ensured a thorough
evaluation of the UAQTE program's effectiveness and impact
in different institutional settings.

B. Data Pre-processing

The preparation of the collected responses for feature
extraction began with critical data pre-processing steps. This
included removing non-English, duplicate, non-grantee, and
empty responses, followed by text standardization.
Standardization involves converting text to lowercase and
removing special characters, punctuation, and digits, aiming to
refine the textual representation for clearer analysis and
reduced noise. Further processing utilized the Natural
Language Toolkit (NLTK) for tokenization and the removal of
common stopwords (e.g., "the," "is," "and"). This step
segmented the text into individual words or tokens, and
removed frequently occurring but semantically limited words,
enhancing the clarity and interpretability of the topics.
Additionally, domain-specific terms like "UAQTE," "issues,"
"challenges," and "beneficiaries" were treated as additional
stopwords to focus the text analysis and produce more
meaningful results by highlighting key terms.

The study intentionally avoided using stemming and
lemmatization techniques to retain the nuanced meanings of
words. Applying these methods could risk oversimplifying the
language and result in a loss of textual clarity, as they reduce
words to their base forms or substitute them with similar-
meaning terms. For instance, transforming "synchronous" into
"synchron" or "better" into "good" might change the original
intent or context, potentially leading to misinterpretation or loss
of critical information.
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C. Feature Extraction

In the feature extraction of Latent Dirichlet Allocation
(LDA), two predominant techniques are utilized: the Bag of
Words (BoW) model and the Term Frequency-Inverse
Document Frequency (TF-IDF) transformation. These methods
are instrumental in uncovering underlying structures and
enhancing insights from text data [29], [30]. BoW models each
document as a vector, quantifying the frequency of words
within it [31], [32]. This enables LDA to translate textual data
into numerical features, facilitating the identification of
underlying topics and their distribution across documents.

TF-IDF augments feature representation quality, building
upon the BoW model [33]. It assigns weights to words based
on their relevance in individual documents and the entire corpus,
balancing word significance. This step, following BoW,
produces a more informative and distinct feature matrix, aiding
LDA in assigning importance to words unique to specific
documents or topics. By doing so, it diminishes the weight of
common words.

Integrating TF-IDF after the BoW method is crucial for
refining feature representation, reducing noise, and improving
topic distinction within textual data [34]. This methodology
ensures that LDA more accurately captures the distinctive
elements of the dataset, resulting in more precise and
meaningful categorization of topics.

tf —idf(t) = tf(t,d) xidf(¢) (D

Equation 1 assesses the importance of the term 't' within a
specific document 'd' throughout a collection of documents.
This evaluation incorporates two primary factors: the frequency
of the term within the document (‘tf') and its scarcity or
distinctiveness across the entire collection of documents (‘idf').

D. Topic Modeling/Extraction

Building on the initial feature extraction phase using the Bag
of Words (BoW), where documents are represented as
frequency vectors of words, LDA fundamentally uncovers
hidden topics within the text corpus. Operating on the
document-term matrix derived from BoW, LDA interprets each
document as a composition of various topics. Each word
occurrence within a document is associated with one of these
topics. The algorithm dynamically refines its understanding,
adjusting topic associations for each word by analyzing word
co-occurrence patterns throughout the corpus.

The integration of the TF-IDF methodology refines the BoW
representation. This approach assigns specific weights to terms,
considering their frequency within individual documents and
their overall relevance in the entire corpus. This weighted TF-
IDF matrix then serves as the input for LDA, enabling it to
delve into the significance and distribution of terms to pinpoint
underlying themes. By evaluating the prominence of particular
terms across different documents, the algorithm seeks to grasp
the semantic interconnections among words. This approach
enriches the topic modeling process, ensuring a more
sophisticated and accurate interpretation of the textual content.
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Figure 2. Topic Extraction using LDA

Figure 3 presents the Latent Dirichlet Allocation (LDA)
model's generative mechanism, offering a systematic document
formation perspective. This includes the process of topic
selection, word distribution within these topics, and the role of
hyperparameters o and B in shaping the distributions of topics
and words.

o o (alpha): This parameter influences the Dirichlet prior
for topic distributions within each document (0). It
determines how topics are varied across individual
documents.

e B (beta): This parameter governs the Dirichlet prior for
word distributions within each topic (¢). It specifies how
words are distributed across topics.

o 0O(theta)M: This represents the distribution of topics in
document M, depicting the range of topics that make up
the document.

e o(phi)K: This denotes the distribution of words within
topic K, showing the probability of each word appearing
in topic K.

o Zmn: Indicates the topic allocation for specific words,
particularly the topic assigned to the nth word in
document m.

e Wmn: Represents the actual words in the corpus. Each
Wmn is a unique word in the document, and combined
with Zmn, it shows the particular word associated with a
specific topic in that document.

E. Hyper-Parameters

The following are the hyper-parameters used:

o Number of Topics (K). determines the level of detail and
variety of themes extracted from the text corpus.

o Number of Words. Indicates the total number of distinct
words accounted for in the analysis, defining the breadth
of the vocabulary considered.

o Passes. Dictates how many times the algorithm reviews
the entire corpus during its training phase. Each pass
involves an update in the distributions of topics for
documents and the distributions of words for topics.

« Iterations. Denotes the frequency of iterations within
each training pass. This controls how often the model
reassesses the entire dataset to refine its topic
assignments.

e Alpha (a). Affects how topics are distributed across
documents. A higher alpha value results in documents
featuring a wider range of topics, whereas a lower alpha
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leads to more concentrated topic distributions in each
document.

o Eta (n). Impacts the density of word distributions within
each topic. Higher eta values foster a more expansive
distribution of words across topics, while lower values
encourage a tighter, more focused word distribution for

each topic.

TABLE 1. HYPER-PARAMETERS USED
1:&':;’;: iuvl‘zgzg Passes | Iterations | alpha | eta
51020 | 5t010 11002)0 150000t00 0.01 | 0.01

Table 1 illustrates the range of hyperparameters examined to
ascertain the optimal configurations for the LDA model
experiments. These configurations are pivotal in producing
coherent, interpretable, and contextually relevant topics derived
from the dataset. Fine-tuning these hyperparameters is critical
to align the topic modeling process with the dataset's unique
attributes, significantly impacting the clarity and relevance of
the extracted topics.

F. Identification of Appropriate Themes

The main objective in labeling the topic model was assigning
pertinent labels to each topic, guided by the observed word
similarities. This approach aimed to amplify topic clarity and
strengthen effective communication, substantially enhancing
their  applicability —within the UAQTE framework.
Working in close partnership with domain experts from various
disciplines, including CHED administrators, social scientists,
data scientists, and recipients of the UAQTE program, greatly
aided in choosing topic labels that were clearly understandable
and closely aligned with the research objectives. Table 2
displays the labels established through this collaborative
process, reflecting a well-rounded and research-focused
understanding of the topics.

TABLE 2. DOMAIN EXPERTS' IDENTIFIED LABELS
Categories Description
Refers to the challenges faced due to limited
financial resources, including difficulties in
Financial budgeting, paying for miscellaneous fees,
Difficulties boarding, daily expenses, and additional

educational costs not covered by the program or
scholarship.

Refers to issues of scholarships or financial aid

Grant being delayed in disbursement, causing financial
Disbursement strain and difficulties meeting educational
expenses.
Refers to the challenges in fulfilling various
academic obligations, such as preparing and
Academic submittir.lg. requirem§nts, mz?naging coursewqu,
Difficultics and striving to achieve satisfactory academic

performance. Other factors like lack or poor
facilities and infrastructures are likewise part of
this category.
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Refers to the obstacles and difficulties arising

from the COVID-19 pandemic, including the

Pandemic- transition to online learning, lack of access to

Related reliable internet connectivity and necessary
Challenges devices, disruptions in academic schedules, and
the impact on mental health, stress, anxiety, and
feelings of isolation.

Program Refers to .the diverse Yiewpoints rega.lrding the

. program's implementation, incorporating a range
Implementation L . .
of positive and negative perspectives.

G. Model Evaluation
The Silhouette score is calculated as follows:

b—a

§=——— )

- max(a,b)

The silhouette score (s) of a data point is calculated by
comparing its average distance (a) to points in the same cluster
and (b) to points in the nearest neighboring cluster. A score
close to +1 indicates strong cluster alignment and
distinctiveness from neighboring clusters, suggesting clear and
well-separated groupings. Scores near zero suggest the data
point is on the boundary between clusters, indicating ambiguity
in its assignment. Scores approaching -1 imply possible
misplacement of the object in the wrong cluster, hinting at
issues like cluster overlap or indistinct boundaries. Overall,
silhouette scores provide insights into cluster separation and
clarity, helping evaluate cluster quality and potential overlaps
in the dataset.

The Coherence score is calculated as follows:

Cv(@m =2/(TIAT] — D) * 2L =BNTREY #
i} sim(Word_i, Word_j) 3)

The coherence score (CV(T)) for topic T is determined by
considering the number of words in the topic, the representation
of word pairs (Wordi and Wordj) in the topic, and their
similarity measure. This score assesses the connectedness and
meaningfulness of words within a topic. A score near 0
indicates poor word connections, leading to difficult
interpretation. Scores around 0.2 to 0.4 suggest limited
coherence and interpretability. Scores between 0.4 to 0.6 denote
reasonably coherent topics, improving interpretability. Scores
from 0.6 to 0.8 reflect well-defined, highly coherent topics that
are easy to interpret. Scores approaching 0.8 to 1 indicate
exceptionally coherent topics with closely related words,
offering high interpretability.

Domain experts are crucial in the evaluation phase, bringing
essential contextual insights and specialized knowledge. Their
input is vital given the multifaceted requirements of topic
models, which include statistical integrity, semantic coherence,
and relevance to the specific field. As key validators, they
ensure that the generated models align with the research
objectives.

Combining expert insights with silhouette and coherence
scores establishes a robust evaluation method. Good silhouette
and coherence scores, alongside expert validation of topic
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interpretability, collectively indicate the high quality of the
generated topics. Integrating quantitative metrics with the
judgment of domain experts creates a well-rounded assessment
framework. It guarantees a nuanced and dependable evaluation
of the topic model's overall quality and effectiveness, ensuring
that the models are not just statistically sound but rich in context
and relevance to the UAQTE domain.

II1. RESULTS AND DISCUSSION

This section presents key results and findings obtained
through topic modeling of the UAQTE dataset implementing
LDA. Table 3 highlights the configurations that achieved
acceptable silhouette and coherence scores from the numerous
experiments. Both scores aim to provide quantitative measures
of the quality or usefulness of the output produced by
unsupervised learning algorithms. Higher scores in both cases
generally indicate better results, with higher silhouette scores
implying well-defined clusters and higher coherence scores
indicating more interpretable topics.

LDA model analysis investigated various configurations,
including topics, words, passes, iterations, alpha, and eta,
leading to variations in silhouette and coherence scores under
different parameter settings, as indicated in Table 3. In
particular, configurations with 8 topics, 50 passes, and 3000
iterations showcased higher silhouette scores, implying the
model's effectiveness in creating more distinct data clusters.
These settings reflect the LDA's strength in delineating clear
groupings within the dataset.

TABLE 3. LDA HYPERPARAMETERS AND EVALUATION SCORES
Numb‘er Number Passes |Iterations |alpha | eta Silhouette |Coherence
of topics | of words Score Score

8 10 20 1000 |0.010.01| 0.771 0.618

8 10 50 1000 |0.01]0.01| 0.761 0.594

8 10 10 3000 |0.01]0.01| 0.769 0.617

8 10 50 3000 |0.01]0.01| 0.789 0.623

8 10 30 5000 |0.01]0.01| 0.761 0.591

8 10 100 5000 |0.01]0.01| 0.770 0.627

10 10 20 1000 |0.010.01| 0.728 0.603

10 10 50 1000 |0.01]0.01| 0.746 0.596

10 10 10 3000 |0.01]0.01| 0.740 0.605

10 10 50 3000 |0.01]0.01| 0.739 0.604

10 10 10 5000 |0.01]0.01| 0.735 0.645

10 10 50 5000 ]0.01]0.01| 0.771 0.634

Although the coherence scores ranged between 0.591 and
0.645, indicating some challenges in capturing complex
semantic relationships due to the probabilistic nature of LDA,
the model still showed a considerable degree of effectiveness
in associating topics and words. This was instrumental in
generating relevant labels. Despite the relatively modest
coherence scores, LDA demonstrated its capability to formulate
coherent and meaningful topics. This underscores its value in
delivering interpretable and insightful dataset representations,
highlighting its practical importance in data analysis.

Table 4 features the LDA model labeled by domain experts,
with the highest Silhouette and Coherence Scores among all the
LDA experiments. This model is characterized by its
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hyperparameters: it includes 8 topics, the top 10 words, 50
passes, and 3000 iterations, along with an alpha value set at 0.01
and an eta value of 0.01. The model attained a Silhouette Score
0f 0.789 and a Coherence Score of 0.623 in this configuration.

TABLE 4. LDA LABELED MODEL
Topic Words Label
0 hard, expectations, scholarship, support, Academic
pressure, help, high, study, passing, excel Difficulties
lack, facilities, equipment, information, .
Academic
1 encounter, poor, resources, school, . .
. Difficulties
infrastructures, classrooms
5 school, expenses, financial, problems, pay, Financial
need, requirements, family, enough, fee Difficulties
3 education, quality, access, lack, sustain, Financial
limited, free, learning, financial, expenses Difficulties
T I in mic, expen .
| o et work sdying, | Academic
p - req » WOIK, studying, Difficulties
school
grades, pandemic, online, good, maintaining,| Pandemic-
5 experience, pressure, academic, learning, Related
classes Challenges
school, free, money, tuition, allowance, Grant
6 . . . .
delayed, expensive, release, bills, patience | Disbursement
7 encounter, education, program, free, study, Program
things, tuition, regarding, facilities, process |Implementation

The extensive LDA experiments highlighted key themes
such as "Academic Difficulties," "Financial Difficulties,"
"Pandemic-Related Challenges," "Grant Disbursement," and
"Program Implementation." The analysis underscores the
significance of these core topics, illustrating the model's ability
to identify and prioritize crucial themes relevant to the dataset.

Integrating Bag of Words (BoW) and Term Frequency-
Inverse Document Frequency (TF-IDF) methods with LDA
remarkably enhances the model's interpretability. BoW
contributed to improved topic identification and model stability,
ensuring clear and consistent topic representation. On the other
hand, TF-IDF refined topic descriptors and balanced word
representation, offering nuanced and contextually relevant
topics by focusing on unique words.

IV. CONCLUSIONS

Investigating various parameters and evaluation metrics in
LDA topic modeling yielded valuable insights. Key
performance metrics such as silhouette and coherence scores
highlighted the importance of parameter optimization in LDA,
particularly its ability to define distinct topic clusters. This
underlines the necessity of tailoring modeling approaches to
align with specific research objectives and the unique
characteristics of datasets.

Critically, the involvement of domain experts in assigning
labels to the generated LDA models has been instrumental in
uncovering key insights for enhancing the UAQTE program.
Their domain-specific knowledge guided the interpretation of
themes such as "Academic Difficulties," "Financial
Difficulties," "Grant Disbursement," "Pandemic-Related
Challenges," and "Program Implementation." This has led to
robust recommendations, including strengthening academic
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support, enhancing financial assistance, flexible grant
disbursement policies, addressing pandemic-related challenges,
and establishing a structured feedback mechanism for program
improvement.

These recommendations provide actionable directions for
policy reforms within the UAQTE program, aiming to improve
student support and the overall efficiency of the educational
sector. It is crucial to note that these policy recommendations
are part of an iterative process, requiring ongoing evaluation
and flexibility to adapt to evolving circumstances, ensuring the
long-term impact and relevance of the UAQTE program.
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