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Consolidation of reports and matching of documents pose several challenges
especially when dealing with large amounts of textual data. Thus,
organizations are in need of intelligent systems that are capable of
automating these processes, ensuring faster, more accurate analysis and
retrieval of relevant information. This study applies Latent Semantic
Indexing (LSI) and Cosine Similarity to automate the matching of gender-
related issues, activities, and programs submitted by university offices. An
intelligent web-based system was developed using Python and Django to
implement these algorithms for report consolidation. Performance evaluation
using accuracy, precision, recall, and F1-score demonstrated that the model
correctly classified 90% of entries. A threshold sweep experiment further
revealed that a similarity value of 0.51 provides the optimal decision
boundary for identifying semantically similar instances. The findings
confirm that LSI remains effective for low-resource institutional text
analysis, enabling more efficient and accurate report consolidation.
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1. INTRODUCTION

Information is one of the most valuable resources for businesses and other organizations in the
modern era. Correct processing and interpretation of this data can give the company a competitive edge
through data-driven decision-making. However, numerous problems are making it difficult for the majority
of enterprises to manage and analyze their data [1]-[3]. Some key factors include large textual datasets,
limited tools, and unstructured properties. Additionally, information extraction is frequently difficult and
time-consuming, which makes it difficult to combine and match related reports [4].

Dealing with various formats, diverse sources, and data quality presents additional difficulties
[5], [6]. For instance, the organization frequently struggles to distinguish between duplicate and semantically
identical content when required to submit and consolidate reports. Also, a major challenge lies in
understanding the semantic relationships among various documents, as the meaning of the text is not always
clearly articulated or straightforward, leading to differing interpretations. Moreover, studies suggested
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different methodologies to address these challenges. Some solutions are proposed using Natural Language
Processing (NLP) techniques for textual data [7]-[9].

It is proven that natural language processing is effective at deciphering and analyzing human
language [6]. Information extraction, speech recognition, and text analysis are just a few of the uses for
natural language processing. Latent semantic analysis (LSA) is one of the information retrieval methods used
in NLP [10]. LSA detects patterns and relationships in datasets by analyzing the co-occurrence of words
within a set of documents. This enhances the ability to capture the semantic structure of data, even when
different terms are used. Latent semantic indexing (LSI) also reduces dimensionality, assisting in identifying
latent concepts and patterns that would be challenging to detect through traditional keyword-based methods
[11]-[15]. Additionally, Cosine Similarity is utilized alongside LSI to evaluate the similarity between two
text or document vectors by comparing their angular distance [16], [17].

These technologies can help to intelligently consolidate reports and match documents by identifying
and comparing similar content across extensive datasets. This can effectively assist organizations in
accessing the pertinent information and may better utilize their data resources, in addition to supporting data-
driven decision-making. However, existing institutional workflows heavily rely on manual inspection and
keyword-based matching. These approaches often fail to identify semantically equivalent entries expressed
using different terminologies, leading to redundancy and inconsistencies, resulting in more time to review.
Current systems cannot capture latent relationships within heterogeneous administrative text or documents.

This study explores the application of LSI and Cosine Similarity in accurately matching
semantically similar text. An intelligent system was developed for reviewing the submissions and reports for
gender issues, activities, and programs by various offices. Thus, the performance of the model was calculated
to determine its overall accuracy in document matching.

This paper provides the following key contributions:

1. Use LSI and Cosine Similarity to institutional report consolidation, validating the need beyond traditional
information retrieval.

2. Develops an NLP pipeline for low-resource, heterogeneous administrative texts and documents, enabling
accurate semantic similarity detection.

3. Introduces an empirically derived similarity threshold based on expert-validated evaluation, providing a
quantitative decision boundary for classifying semantically similar entries.

2. RELATED WORKS

Recent research continues to demonstrate the effectiveness of LSI, which is one of the classical
semantic approaches similar to TF-IDF and cosine similarity in document retrieval and semantic matching
across diverse domains. The study of Hoque et al. [18] applied LSI with Singular Value Decomposition
(SVD) and cosine similarity for Bangla document ranking, showing that LSI can capture hidden semantic
relationships in low-resource languages effectively. Goyal and Sharma [19] concluded that cosine similarity
consistently provides a good performance in comparing articles, showing the reliability in vector-space
document matching. The study also compared various vectorization methods, including Bag of Words, TF-
IDF, BERT, and the Universal Sentence Encoder.

Moreover, LSI remains widely used in text summarization. Sagum et al. [20] developed an
LSA-based system to easily summarize Philippine Supreme Court documents and decisions, while [21]
compared various methods in summarizing legal documents validated by domain experts and confirmed the
competitiveness of cosine similarity. Rinjeni et al. [22] found that cosine similarity outperforms other distance
measures, such as Jaccard similarity, in identifying semantically related academic texts. Collectively, existing
research highlights that both classical vector-space models (LSI, TF-IDF, cosine similarity) and modern neural
architectures remain valuable tools for document similarity, classification, and summarization, supporting their
application in domains requiring semantic alignment and automated text matching.

Despite the extensive use of various semantic models in retrieval and summarization tasks, their
application in institutional reporting, particularly for consolidating gender-related issues, activities, and
programs, remains limited. Existing workflows still depend heavily on manual review, which cannot reliably
detect semantic equivalence across heterogeneous administrative texts. This study addresses this gap by
applying LSI and cosine similarity to automate semantic matching within institutional report consolidation.

3. RESEARCH METHOD
The study proposes methods shown in Figure 1 for calculating the similarity between the reports
using the vector space model.
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Figure 1. Process diagram

3.1. Data collection

Data from various assessment tools of the gender and development office (GAD) in one of the well-
known universities in the Philippines were collected. The collection contains different attributes, as shown in
Table 1, like gender issues, activities, and programs.

Table 1. Dataset description

Attributes Description
Gender Issue and/or GAD mandate Description of gender issues or GAD mandates
Cause of the gender Issue Provided additional contextual text related to the gender issues
GAD result statement/ GAD objective Describes the desired outcomes or objectives related to GAD.
Relevant agency MFO/PAP Program activities and projects category
GAD activity Descriptions of the activities.
Output performance indicators and target Performance indicators and targets of the activity
GAD budget Allocated budget
Source of budget Fund source
Responsible unit/office Assigned office to conduct the activity
Campus Campus of the responsible unit/office

3.2. Pre—processing

The experiment was conducted using Python in Google Colab. As shown in Figure 2, the raw data
were filtered to eliminate the irrelevant and duplicate datasets. This process enables the system to manipulate
datasets into their proper forms. Included in the pre-processing stage is the lemmatization, which reduces
words to their dictionary form. To filter words that are not significant to the context, stop word is used words,
like are a, an, is, are, the, etc, are removed. During the tokenization process, patterns will emerge in raw
datasets. Then, it will be broken down into a stream of terms to manage them easily. After the pre-processing
stage, the output will be passed to the Matrix Parser for further processing.

# Stopwords
stop_words = set(stopwords.words('english'))
custom_stopwords = {

“gad", "gender", "development", "plan", "budget",

"activity", "activities", "program", "programs",
“office", "unit", "campus", "university",
“statement”, "result", "mandate", "issue", "cause",
“based", "conduct", "conducted",

“number”, "form", "forms",

"table", "year", "target", "targets",
“responsible"

}
stop_words.update(custom_stopwords)

# Vocabulary tracking
raw_vocab = set()
processed_vocab = set()

lemmatizer = WordNetLemmatizer()

def preprocess(text):
tokens = word_tokenize(text.lower())
raw_vocab.update([t for t in tokens if t.isalpha()])
tokens = [t for t in tokens if t.isalpha() and t not in stop_words]
tokens = [lemmatizer.lemmatize(t) for t in tokens]
processed_vocab.update(tokens)
return " ".join(tokens)

processed_docs = [preprocess(doc) for doc in documents]
print("RAW VOCAB SIZE:", len(raw_vocab))
print(“PROCESSED VOCAB SIZE:", len(processed_vocab))
print(

"VOCABULARY REDUCTION:",

(1 - len(processed_vocab) / len(raw_vocab)) x 100,

g

)

Figure 2. Pre-processing of GAD PAPs and activities
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3.3. Latent semantic indexing (LSI)

After pre-processing, the text will be converted into a numerical vector, such as TF-IDF, which is
based on the frequency and importance relative to the corpus, as shown in Figure 3. To reduce the
dimensionality and identify patterns of the TF-IDF matrix, singular value decomposition (SVD) was used.

Latent Semantic Indexing was applied using SVD to project the TF-IDF matrix into a
lower-dimensional latent space. Several values of the number of components were evaluated to determine the
optimal configuration. To determine the optimal number of latent dimensions for the LSI model, the singular
values obtained from the SVD decomposition of the term-document matrix were analyzed. The variance for a
given number of components k was computed by dividing the sum of the squared singular values of the first k
components by the sum of all squared singular values. This ratio indicates how much semantic information is
preserved as dimensionality increases.

import matplotlib.pyplot as plt
from sklearn.decomposition import TruncatedSVD
from sklearn.feature_extraction.text import TfidfVectorizer

vectorizer = TfidfVectorizer(max_features=5000)
tfidf_matrix = vectorizer.fit_transform(processed_docs)

print("TF-IDF Matrix Shape:", tfidf_matrix.shape)

k_values = [50, 108, 150, 200, 250, 300]
explained_variances = []

for kK in k_values:
svd = TruncatedSVD(n_components=k}
svd. fit(tfidf_matrix)
explained_variances.append(svd.explained_variance_ratio_.sum())

Figure 3. Latent semantic indexing

3.4. Cosine similarity

The Cosine Similarity function shown in Figure 4 was applied to determine the similarity between
two vectors of an inner product space. It is calculated by taking the cosine of the angle between two vectors
and determining if this is pointing in nearly the same direction. It is commonly used to measure document
similarity in text analysis [23]. The cosine similarity then measures the similarity between the two vectors
using in (1):

s

c0s8 = E @)
Where

A-B=73L, A B |lA|| = VI, A2|B]| = VX, B? @)

from sklearn.metrics.pairwise import cosine_similarity
terms = vectorizer.get_feature_names_out()

def top_terms(component, n=10):
idx = component.argsort()[::-1][:n]

return [terms[i] for i in idx]

for 1 in range(1@):
print(f"Topic {i+1}: ", top_terms(svd.components_[i]))

similarity_matrix = cosine_similarity(lsi_matrix)
similarity_matrix[:5, :5]

Figure 4. Cosine similarity index
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3.5. Development of the system

To develop the intelligent system, various software tools were utilized. The system was developed
using Python and Django to easily implement LSI and Cosine Similarity. SQL.ite was used for data collection
and retrieval due to its lightweight and serverless architecture. Bootstrap, jQuery, and JavaScript were used
for front-end development to enhance responsiveness.

3.6. Performance evaluation

Performance metrics such as accuracy, precision, recall, and Fl-score were used to evaluate
the performance of the model. These metrics are computed by comparing the number of gender issues,
activities, and programs that are accurately classified as similar (1) and dissimilar (0) to the judgment made
by the office expert [24], [25]. Accuracy, Precision, Recall, and F1-score will be computed based on the
given in (3)-(6) [26].

Number of Correct Prediction (3)
Total Number of Prediction

Accuracy =

.. True Positives
Precision = — — 4
True Positives+False Positive

Recall = True Positives .

True Positives+False Negatives

Precisi Recall
F1Score = 2 X recision X Reca (6)

Precision+ Recall

4. RESULTS AND DISCUSSION
This section shows the implementation of LSI and Cosine Similarity to the web-based system for
activity and program matching and report consolidation.

4.1. Results
4.1.1. Implementation of LSI

Figure 5 shows how text preprocessing affects the vocabulary size of the dataset. The raw corpus
had 765 unique words. After applying preprocessing steps like lowercasing, removing stop words, and
filtering for specific domains, the count dropped to 697 unique words. This is an 8.9% reduction in
vocabulary size. Figure 6 shows the explained variance from different numbers of LSI components. At k =
50, the model captures about 86% of the variance. When the dimensionality increases to k = 100, it shows a
significant improvement, capturing almost 100% of the semantic variance. After k = 150, the explained
variance levels off, with values consistently nearing 1.0.

Impact of Preprocessing on Vocabulary Size

o
(=3
=

765

697

& w -] ~
=] o =]
o L) =1 o

Number of Unique Words
[*']
(=]
o

200 1

100 4

Raw Vocabulary Size Processed Vocabulary Size

Figure 5. Preprocessing result on vocabulary size
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Figure 6. Variance by number og LSI components

4.1.2. Utilization of Cosine Similarity

Figure 7 presents the cosine similarity matrix derived from the LSlI-transformed vectors. All
diagonal values show perfect similarity = 1.0, while off-diagonal values vary across the matrix. Several
blocks of moderate similarity from 0.3-0.6 appear in the lower-right portion, indicating natural clusters of
related issue—activity entries. Most other pairwise similarities approach zero, suggesting that most entries in
the dataset are semantically distinct.

Figure 8 shows the confusion matrix of precision, which measures the proportion of predicted
positives that were correct, and was found to be 98% highlighting the model's effectiveness in identifying
positive cases. The recall, which evaluates the model's ability to identify all actual positive instances,
was 82%. The Fl-score has an 89%, providing a single measure that combines the model's precision and
recall performance. This score shows that the model performs well in correctly identifying both positive and
negative instances while minimizing false positives and false negatives.

To determine an appropriate cutoff for classifying similar entries, a threshold sweep experiment was
conducted. Similarity thresholds from 0.50 to 0.95 were evaluated in increments of 0.01, and the model’s
predictions were compared with expert-annotated labels. For each threshold, accuracy, precision, recall, and
F1-score were computed.

Cosine Similarity Matrix Heatmap

10 Confusion Matrix

250

200

Actual 0

= 150

Actual

ndex
Cosine Similarity

- 100

Actual 1

Predicted O Predicted 1

o 2 4 6 8
Index Predicted

Figure 7. Cosine similarity matrix heatmap Figure 8. Confusion matrix
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As shown in Figure 9, the highest F1-score occurs at a threshold of 0.51, indicating the most
balanced trade-off between precision and recall. At this value, the model maintains a high precision while
minimizing the loss of true positive matches. Thus, 0.51 was adopted as the optimal decision boundary,
replacing the initially assumed value of 0.70.

Performance Across Similarity Thresholds

T
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—— IPrecision
— [Recall
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i
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2
&
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0.825 4
0.7 0.8 0.9
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Figure 9. Performance across similarity thresholds

4.1.3. Code and system implementation of LSI and cosine similarity

An intelligent report consolidation and program matching system was also developed. The system
includes interfaces for the users to enter their reports and programs for consolidations. Figure 10 shows the
actual implementation of LSI and Cosine Similarity in the developed system. The system will sort
and display the list of similar activities and their percentage similarity or match rate to other activities
available in the database. This information will be displayed on the office administrator’s side for easy
consultation and download.

GAD Budget Plans

Q@ sack

Home / GAD Budget Plans

Download

¢ entries per page Search:
Output
Gender Issue GAD Result Performance Source Match
and/or GAD Cause of the Statement/ GAD Relevant Agency Indicators and GAD of Responsible Rate
# Mandate Gender Issue Objective MFO/PAP GAD Activity Target Budget Budget Unit/Office Campus (%)
1 Republic Act No, Eliminate Raise awareness of  Technical Advisory, Conduct of activities number of participants 300000 GAA MDS-GAD San Juan 100.00%
9710 (Magna Carta discrimination administrators, Extension Services highligthing importance in engagement
for Women) against women students, parents, of womens human rights  activities atleast 200
rights faculty members, and elimination of gender  benefeciaries
and non-teaching discrimination participated in the
personnel on the activities
pertinent provisions
of the Magna Carta
of Women
2 RepublicAct97100r  Limited Increased mobility General Hiring of Job Order Payment to the salary 2430288 GAA Gender and ARASOF 100.00%
the Magna Carta of workforce in the of the LGFPS in Administration personnel for GAD of one (1) J.O. for Development Unit = Nasugbu
Women facilitation of implementing GAD  Support extension/GAD office - GAD, VCAF
GAD plans and Plan and activities
activities
3 Republic Act No. Engaging pre- Raise awarenesson  Technical Advisory,  Conduct of awareness Number of awareness 1000000 GAA MDS-GAD San Juan 100.00%

10354 or RH Law (An
act providing for a
national policy on
Responsible
Parenthood and

marital sex
resulting to
teenage early
and unwanted
pregnancy.

pre- marital sex
resulting to teenage
early pregnancy

Extension Services

raising activities focus on
rpre-marital sex and
teenage early pregnancy.

raising activities
conducted -atleast 2
activities are conducted

Figure 10. System interface for LS| and cosine similarity in GAD system
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4.2. Discussions

The study shows that LSI and cosine similarity perform well in identifying semantically related
GAD issues, activities, and programs from various institutional reports. With an accuracy of 90%, precision
of 98%, recall of 82%, and an F1-score of 89%, the model is able to differentiate similar from non-similar
entries even when the wordings and phrasings are different across submissions. This is helpful for
administrative offices, which often struggle to manually examine large volumes of text where important
similarities are hidden by inconsistent terminology.

The preprocessing stage reduced the vocabulary from 765 to 697 terms or an 8.9% decrease,
showing that the corpus retained its semantic depth while minimizing noise. This modification allows latent
relationships to show more clearly without sacrificing domain-specific language. The explained-variance
analysis reinforces that 50 components already captured 86% of the semantic variance, while 100
components provided near-complete coverage before the curve flattened. This pattern confirms that k = 100
strikes an effective balance between dimensional compactness and semantic richness.

Findings from the cosine similarity heatmap further support this conclusion. Distinct clusters
appeared, indicating that some reports contain redundant content, while entries showing near-zero similarity
reflect genuinely unique submissions. Pairs with moderate similarity reveal partial thematic overlaps,
illustrating how automated semantic grouping can assist in consolidating GAD reports more coherently.

The system evaluation also demonstrated strong practical value. The prototype interface processed
user queries efficiently, generated similarity scores, and ranked related entries, enabling administrators to
identify redundancies and improve consistency across reports. Notably, the optimization process found that a
threshold of 0.51, rather than the commonly used 0.70, offered the best balance between precision and recall.
This emphasizes the importance of empirical tuning rather than relying on conventional defaults.

These results strengthen the findings of Hoque et al. [18] and Goyal and Sharma [19], who
highlighted the effectiveness of LSI and cosine similarity in low-resource and specialized text environments.
This study extends their work by demonstrating how classical semantic techniques can be applied to
institutional reporting, an area where automation remains relatively underdeveloped.

Overall, the findings underscore that classical semantic models, when properly optimized, still serve
as powerful tools for analyzing low-resource institutional texts. With cosine similarity and an empirically
validated threshold of 0.51, LSI offers a dependable and scalable approach for automating the consolidation
of GAD reports and shows strong potential for broader applications, including accreditation documentation,
ISO compliance reports, and other administrative datasets.

5. CONCLUSION

The results of this study demonstrate the strong capability of LSI combined with cosine similarity
in automating document matching and consolidation. With an accuracy of 90%, the model shows
considerable promise in identifying semantically related documents, even when different offices use varied
or inconsistent terminology. Its high precision (98%) and solid recall (82%) indicate that the system can
reliably classify relevant instances while keeping both false positives and false negatives to a minimum.
The resulting F1-score of 89% reflects a well-balanced performance, underscoring the model’s suitability
for organizations that must manage large volumes of textual data. Overall, the findings affirm that classical
semantic models remain highly effective for low-resource administrative corpora and can significantly
enhance institutional workflows.

The study also confirms the usefulness of LSI in addressing the challenges faced by different offices
when identifying gender-related concerns embedded in narrative reports. LSI’s dimensionality reduction
preserves meaningful semantic patterns, improving the accuracy and dependability of the sorting process.
When paired with cosine similarity, the method performs particularly well in measuring relationships
among GAD topics. By evaluating the cosine distance between vector representations, the system enables
scalable comparison and effective grouping of related concerns, helping uncover underlying connections
across varied submissions.

Despite these strong results, some limitations remain. The comparatively lower recall suggests that a
portion of valid matches, especially those expressed in more abstract or nuanced language, were not fully
captured. Because LSI has difficulty modeling deeper contextual relationships, more advanced approaches
such as BERT or other transformer-based embeddings may help address this gap. For future work, the study
recommends: (1) conducting comparative experiments between LSI and transformer-based semantic models,
(2) expanding the dataset to include additional campuses or reporting cycles, and (3) integrating domain-
specific ontologies to better represent terminology related to Gender and Development.
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