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Abstract

This paper presents a case study on the application of Natural Language Processing (NLP)
and Artificial Intelligence (AI) to improve the benchmarking and decision-making processes
in Thailand’s External Quality Assurance (EQA) system. This study attempted to address
this issue by creating an NLP-based data extraction pipeline adapted to EQA benchmarking
requirements through the mix-methods research. Stakeholder surveys found that
approximately 87.5% of respondents identified the need for automated NLP techniques for
transforming unstructured data into actionable insights, implying that the response
emphasizes the practical relevance of creating technology to expedite and improve the
benchmarking process in education. Leveraging these findings, the NLP pipeline was built
using regular expression, pattern matching, and Named Entity Recognition (NER) to capture
the desired text from complicated documents. Thereafter utilizing TF-IDF to vectorize and
analyze meaningful insights with high accuracy, reaching a 98.33% match with annotated
datasets and an F1 score of 1.0, the system effectively extract data while also obtaining
critical data to support advanced analytics and visualizations revealed hidden performance
patterns for both regulatory and collaborative benchmarks.
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1. Introduction

The quality assurance (QA) was utilized as mechanism for optimal quality of education
worldwide. The Office for National Education Standards and Quality Assessment
(ONESQA) is a primary agency responsible in this part, this holds schools accountable to
stakeholders and fosters transparency in educational procedures, which aids in
benchmarking to established standards and best practices.

- 101 -



P. PHUMIPHOL

Considering the diversity of school contexts, and enormous volumes of qualitative data
generates substantial hurdles (ONESQA, 2021). Furthermore, traditional analysis and
visualizations frequently fail to show shortcomings and opportunities for growth.

Dependence on unstructured data presents substantial obstacles for information retrieval
and analysis, manual data extraction from school annual reports poses several obstacles
(ONESQA, 2024). According to these limits, there is an urgent need to improve quality
evaluation systems to properly handle these challenges (Figure 1). This study aims to leverage
natural language processing (NLP) techniques to extract data from school documents and
evaluate performance against quality standards to inform the creation of meaningful
benchmarks, thereby encouraging continuous improvement and development among schools.

1.1 Aims and Objectives
- To develop an NLP-based automated data extraction pipeline for EQA artifacts in Thai
- To demonstrate the extracted data utility through cluster analysis and visualization for
EQA benchmarking

2. Literature Review: Use cases of NLP

2.1 Information Extraction
In practice, Malashin et al. (2024) used Optical Character Recognition (OCR) in combination
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with Genetic Algorithms and Neural Networks to extract text and important information
from document images which utilized PyTesseract and easyOCR for text recognition and
Genetic Algorithms to improve OCR settings (Malashin et al, 2024). While another study by
Hansen et al. (2019) focused on extracting and categorizing unstructured data from PDFs
using OCR paired with deep learning techniques such as Faster Region-based Convolutional
Neural Network (R-CNN), which aids in document segmentation and detection (Hansen, M.,
et al, 2019).

Overall, the case studies highlight the effectiveness of information extraction to automate
the extraction of data from PDFs, OCR for transforming scanned documents into machine-
readable text could be used. Regex are frequently used for finding and
recognizing particular patterns in text. Referring to the approaches mentioned, a technique
or method is unable to establish a solid data collection pipeline, considering select
appropriate methods and creating combination of methods for specific goals is crucial to
enabling the correct extraction.

2.2 Handling Specific Language Challenges

In practices, Soisoonthorn et al. (2023) demonstrated the actual implementation of these
approaches by using SDR-based algorithms for Thai word segmentation and found
the significant improvements in accuracy for languages, especially segmentation issues due
to the lack of spaces between words (Soisoonthorn, T. et al., 2023). Correspondingly,
Meesad (2021) applied Long Short-Term Memory (LSTM) networks to sequence handling
in the context of fake news detection, proving the model's capacity to preserve context
while improving classification accuracy (Meesad, P. 2021).

In addition to these techniques, recent research by Phatthiyaphaibun et al. (2023)
created a set of tools to handle the Thai language’s particular obstacles by integrating
Conditional Random Fields (CRFs), LSTM, and Bidirectional Encoder Representations from
Transformers (BERT) to solve tokenization and part-of-speech tagging constraints. The
results of this architecture demonstrated that CRFs can be utilized for sequence labeling
due to the lack of gaps between each word. While LSTM networks enable to capture long-
term context and grasp the complete meaning of complicated statements, and BERT has
strong capabilities for identify actual meaning relevant to the context surrounding that
boost the accuracy of text classification in Thai (Phatthiyaphaibun et al,, 2023).

However, developing NLP for Thai presents considerable hurdles because the structure
of Thai language complexity, which includes different level tone of voice certain word can
use to conveying soften a statement or command, making the language subtler and more
nuanced phrases, a distinct set of Thai numerals, and lack of annotated dataset. As
previously stated, Phatthiyaphaibun et al. (2023) suggest that future research should
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Figure 2: Summary of the Use Cases NLP Techniques
for Data Extraction

concentrate on extending and diversifying datasets, as well as refining algorithms to more
effectively handle Thai's distinctive linguistic qualities.

To conclude, Figure 2 illustrates the overview of structured framework for information
extraction (IE), emphasizing the application of various NLP techniques and methodologies.
The structured approach provided in this framework suggests a clear knowledge that each
stage is planned to be executed with efficiency and in accordance with suitable principles.

3. Research Methodology

3.1 Research Methodology

This study adopts a mixed-methods approach to addressing the complexities of improving
EQA benchmarking by automating data extraction using Natural Language Processing
(NLP) to extract adequate information for advanced analysis. Data will be collected from
two main sources including surveys of ONESQA leaders and officers and EQA artifacts.

3.2 Data Collection Methods
There are two phases of data collection methods from two primary sources including
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Exploratory Research Design
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Figure 3: Research Design

surveys and EQA artifacts. Surveys administered to ONESQA internal and external
stakeholders aim to identify the needs for automated data extraction, understand the nature
of educational data for EQA benchmarking and KPI analysis (Figure 3). Subsequently, EQA
artifacts, including reports and evaluations, will be processed using NLP techniques to
extract both qualitative and quantitative data.

3.3 NLP-Based Automated Data Extraction Pipeline Framework
The developing NLP for EQA data extracting framework was designed to provide a clear
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Figure 4. NLP-Based Automated Data Extraction Pipeline
Framework
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path, assuring systematic handling of each stage of data processing (Figure 4). The
framework is segregated into particular tasks to improve modularity and simplify
administration and debugging.

3.4 Data Analysis

The analysis is conducted in two phases, applying the following approaches.

1) Survey Analysis: Analyze using descriptive statistics and content analysis.

2) EQA Artifact Analysis: Develop and test an automated data extraction pipeline using NLP
techniques. The extracted data will be statistically examined and compared to a manually
annotated dataset using performance metrics of precision and recall measures.

4. Findings and Discussion

4.1 Needs for automated data extraction

According to the survey findings, 64.8% to 88.8% of respondents, including internal and
external stakeholders, acknowledged the general necessity for an NLP data pipeline to extract
adequate variables for comparison analysis (Figure 5). Specifically, 87.5% to 88.8% of
respondents stated a need for developing NLP pipeline.
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Figure 5: Comparison of needs aspects between internal and external
stakeholders
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4.2 Development and Performance of the NLP Extraction Pipeline

4.2.1 NLP Extraction Pipeline Development

1) Analysis of “BF-02” Document

The “BF-02” document suggested by respondents contains all essential variables (Figure 6).
It has numerous organized portions that regularly address both Early Childhood Education
(ECE) and Basic Education (BE). Each section presents indicators with corresponding
ratings (numerical scores) and best practice descriptions (textual content).

Key challenges encountered during the analysis included repetitive headings that had
identical headings, necessitating differentiation in the code to avoid confusion between
sections. Due to inconsistent formatting while most portions maintained a consistent style.
These issues were overcome by meticulous code design and optimization, ensuring that the
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Figure 6: “BF-02” Document Structure
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pipeline could successfully extract the required data.

2) Findings

2.1) Part 1: Rating Extraction

This developed code aims to extract numerical ratings for each indicator in both ECE and
BE, which focuses on these precise places to effectively collect the numerical data associated
with each indicator (Figure 7) focused on School Code Extraction contains a regex-based
approach for extracting the school code. Indicator and Rating Extraction intended to
obtain ratings for each indicator within a standard by using regex to identify each indicator
by number to retrieve the related rating.

2.2) Part 2: Best Practices Text Extraction

This model is designed to extract the descriptive text under the “Best Practice” sections for
each indicator. This part deals with extracting narrative text, requiring different NLP
techniques to identify and isolate the relevant content ensuring that no important
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Figure 7: The Structure of Rating Extraction Development (Code 1)
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Figure 9: The results of NLP Extraction Pipeline Development
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information was missed. These two codes focus on retrieving certain bits of data such as
school codes, indications, and ratings using NER combined with regex and Pattern
Matching for Indicators to capture each indicator’s number and name. Then Feature
Extraction for Ratings, the code identifies and extracts the rating or score associated with
that particular indicator.

4.2.2 Evaluation Metrics for NLP Extraction Performance

1) Rating of Indicators Extraction Performance

The NLP extraction technique captures indicator ratings with high efficiency indicating by
highest scores all performance metrics (Figure 10). Precision scores were perfect at 1.00,
indicating that the model continuously returned correct ratings. Similarly, 1.00 recall values
indicate that the pipeline successfully obtained all relevant ratings across indications, and
1.00 on the F1 Score confirms the balance between precision and recall metrics implying the
overall reliability and robustness of the developed model.

2) Best Practices Text Extraction Performance

The NLP extraction model’'s performance in identifying relevant best practices from the BF-
02 document was evaluated using standard metrics. Figure 11 shows consistently strong
scores across all parameters, with accuracy approaching 1.0 (1.00 precision, 0.96 recall, and

—— Precision
— Recall
—— F1 Score

30 Precision

Figure 10: Rating of Indicators Extraction Performance
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Figure 11: Best Practices Text Extraction Performance

0.98 1 score).

To clarify the ability of this extraction, the cosine similarity was occupied to compare the
two datasets. The results show that 236 out of 240 rows in the extracted dataset achieved
high-quality matches, 98.33% of high-quality matches, and 1.00 average similarity score
representing accuracy performance. Considering the confusion matrix, there are 202
identifiers from the annotated dataset were correctly matched with those in the extracted
dataset, representing 81.21% of the total annotated identifiers.

Overall, these findings demonstrate the model’'s outstanding precision and recall, which
resulted in practically alignment of the extracted and annotated data. Despite the small
differences, the results demonstrate the model’s ability to identify text-relevant best
practices in the documents. This means that the built pipeline can replace the manual
extraction process.

4.3 Application of Extracted Data for EQA Benchmarking

The following sections examine and show how the data was analyzed and displayed in order
to achieve the goal of advanced analysis and visualization, which lead to improve both
regulatory benchmarking and collaborative benchmarking processes.

1) Regulatory Benchmarking

1.1) Quadrant-Based Clustering

To create clusters, median values of Facilities & Management Performance (FMP) and
Teaching Efficiency (TAE) were used to divide the schools into distinct groups instead of
mean value because of the abnormal distribution. The results of this method helped
manually identify groups of schools with similar performance characteristics, laying the
groundwork for developing acceptable EQA regulatory standards based on their strengths
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Table 1: School Performance Clustering Results Using Quadrant-Based

o
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Figure 12: Scatter Plot of Comparative Analysis with Quadrant-Based Clustering

and shortcomings (Figure 12).

1.2) K-Means Clustering for Mixed Performers

These sub-clusters deliver additional specificity for analyzing school performance
recommend more targeted actions. High performers, for example, may provide a good
example for others, nevertheless mixed performers would benefit from tailored tactics that
addressed particular areas of weakness (see Figure 13 and Table 2). By categorizing
schools, figures 14 and 15 show how these clustering algorithms benefit EQA by recognizing

strengths and weaknesses across schools.
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Elbow Method

Silhouette Score Method

Figure 13: K-Means Clustering of Sub-Group

Table 2: The Summary of School Performance Clustering Results Using Quadrant-Based and K-Means Algorithms

Cluster TAE FMP SO Clustering Reason
Cluster 7: Close to the median Close to the median . i .
! ! Very good to Excellent Schools have high SO while
Outcome- both above and lower, | both above and lower, . .
. . (green and dark green | performing averagely in other arcas,
Focused near the line of near the line of
. . . dots) FMP and TAE.
Achievers median median
Schools excel in FMP and TAE but
Cluster 8&: Close to the median have average SO, indicating a
Balanced Higher the median Higher the median | (light green and green balanced focus on resources and
Performers dots) teaching, with room for improvement
in outcomes
. . . Schools h derat i
Cluster 9: Close to the median Close to the median Close to the median chools have mf) crate I?er ormance
. . across all variables, without any
Consistent | both above and lower, | both above and lower, | (light green and green . . .
. . . . particular area standing out as either
Moderates | nearly the median line | nearly the median line dots)

strong or weak.
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Figure 14: Box Plot of School Performance Characteristics by Cluster
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Heatmap of FMP Needs by Cluster
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Figure 15: Heat map of Performance Needs Across
School Clusters

2) Collaborative Benchmarking

2.1) Best Practices and Geographic Analysis

This visualization considers that when a school needs to adopt a best practice, they should
first consider the similar demographic before selecting a project that could work for their
situation so that demographic data will be taken part in identifying high-performing schools
and their best practice alongside the goal of facilitating adoption by other schools (Figure

16 and 17).
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Figure 16: Scatter Plot of High-Performing Schools with Excellent Ratings
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Figure 17: Geographic Map of High-Performing Schools with Best Practices for
Adoption

2.2) Individual School Performance and Benchmarks

Using data visualizations as individual school performance scoreboards (Figure 18), to
compare schools with established benchmarks, both overall and within their clusters.
Moreover, the visualization empowers schools to set their own goals, whether they aim to
meet average performance levels or continue excelling beyond their current benchmarks
compared with cluster benchmarks, high-performer benchmarks, and overall benchmarks

(Figure 19).
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Figure 18: Scatter Plot of Individual School Performance with Ranking Comparison
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Benchmarking Integration of school ID 1370986307
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Figure 19: Radar Chart of Individual School Performance
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Figure 20: Research Results

4.4 Discussion

4.41 Key Insights of NLP Data Extraction Development

According to Zaki et al. (2022), preprocessing and vectorization improve data dependability,
as does the NLP-based extraction pipeline, which extracts both numerical ratings and
descriptive best practices accurately (98.33%). In addition, Chen et al. (2023), who highlight
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the role of regex and text segmentation in improving extraction accuracy. However, despite
its success with a small dataset of 133 samples, the model must be adapted to handle the
larger datasets typical of the EQA process, often exceeding 1,000 files. To ensure accurate
extraction on this scale, the algorithm requires enhancements in table recognition to capture
ratings embedded in tables effectively.

A significant challenge emerged in the segmentation of Thai text, where the absence of
explicit word boundaries reduced the pipeline’s recall rate, which was obvious in the 15.27%
of identifiers (38 out of 249) that were neither successfully matched nor marked as missing.
This is parallel to the findings of Soisoonthorn et al. (2023) and Phatthiyaphaibun et al. (2023),
who investigated Thai language-specific restrictions in NLP. To overcome this obstacle,
future research should focus on employing language-specific models to effectively solve
segmentation problems and improve overall accuracy.

4.4.2 Application of Extracted Data for EQA Benchmarking

The key findings demonstrate the utility of extracted data for advanced analysis and
visualizations, which is a sufficient input for EQA benchmarking that evidently reveals
hidden patterns of school performance characteristics that cover regulatory and
collaborative benchmarking performance across critical areas. These tools are more effective
than traditional descriptive statistics or correlation analysis, which often fail to reveal hidden
patterns and non-linear relationships in the data (Jo, 2023).

The incorporation of extracted data into the benchmarking process is effective and
adaptive, which leads to dynamic, context-sensitive benchmarks. This confirms the views of
Lucander & Christenson (2020), and Marciniak (2018), who argue that when executed
correctly, benchmarking allows institutions to monitor performance against standards and
pursue continual improvement. The point is that this proposes analysis and visualizations
facilitating benchmarking by giving a macro (systemic) and micro (individual school)
awareness of strengths and deficiencies. This dual perspective aligns with
Tangpornpaiboon’s (2022) critique, as it allows ONESQA to deliver more personalized and
actionable recommendations, bridging the gap between data collection and meaningful
feedback.

CONCLUSION

The NLP pipeline’s efficiency was proved by its excellent accuracy rates, which included a
98.33% match with annotated datasets and an F1 score of 1.0 for relevant text of best
practices and numerical ratings extraction. Understanding and implementing stakeholder
demands enabled the pipeline to effectively acquire vital data with minimum differences,
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hence supporting the objective of enhancing automated EQA methodologies.

The utility of extracted data by analytics and visualization proposed in this study
enhances stakeholder engagement, transparency, and accountability by making the EQA
process more data-driven and objective. Besides, for guiding benchmark setting and
supporting schools on their improvement paths driving sustainable progress in education.

This study enhances the area of educational quality assurance by demonstrating how an
NLP-based data extraction pipeline can accelerate ahead of the previously time-consuming
benchmarking procedure. Future study ought to aim at developing these approaches and
examining their broader applicability to establish systems that allow for continuous
improvement and support the continued growth of educational quality assurance standards.
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