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Abstract 

Study program accreditation requires aligning assessment criteria with the Self-Evaluation Sheet (LED), which is usually written as a lengthy 

and complex narrative. Finding relevant information requires a method that can automatically extract keywords from assessment descriptions as 

representations of the criteria. Keyword extraction can be applied through the Rapid Automatic Keyword Extraction (RAKE) method, a simple 

technique that works without labeled data. However, standard RAKE uses stopwords as delimiters to segment candidate phrases, making it less 

effective for complex sentences such as those found in accreditation assessment descriptions. Because a single sentence may contain several 

ideas, the extraction process should handle phrases carefully through splitting, merging, or extension according to their structure and meaning. 

To address this limitation, this study introduces PRAKE (Phrase-Refined RAKE), a modified RAKE algorithm that enhances candidate phrase 

extraction. Modifications are carried out at the Candidate Phrase Extraction stage through three techniques, including Phrase Completion to 

complete short phrases afterwards with the prefix of the previous phrase, Phrase Restructuring to rearrange phrases through merging or separation 

based on structure and meaning, and Semantic Phrase Composition to form new phrases from different elements that are semantically interrelated. 

Additionally, a domain term weighting based on term frequency is integrated into the scoring calculation to strengthen the relevance of terms to 

the accreditation context. The model achieved a precision of 0.90, recall of 0.83, and F1-score of 0.85, representing the average performance 

across all 101 assessment descriptions evaluated in this study. The results demonstrate that PRAKE adapts better to accreditation terminology 

and improves keyword relevance and extraction efficiency. These findings indicate that PRAKE provides a foundation for automated evaluation 

and can be extended for cross-domain document analysis. 

Keywords: Keyword Extraction, Rake, Study Program Accreditation, Natural Language Processing, Text Processing 

1. Introduction  

The process of accreditation formally evaluates study programs and institutions, using standards defined by the 

accrediting body [1]. In Indonesia, the Independent Accreditation Institute for Informatics and Computers 

(LAMINFOKOM) is the authorized body for accrediting study programs in the fields of informatics, computers, and 

information technology [2]. The accreditation assessment descriptions are typically long, formal narratives explaining 

the purpose, scope, and indicators of each criterion. Assessors rely on these descriptions to align the information in the 

Self-Evaluation Sheet (LED) with the relevant criteria. Yet, the narrative nature of these documents often makes the 

process time-consuming and subjective, particularly because LED texts contain complex sentences that may convey 

multiple ideas.  

Previous studies have explored the use of natural language processing (NLP) in educational and institutional contexts 

[3], suggesting that automated text analysis could make accreditation review more systematic. NLP, as a branch of 

artificial intelligence, focuses on how computers can understand and generate human language in textual form [4]. One 

of its core applications, keyword extraction, aims to identify salient words or phrases that represent the essence of a 

document’s content [5]. Applying this approach to accreditation texts can help highlight essential information more 
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efficiently and objectively. One widely used method for keyword extraction is Rapid Automatic Keyword Extraction 

(RAKE) [6]. The algorithm separates text based on stopword boundaries and assigns co-occurrence-based scores [7]. 

RAKE is lightweight, does not rely on labeled data, and can be applied flexibly across different text types [8]. It has 

been adopted in many areas, from summarizing software bug reports [9] and extracting keywords from scientific 

articles [10] to building keyword graphs that visualize large text collections [11]. However, its performance decreases 

when applied to formal or domain-specific texts. Because RAKE ignores syntactic and semantic structures and depends 

entirely on the predefined stopword lists, it often generates overly long or fragmented phrases [7] [12].  

This limitation makes it less effective in capturing the meaning of complex, narrative documents such as accreditation 

assessments. Unlike other unsupervised approaches such as YAKE and TextRank, YAKE relies on multiple statistical 

features and is sensitive to document length and structure [13], while TextRank depends on graph-based co-occurrence 

that disregards sentence-level structure and deeper semantic relations [14]. In contrast, RAKE focuses on simple 

phrase-level extraction, making it computationally efficient and easy to refine for domain-specific linguistic adaptation. 

However, its simplicity also limits the ability to capture deeper contextual and semantic relationships. Therefore, a 

more adaptive approach that preserves RAKE’s efficiency while enhancing its linguistic sensitivity is required to 

address the contextual nuances of accreditation assessment descriptions. 

To address these limitations, this study proposes PRAKE, a tailored modification of the RAKE algorithm for keyword 

extraction in accreditation assessment descriptions. PRAKE introduces three main enhancements such as refined 

preprocessing to structure text more effectively, rule-based phrase refinement through completion, restructuring, and 

semantic composition, and a scoring mechanism that integrates domain-specific term weighting. These components 

enable PRAKE to better capture the linguistic and contextual nuances of long, formal accreditation narratives. The 

objective of this study is to demonstrate that PRAKE provides a lightweight yet context-aware alternative for extracting 

accurate and relevant keywords, thereby supporting assessors in aligning accreditation criteria with the LED. 

2. Related Works 

Within natural language processing, keyword extraction has been framed in two categories: supervised and 

unsupervised [15]. The supervised approach in keyword extraction is generally formulated as a binary classification 

problem, in which phrases in a document are mapped into "keyword" or "non-keyword" classes based on training using 

labelled data. Machine learning models, from Naïve Bayes, SVM, to deep neural networks such as CNN and RNN 

have been widely used to perform this classification [16], [17]. As the pre-trained language model evolves, the 

supervised approach also includes the use of deep learning models such as BERT and RoBERTa, which have shown 

high performance in extracting key phrases contextually, especially on large-scale data. Nonetheless, this approach has 

limitations in terms of the need for large amounts of labelled training data as well as high compute resources, which 

are not always available in every application domain [18]. 

In contrast, unsupervised approaches do not require labeled data and are often lighter to implement, making them more 

practical in domains where annotated corpora are unavailable. These unsupervised methods can be grouped into three 

types: statistical-based, graph-based, and rule-based [19]. Statistical-based methods such as TF-IDF and YAKE use 

the distribution of words in a document to assess relevance, with YAKE specifically incorporating some local features 

such as arithmetic position and capitalization frequency to improve extraction results [13]. This approach is relatively 

simple, but it can result in overly generic keywords if applied to documents with complex structures. Graph-based 

methods, such as TextRank [20] and PositionRank [21], build a network of relationships between words based on the 

co-occurrence in a given text window and then calculate the importance score of the word based on the centrality in 

the graph. Although more context-adaptive than statistical approaches, graph methods generally require more complex 

processing stages and are not always efficient for long documents or with non-explicit sentence structures [22]. 

Among the rule-based methods, RAKE is one of the most widely used approaches due to its lightweight nature and 

non-reliance on training data [6]. RAKE is widely used, but its effectiveness drops in long, domain-specific documents 

with complex sentence structures [12]. A recent study has explored the use of NLP in accreditation assessments [3]. 

However, the focus of the research is still limited to content analysis in general and has not explicitly examined keyword 

extraction as a foundation for automating assessment descriptions. Building on these findings, this study introduces 
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PRAKE, a modification of RAKE designed to address the challenges of narrative and domain-specific accreditation 

documents. PRAKE is designed to be more adaptive to the distinctive linguistic structures and terminology of 

accreditation assessments while preserving the lightweight and unsupervised characteristics of RAKE. 

3. Methodology  

This study introduces PRAKE, a modified version of the RAKE algorithm aimed at enhancing keyword extraction in 

formal institutional documents, particularly the adequacy assessment descriptions used in LAMINFOKOM 

accreditation. These descriptions provide narrative explanations of standards and indicators for evaluating the quality 

of study programs and are often lengthy and complex. The proposed framework consists of six main components such 

as data preparation, preprocessing, candidate phrase extraction, score calculation, keyword selection, and 

testing/evaluation. These components are organized into a sequential yet modular workflow, where each stage produces 

an output that can serve as the input for the next while remaining independently configurable. As shown in figure 1, 

the grey blocks represent the standard steps of RAKE, while the yellow blocks highlight the additional steps introduced 

in PRAKE. 

 

Figure 1. Overall framework of keyword extraction with PRAKE (Modified RAKE) 

As illustrated in figure 1, the PRAKE workflow integrates six components that interact programmatically in a structured 

pipeline. The output of the preprocessing module, which contains clean, tokenized, and POS-tagged text, is used as 

input for the candidate phrase extraction stage, where linguistic rules are applied to identify and organize candidate 

phrases. These candidate phrases, together with the domain term list, are then sent to the scoring module that combines 

RAKE-based and TF-based weights to generate ranked phrase scores. The ranked results are passed to the selection 

module for filtering and thresholding before being evaluated through precision, recall, and F1-score metrics. 

3.1. Data Preparation 

The data used in this study were obtained from the Adequacy Assessment Guidelines document published by the 

Independent Accreditation Institute for Informatics and Computers (LAMINFOKOM). This document contains a 
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description of standards and indicators that are a reference in assessing the quality of study programs in the field of 

informatics and computers and are used by assessors in the accreditation process. Initially, the document was compiled 

in the form of a narrative without an explicit data structure, so a restructuring process was needed so that it could be 

systematically processed for natural language processing purposes. This process is in line with the data structuring 

approach commonly performed in domain-specific document processing [23].  

The restructuring process is carried out by extracting important content from the document and converting it into a 

tabular format using an Excel file (.xlsx). The structured dataset consists of 101 rows of data with three main columns: 

criteria, description, and gt_keyword. The criteria column describes the assessment aspect, the description contains a 

description of indicators or standards in the form of narrative text, while gt_keyword contains a list of manual keywords 

as ground truth [24]. The dataset was initially structured and annotated in Excel format to facilitate manual validation 

by assessors and ease of editing by non-technical contributors. This format was later converted into machine-readable 

CSV file for integration into the NLP processing pipeline.  

The validation of ground truth keywords was conducted by a team of five certified assessors from LAMINFOKOM, 

each with extensive experience in accreditation evaluation. The assessors collaboratively reviewed and verified the 

keywords to ensure alignment with the intended assessment indicators and standards. The validation process followed 

a systematic review procedure, where differences in judgment among assessors were discussed and resolved through 

joint discussions to reach agreement. This collaborative validation ensured consistent interpretation and reliability of 

the final ground truth keywords. In addition to verifying keyword alignment, a team of certified LAMINFOKOM 

assessors also provided qualitative feedback on the readability, completeness, and contextual relevance of the extracted 

phrases. Their feedback ensured that the resulting keywords and phrases not only aligned with the intended assessment 

indicators but also maintained clarity and usefulness for practical accreditation evaluation tasks. 

In this study, the description column was used as the main input for the keyword extraction process, whereas the 

gt_keyword column served as the evaluation reference. The keywords in the gt_keyword column were compiled based 

on the content of the guidelines and had been previously validated to ensure that the ground truth keywords accurately 

represented the assessment context. Rows with blank values in the description field were removed prior to 

preprocessing to maintain data integrity. An example of the structured data format is shown in table 1. 

Table 1. Example of a structured dataset 

Criterion Description Gt_keyword 

C1.1 PENETAPAN (Establishment): Ketersediaan 

dokumen kebijakan, standar, IKU, dan IKT yang 

berkaitan dengan Visi, Misi, Tujuan, Strategi 

(VMTS) UPPS dan PS 

(Availability of policy documents, standards, Key 

Performance Indicators/IKU, and Key 

Targets/IKT related to the Vision, Mission, Goals, 

and Strategy/VMTS of the Study Program 

Unit/UPPS and Study Program/PS) 

Rumusan VMTS UPPS dan PS yang sesuai 

dengan VMTS PT, memayungi visi keilmuan 

program studi dan melibatkan pemangku 

kepentingan internal dan eksternal. 

(Formulation of VMTS of UPPS and PS in 

accordance with the university's VMTS/PT, 

encompassing the scientific vision of the study 

program and involving internal and external 

stakeholders.) 

["rumusan VMTS UPPS" (VMTS UPPS 

formulation), "rumusan VMTS PS" (VMTS PS 

formulation), "VMTS PT" (university VMTS), 

"visi keilmuan program studi" (scientific vision of 

the study program), "pemangku kepentingan 

internal" (internal stakeholders), "pemangku 

kepentingan eksternal" (external stakeholders)] 

C1.1 PENETAPAN: Ketersediaan dokumen 

kebijakan, standar, IKU, dan IKT yang berkaitan 

dengan Visi, Misi, Tujuan, Strategi (VMTS) 

UPPS dan PS. 

(same criterion as above) 

Rumusan strategi pencapaian VMTS UPPS dan 

PS yang memenuhi tahapan yang jelas, dokumen 

yang lengkap dan terkait pencapaian visi misi. 

(Formulation of VMTS achievement strategies for 

UPPS and PS that fulfill clear stages, complete 

documentation, and alignment with the vision and 

mission.) 

["rumusan strategi pencapaian VMTS UPPS" 

(VMTS UPPS achievement strategy formulation), 

"strategi pencapaian VMTS PS" (VMTS PS 

achievement strategy), "tahapan jelas" (clear 

stages), "dokumen lengkap" (complete document), 

"pencapaian visi misi" (vision and mission 

achievement)] 

C1.1 PENETAPAN: Ketersediaan dokumen 

kebijakan, standar, IKU, dan IKT yang berkaitan 

dengan Visi, Misi, Tujuan, Strategi (VMTS) UPPS 

dan PS. 

(same criterion as above) 

Rumusan visi keilmuan PS sesuai KKNI level 6. 

(Formulation of the scientific vision of the Study 

Program in accordance with KKNI/Indonesian 

National Qualifications Framework level 6.) 

["rumusan visi keilmuan ps" (scientific vision 

formulation of the study program), "KKNI level 6" 

(Indonesian National Qualifications Framework 

level 6)] 

3.2. Preprocessing 

The preprocessing stage is an important first step in natural language processing to reduce noise and produce a 

consistent representation of text [25]. In this study, preprocessing was carried out on the description column in the 
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Adequacy Assessment Guidelines document so that it is ready to be processed in the keyword extraction process. There 

are four main stages of preprocessing carried out for the description column in the Adequacy Assessment Guidelines 

document, including lowercasing, text normalization, stopword and POS tagging, and verb filtering. The first stage is 

lowercasing, in which the entire text is converted to lowercase to ensure consistency during the process of word 

separation and frequency counting [26]. This step also helps avoid word duplication due to capitalization differences. 

The second stage is text normalization, which includes the removal of non-alphabetic characters, the replacement of 

symbols (e.g. "&" to "and"), the removal of parentheses and non-essential punctuation, and the equalization of writing 

formatting to produce clean and uniform text [27].  

The third stage is stopword and POS tagging. Stopword tagging is an important step in the preprocessing stage to mark 

words that are classified as stopwords, i.e., common words with high frequency but low informative value in semantic 

representations [28]. In this study, the tagging process was carried out using the Sastrawi library, which provides a list 

of Indonesian stopwords. Words such as  "dari" (from), "dengan" (with), "yang" (which/that), and "untuk" (for) are 

marked but not immediately removed, as these markings are necessary to separate the candidate phrases at the keyword 

extraction stage [29]. In addition, the Part-of-Speech (POS) tagging process was carried out using the Indonesian Stanza 

model to identify word classes such as nouns, verbs, and adjectives. POS information is used for verb filtering and 

phrase structure structuring [30].  

The fourth stage is verb filtering, in which verbs are excluded from keyword candidates, except for certain verbs that 

are semantically relevant in the accreditation context, such as "evaluasi" (evaluation) and "proses" (process). Verb 

filtering is carried out based on the results of POS tagging by utilizing the "VERB" label from the Indonesian Stanza 

model [30]. All verbs identified by the model were excluded from candidate phrases, except for a small subset that 

frequently appeared in the accreditation corpus and were contextually related to assessment activities. This subset 

formed the whitelist of semantically relevant verbs, including “evaluasi” (evaluation), “proses” (process). By 

combining POS-tagging with frequency-based selection, the filtering step preserved domain-specific verbs while 

minimizing the inclusion of generic or context-independent verbs. An example of the text transformation results at 

each preprocessing stage is shown in table 2. 

Table 2. Example of Text Transformation in the Preprocessing Stage 

Stages Output 

Original Text 

Rumusan strategi pencapaian VMTS UPPS dan PS yang memenuhi tahapan yang jelas, dokumen yang 

lengkap dan terkait pencapaian visi misi. 

(Formulation of VMTS achievement strategies for UPPS and PS that fulfill clear stages, complete 

documentation, and alignment with the vision and mission.) 

Lowercasing & Normalization 
rumusan strategi pencapaian vmts upps dan ps yang memenuhi tahapan yang jelas dokumen yang 

lengkap dan terkait pencapaian visi misi 

Stopword Tagging 
rumusan strategi pencapaian vmts upps [STOP] ps [STOP] memenuhi tahapan [STOP] jelas dokumen 

[STOP] lengkap [STOP] terkait pencapaian visi misi 

POS Tagging 

rumusan/NOUN strategi/NOUN pencapaian/NOUN vmts/PROPN upps/PROPN [STOP] ps/PROPN 

[STOP] memenuhi/VERB tahapan/NOUN [STOP] jelas/ADJ dokumen/NOUN [STOP] lengkap/ADJ 

[STOP] terkait/VERB pencapaian/NOUN visi/NOUN misi/NOUN 

Verb Filtering 
rumusan strategi pencapaian vmts upps [STOP] ps [STOP] tahapan [STOP] jelas dokumen [STOP] 

lengkap [STOP] pencapaian visi misi 

The result of this preprocessing stage is text that has been segmented, normalized, and cleaned of unimportant words 

so that it can be used to mark phrase boundaries and define keyword candidates more effectively. 

3.3. Candidate Phrase Extraction 

After the preprocessing stage is completed, the process continues with candidate phrase extraction. This extraction is 

carried out through a rule-based approach that consists of two stages, namely modification of phrase structure and 

phrase segmentation. The first stage, phrase structure modification, aims to refine the phrase structure of the initial 

segmentation results to make it more representative. There are three main techniques used, including phrase 

completion, phrase restructuring, and semantic phrase composition. The first technique, phrase completion, adds the 
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prefix of the previous phrase to the short phrase that appears after it. Without expansion, these short phrases can be 

taken out of context, reducing the quality of keyword extraction. This technique is applied selectively, especially to 

phrases included in the whitelist that have been defined based on typical terms in the accreditation domain, such as 

"PS" (Study Program) or "PT" (Higher Education Institution). For example, if the phrase "ps" appears after “rumusan 

VMTS upps”, then the system will form a new phrase “rumusan VMTS ps” to maintain the integrity of the meaning. 

Figure 2 presents the pseudocode of the phrase completion stage, describing the iterative process used to expand short 

phrases by appending contextual prefixes from preceding phrases. 

 

Figure 2. Phrase Completion Pseudocode 

The second technique, phrase restructuring, restructures phrase structures through merging and splitting. Merges are 

performed on phrases that semantically form a single entity, such as "dokumen" (document) and "lengkap" (complete) 

which are merged into "dokumen lengkap" (complete document). Splitting is applied to long phrases containing more 

than one core concept, for example "ketersediaan fungsi kelembagaan sistem penjaminan mutu internal" (availability 

of institutional function of internal quality assurance system) is separated into "ketersediaan fungsi kelembagaan" 

(availability of institutional function) and "sistem penjaminan mutu internal" (internal quality assurance system). To 

make this process more directed, the system refers to two types of lists, namely a merge whitelist and a split whitelist, 

each containing pairs of phrases that should be merged or separated. This aims to prevent the processing of semantically 

irrelevant phrases. Figure 3 presents the pseudocode of the phrase restructuring stage, showing the procedural steps for 

merging and splitting phrases based on predefined merge and split rules. 

 

Figure 3. Phrase Restructuring Pseudocode 

The third technique, semantic phrase composition, combines scattered elements into new phrases when a semantic 

relation is detected between a base phrase and a variable attribute or entity. As with other techniques, this expansion 

refers to a whitelist that specifies the combination of valid root phrases and attributes to combine. For instance, the 

sentence "ketersediaan sistem pengelolaan fungsional dan operasional UPPS dan PS" (availability of functional and 

operational management systems of UPPS and PS) is expanded into four separate phrases to capture the full semantic 

meaning hidden in this complex sentence structure. Figure 4 depicts the pseudocode logic of semantic phrase 

composition, clarifying how base and target phrases are combined into new composite expressions. 

 

Figure 4. Semantic Phrase Composition Pseudocode 
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The whitelist entries used in phrase completion, restructuring, and semantic composition were derived from frequent 

co-occurrence patterns and domain terminology observed across the accreditation documents. For example, compound 

expressions such as "dokumen lengkap" (complete document) or "fungsi kelembagaan" (institutional function) 

repeatedly appeared across multiple criteria descriptions and were therefore included as valid merge pairs. Similarly, 

the split and composition rules were formulated by observing recurring linguistic structures and semantic relationships 

among phrases in the documents. Although the rule set was handcrafted, its construction was guided by empirical 

domain patterns and contextual relevance rather than arbitrary selection. 

The second stage, phrase segmentation, separates pieces of text into candidate phrases based on the linguistic 

boundaries that have been marked in the preprocessing [31] stage. In this process, the system uses two main types of 

markers: (1) the [STOP] tag assigned to the stopword words through the stopword tagging process, and (2) the result 

of verb filtering, which is a common verb that has been filtered and marked not to be included in the candidate phrase. 

Both types of markers serve as a phrase cut-off point, and any segment formed between them is considered a candidate 

phrase. For easy advanced processing, each border between phrases is marked using a special symbol <s>. 

Table 3. Examples of before and after phrase segmentation 

Before After Phrase Segmentation 

rumusan strategi pencapaian vmts upps  <s> rumusan strategi 

pencapaian vmts ps <s> tahapan jelas, dokumen lengkap  <s> 

pencapaian visi misi <s> 

[rumusan strategi pencapaian vmts upps, rumusan strategi 

pencapaian vmts ps, tahapan jelas, dokumen lengkap, 

pencapaian visi misi] 

3.4. Domain Term Extraction 

Domain term extraction is an important stage in the keyword extraction process that aims to identify key terms in the 

context of program accreditation. The process begins with text preprocessing, including the removal of stopwords using 

a list from the Sastrawi Library [32] that is manually adjusted to match the characteristics of the accreditation document. 

After that, term frequency (TF) calculations are carried out to assess how often words appear in the document. To 

increase relevance, Part-of-Speech (POS) analysis was performed using Stanza to filter word classes [33]. Verbs are 

generally ignored because they are generic, except for a few words such as "evaluasi" (evaluation), "proses" (process), 

and "berkala" (periodic) which are considered important and are still retained. Once the stopwords and common verbs 

are filtered, the remaining words are sorted by their frequency. Based on an exploratory observation of the word 

frequency distribution, the top 30% of terms were found to cover most domain-relevant concepts while reducing noise 

from generic or low-frequency words. Therefore, this threshold was selected as a practical balance between coverage 

and precision. The resulting list of domain terms is then used in subsequent stages of phrase extraction and scoring to 

enhance contextual relevance. 

3.5. Score Calculation 

This score calculation process adapts the basic principles of the RAKE method [6], which calculates word scores based 

on the ratio between degree and frequency. To increase relevance in the context of the accreditation document, this 

method is modified with two main additions: (1) the provision of a boosting score on the domain term, and (2) the 

integration of the RAKE score with the term frequency (TF) weight. This modification aims to make the extraction 

results more sensitive to important terms in the domain while still maintaining the simplicity of RAKE [34]. 

Word frequency measures how often a word appears in a candidate's entire set of phrases. The higher the frequency, 

the more likely it is that the word plays an important role in the topic being discussed [6]. 

Frequency(𝑤) = ∑  

𝑓∈𝐹𝑤

the number of occurrences of w in f (1) 

𝑤 : A word that is evaluated in a phrase. f : The phrase in which the word 𝑤 appears. 𝐹𝑤 : A collection of phrases in 

which a word 𝑤 appears. Frequency(𝑤) : The frequency of occurrence of words 𝑤 in all phrases 

Word degree measures the number of other words that appear along with a word in the same phrase. The higher the 

degree of a word, the more likely it is to be an important link in the phrase structure [6]. 
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Degree(𝑤) = ∑  

𝑓∈𝐹𝑤

(number of words in f-1) (2) 

Degree(𝑤): Degree of a word 𝑤, which is the number of other words that appear along with the word 𝑤 in a phrase 

Building on these two measures, word scoring with domain term boosting calculates the initial score of a word based 

on the ratio between degree and frequency according to the RAKE principle. To increase sensitivity to important terms 

in the context of accreditation, words included in the list of domain terms are given a boosting multiplier. The boost is 

worth more than 1 if the word belongs to the term domain and 1 if it does not. 

Word Score(𝑤) =
Degree(𝑤)

Frequency(𝑤)
 𝑥 𝑏𝑜𝑜𝑠𝑡 (3) 

Finally, the phrase score with TF-weighted scoring. A phrase score is calculated by summing up all the scores of its 

forming words. To increase contextual relevance, the weight of term frequency (TF) is added as a second factor. The 

final score is calculated by a linear combination of the two scores. 

Phrase Score(𝑃) = 𝛼 ⋅ ∑ (
Degree(𝑤𝑖)

Frequency(𝑤𝑖)
)

𝑛

𝑖=1

+ 𝛽 ⋅ ∑ TF(𝑤𝑖)

𝑛

𝑖=1

 (4) 

𝑃: Candidate Phrase. 𝑤𝑖  : the i-word in the phrase. 𝛼, 𝛽 : weights to set the contribution of each score (α+β=1). In this 

study, a α of 0.7 and β of 0.3 were used to combine the RAKE score and the TF domain weight linearly together. 

The weighting ratio of α = 0.7 and β = 0.3 was determined through exploratory tuning to balance the contribution of 

RAKE’s structural co-occurrence score and term frequency weighting. Several proportional combinations (e.g., 0.5–

0.5, 0.6–0.4, and 0.7–0.3) were observed, and the chosen ratio produced the most consistent and contextually coherent 

extraction results. This configuration emphasizes structural relationships between words while maintaining contextual 

relevance through frequency weighting, making it well-suited for narrative accreditation texts. 

3.6. Selection and Filtering 

Selection and filtering aim to filter and select the best phrases from a group of candidates who have gone through the 

score calculation process. First, in the sorting stage, after each candidate's phrase obtains a combined score, all phrases 

are sorted from highest to lowest score. This step is done so that the phrase with the greatest contribution of meaning 

to the content of the document is at the very top, facilitating the next selection process. Next, in the top selection stage, 

phrases whose values are above the median are selected to ensure that only phrases with the most significant semantic 

contribution are taken as prime keyword candidates. To avoid too few results, the system also sets a minimum limit of 

the top five phrases to maintain the usefulness of the extraction results. Finally, in the filtering stage, selected phrases 

are filtered to remove duplicates or meaningless phrases, such as very short phrases or those consisting of only a single 

common word. Only phrases that pass this stage are included in the final list of extracted keywords. 

This selection and screening step is the final determinant of the quality of the extraction results, because it ensures that 

only phrases that are informative, relevant, and representative of the content of the document are used as keywords. 

The use of the median as a threshold aims to balance the trade-off between precision and recall by retaining phrases 

with above-average semantic contribution while filtering out low-relevance candidates. To avoid losing infrequent but 

contextually significant terms, the system also enforces a minimum selection rule that includes the top five phrases 

regardless of score distribution. This approach helps maintain coverage of meaningful but less frequent expressions, 

reducing potential bias toward common phrases. 

3.7. Evaluation Metrics 

In the keyword extraction task, the precision, recall, and F1-score metrics are used to evaluate the model's performance 

in recognizing relevant keywords. Precision measures the accuracy of the model in recognizing the essential elements 

of the overall elements detected by the model. The higher the precision value, the fewer incorrect elements are known 

as essential elements. Recall measures the extent to which the model is able to recognize all the important elements of 
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the data. A high recall value indicates that the model can capture most of the relevant elements. While the F1-score is 

a harmonic mean between precision and recall, it gives an overall picture of the model's performance [35].  

Keyword extraction testing was conducted to assess the model's ability to recognize important keywords from adequacy 

assessment guidelines. The model was evaluated using the precision, recall, and F1-score metrics that have been 

described in Equation 5, Equation 6, and Equation 7 [36]. The ground truth consisted of manually annotated keywords 

that served as reference labels. In this evaluation, True Positives (TP) represent the number of relevant keywords 

correctly identified by the model, False Positives (FP) denote irrelevant words incorrectly identified as keywords, and 

False Negatives (FN) refer to relevant keywords that the model failed to detect [37]. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
True Positives (TP)

True Positives (TP) + False Positives (FP)
 

(5) 

Recall =
True Positives (TP)

True Positives (TP) + False Negatives (FN)
 (6) 

F1-Score =
2 × Precision × Recall

Precision + Recall
 (7) 

True Positives (TP): relevant keywords correctly identified by the model. False Positives (FP): non-relevant words 

incorrectly identified as keywords. False Negatives (FN): relevant keywords that were not detected by the model. 

The evaluation was performed by applying the model to the text of the adequacy assessment guidelines to extract 

keywords relevant to each assessment criterion. Each extracted keyword was then compared with the ground truth to 

measure how accurately the model identified relevant keywords. 

To ensure fair performance comparison across all samples, the evaluation metrics in this study were computed using 

the macro-averaging approach. Precision, recall, and F1-score were first calculated for each individual description and 

then averaged across all 101 data samples. This approach was chosen because each description represents an 

independent accreditation criterion with a different number of reference keywords. Macro-averaging therefore provides 

a balanced view of the model’s overall consistency without being disproportionately influenced by longer descriptions 

containing more keywords. 

In addition to the standard evaluation metrics, a statistical significance analysis was conducted as an additional step in 

the evaluation phase to verify that the observed improvements were not due to random variation. To confirm the 

statistical significance of the performance difference between PRAKE and standard RAKE, a Wilcoxon signed-rank 

test was applied to the paired F1-scores from all 101 samples [38]. The Shapiro–Wilk test, which provides a more 

reliable normality assessment for small- to medium-sized datasets [39], indicated that the data were not normally 

distributed (p < 0.05), making the non-parametric Wilcoxon approach more suitable for evaluating paired performance 

results. 

4. Results and Discussion 

This section presents the evaluation results of PRAKE, the proposed modification of the RAKE model. Evaluation was 

carried out by comparing the extraction results obtained using this method with the results of the standard RAKE 

model. The evaluation process was carried out on 101 description data derived from the Adequacy Assessment 

Guidelines document, using the ground truth keywords as a reference. In addition to metric-based quantitative 

evaluations (precision, recall, and F1-score), word cloud visualizations are also used to provide an overview of the 

distribution and dominance of terms in data sets. The word cloud of top domain terms can be seen in figure 5. 
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Figure 5. Overview of wordcloud of top domain terms (30%) 

Figure 5 is a word cloud visualization that displays the top 30% of domain terms extracted based on term frequency 

after going through data cleaning processes such as stopword removal and general verb exclusion. This visualization 

aims to identify the most prominent and representative terms in the description of the assessment of accreditation 

assessment items. Words with larger sizes indicate a higher frequency, for example: "pelaksanaan" (implementation), 

"proses" (process), "penelitian" (research), "standar" (standard), "evaluasi" (evaluation), and "ketersediaan" 

(availability), which represent key themes in the assessment narrative. This indicates a strong assessment focus on 

aspects of program implementation, standard fulfillment, and support for the tridharma (three pillars of higher 

education: teaching, research, and community service) of higher education. In addition, some smaller words such as 

"penyesuaian" (adjustment), "strategi" (strategy), "dokumen" (document), and "pengelolaan" (management) still 

appear as part of the relevant domain terms, albeit with a lower frequency.  

The word cloud visualization in figure 5 mainly serves an exploratory and illustrative function rather than an analytical 

one. Its purpose is to provide a visual impression of term prominence and thematic distribution within the collection of 

accreditation descriptions, offering preliminary insights before the quantitative evaluation. The subsequent analysis 

focuses on the quantitative assessment of PRAKE’s performance using precision, recall, and F1-score metrics. Each 

extracted keyword was compared with the manually prepared ground truth to measure accuracy in recognizing relevant 

keywords. Table 4 presents sample evaluation results showing the correspondence between the extracted and reference 

keywords along with their respective precision, recall, and F1-score values. 

Table 4. Sample Evaluation per Line using the Proposed Method (PRAKE) 

Description Extracted Keyword From PRAKE Ground Truth Keyword Precision Recall 
F1-

Score 

Rumusan VMTS UPPS dan PS yang sesuai dengan VMTS PT, 

memayungi visi keilmuan program studi dan melibatkan pemangku 

kepentingan internal dan eksternal. 

(Formulation of VMTS of UPPS and PS in accordance with the 

university's VMTS, encompassing the scientific vision of the study 

program and involving internal and external stakeholders.) 

visi keilmuan program studi, pemangku 

kepentingan eksternal, pemangku kepentingan 

internal, rumusan vmts ps, rumusan vmts upps 

(Scientific vision of the study program, external 

stakeholders, internal stakeholders, formulation of 

VMTS of the study program, formulation of 

VMTS of UPPS) 

rumusan vmts upps, rumusan vmts ps, 

vmts pt, visi keilmuan program studi, 

pemangku kepentingan internal, 

pemangku kepentingan eksternal 

(Formulation of VMTS of UPPS, 

formulation of VMTS of the study 

program, VMTS of the university, 

scientific vision of the study program, 

internal stakeholders, external 

stakeholders) 

1 0.83 0.91 

Rumusan strategi pencapaian VMTS UPPS dan PS yang memenuhi 

tahapan yang jelas, dokumen yang lengkap dan terkait pencapaian 

visi misi. 

(Formulation of VMTS achievement strategies for UPPS and PS that 

fulfill clear stages, complete documentation, and alignment with the 

vision and mission.) 

dokumen lengkap, pencapaian visi misi, rumusan 

strategi pencapaian vmts ps, rumusan strategi 

pencapaian vmts upps, tahapan jelas 

(Complete documents, achievement of vision and 

mission, formulation of strategies for achieving 

VMTS of the study program, formulation of 

strategies for achieving VMTS of UPPS, clear 

stages) 

rumusan strategi pencapaian vmts upps, 

strategi pencapaian vmts ps, tahapan 

jelas, dokumen lengkap, pencapaian visi 

misi 

(Formulation of strategies for achieving 

VMTS of UPPS, strategies for achieving 

VMTS of the study program, clear stages, 

complete documents, achievement of 

vision and mission) 

1 1 1 

Rumusan visi keilmuan PS sesuai KKNI level 6. 

(Formulation of the scientific vision of the Study Program in 

accordance with KKNI/Indonesian National Qualifications 

Framework level 6.) 

kkni level 6, rumusan visi keilmuan ps 

(KKNI level 6, formulation of the scientific 

vision of the study program) 

rumusan visi keilmuan ps, kkni level 6 

(Formulation of the scientific vision of the 

study program, KKNI level 6) 

1 1 1 

Keterlaksanaan VMTS UPPS dan PS yang sesuai dengan VMTS PT, 

memayungi visi keilmuan Program Studi dan melibatkan pemangku 

kepentingan internal dan eksternal. 

(Implementation of VMTS of UPPS and PS in accordance with the 

university's VMTS, encompassing the scientific vision of the Study 

Program and involving internal and external stakeholders.) 

visi keilmuan program studi, pemangku 

kepentingan eksternal, pemangku kepentingan 

internal, keterlaksanaan vmts ps, keterlaksanaan 

vmts upps 

(Scientific vision of the study program, external 

stakeholders, internal stakeholders, 

implementation of VMTS of the study program, 

implementation of VMTS of UPPS) 

keterlaksanaan vmts upps, keterlaksanaan 

vmts ps,vmts pt, visi keilmuan program 

studi, pemangku kepentingan internal, 

pemangku kepentingan eksternal 

(Implementation of VMTS of UPPS, 

implementation of VMTS of the study 

program, VMTS of the university, 

scientific vision of the study program, 

internal stakeholders, external 

stakeholders) 

1 0.83 0.91 
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After evaluating each record, the precision, recall, and F1-score values were averaged to obtain the overall performance 

of the proposed method. Table 5 summarizes the comparison between PRAKE and the standard RAKE model. 

Table 5. Model Evaluation Average 

Model Precision Recall F1-Score 

PRAKE (proposed method) 0.90 0.83 0.85 

Standard RAKE 0.59 0.67 0.62 

From table 5, it can be seen that the PRAKE consistently shows better performance than the standard RAKE, with a 

precision value of 0.90, a recall of 0.83, and an F1-score of 0.85. In comparison, standard RAKE obtained a precision 

of 0.59, a recall of 0.67, and an F1-score of 0.62. These results show that the modifications made to the RAKE algorithm 

are able to significantly improve both precision and recall, which is reflected in an increase in F1-score of almost 10 

points compared to the standard version. To clarify the performance comparison between the models, figure 6 shows 

the precision, recall, and F1-score values of the two approaches in the form of a bar graph. 

To ensure that the observed improvement in performance was not due to random variation, a statistical significance 

analysis was performed using the Wilcoxon signed-rank test on the paired F1-scores from all 101 evaluation samples. 

The test yielded a test statistic of W = 3390.0 with a p-value < 0.01, confirming that the improvement achieved by 

PRAKE over the standard RAKE is statistically significant at the 99% confidence level. This result demonstrates that 

the enhancements introduced in PRAKE, particularly the phrase restructuring process and the domain term weighting 

mechanism, contribute to a consistent and reliable improvement rather than a random effect. As illustrated in figure 6, 

PRAKE consistently achieves higher precision, recall, and F1-score compared with the standard RAKE. 

 

Figure 6. Comparison Chart of Standard RAKE and PRAKE Evaluation Values 

As shown in figure 6, PRAKE performs better than the standard RAKE across all evaluation metrics. The most notable 

improvement is in precision, which means that the phrases generated by PRAKE match the ground truth keywords 

more accurately. This improvement is mainly the result of PRAKE’s ability to adjust phrase boundaries and apply 

domain-specific term weighting, so irrelevant fragments are reduced and incomplete phrases are avoided. In addition, 

the balanced rise in recall and F1-score shows that PRAKE can capture a broader range of relevant keywords while 

still maintaining high precision. Taken together, these results suggest that the modifications in PRAKE, particularly 

phrase restructuring and semantic composition, make it more effective for handling accreditation documents that are 

typically long and filled with domain-specific terminology. To further illustrate this improvement, table 6 presents an 

example of keyword extraction results from a single line of description, comparing PRAKE with the standard RAKE. 

Table 6. Example of Extraction Results 

Description PRAKE Standard RAKE Ground Truth Keyword 

Rumusan VMTS UPPS dan PS yang sesuai dengan VMTS PT, memayungi 

visi keilmuan program studi dan melibatkan pemangku kepentingan internal 

dan eksternal. 

visi keilmuan program studi, 

pemangku kepentingan eksternal, 

pemangku kepentingan internal, 

rumusan vmts ps, rumusan vmts 

upps 

memayungi visi keilmuan 

program studi, melibatkan 

pemangku kepentingan internal, 

rumusan vmts upps, vmts pt, ps, 

eksternal 

rumusan vmts upps, rumusan vmts ps, vmts 

pt, visi keilmuan program studi, pemangku 

kepentingan internal, pemangku kepentingan 

eksternal 
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(Formulation of VMTS of UPPS and PS in accordance with the university's 

VMTS, encompassing the scientific vision of the study program and 

involving internal and external stakeholders.) 

Rumusan strategi pencapaian VMTS UPPS dan PS yang memenuhi tahapan 

yang jelas, dokumen yang lengkap dan terkait pencapaian visi misi. 

(Formulation of VMTS achievement strategies for UPPS and PS that fulfill 

clear stages, complete documentation, and alignment with the vision and 

mission.) 

dokumen lengkap, pencapaian visi 

misi, rumusan strategi pencapaian 

vmts ps, rumusan strategi 

pencapaian vmts upps, tahapan 

jelas 

rumusan strategi pencapaian 

vmts upps, terkait pencapaian 

visi misi, memenuhi tahapan, ps, 

jelas, dokumen, lengkap 

rumusan strategi pencapaian vmts upps, 

rumusan strategi pencapaian vmts ps, 

tahapan jelas, dokumen lengkap, pencapaian 

visi misi 

Rumusan visi keilmuan PS sesuai KKNI level 6. 

(Formulation of the scientific vision of the Study Program in accordance with 

KKNI/Indonesian National Qualifications Framework level 6.) 

kkni level 6, rumusan visi keilmuan 

ps 

rumusan visi keilmuan ps, kkni 

level 6 
rumusan visi keilmuan ps,kkni level 6 

Keterlaksanaan VMTS UPPS dan PS yang sesuai dengan VMTS PT, 

memayungi visi keilmuan Program Studi dan melibatkan pemangku 

kepentingan internal dan eksternal. 

(Implementation of VMTS of UPPS and PS in accordance with the 

university's VMTS, encompassing the scientific vision of the Study Program 

and involving internal and external stakeholders.) 

visi keilmuan program studi, 

pemangku kepentingan eksternal, 

pemangku kepentingan internal, 

keterlaksanaan vmts ps, 

keterlaksanaan vmts upps 

memayungi visi keilmuan 

program studi, melibatkan 

pemangku kepentingan internal, 

keterlaksanaan vmts upps, vmts 

pt, ps, eksternal 

keterlaksanaan vmts upps, keterlaksanaan 

vmts ps,vmts pt, visi keilmuan program studi, 

pemangku kepentingan internal, pemangku 

kepentingan eksternal 

PRAKE is able to capture a more complete phrase structure, while the standard RAKE model often breaks phrases into 

separate units of words. This shows the advantages of the context extension and phrase control approach at the 

preprocessing and extraction candidate stages. The results of the experiment showed a number of important findings 

that confirmed the effectiveness of the modifications made to the RAKE algorithm. First, the addition of a boosting 

mechanism to the term domain combined with weighting based on term frequency was observed to improve the 

relevance of keyword extraction results. Words that often appear in the context of the accreditation domain, such as 

"strategi" (strategy), "kebijakan" (policy), "penelitian" (research), and "pengabdian masyarakat" (community service), 

earn higher scores because they're given additional weight. This makes the system more sensitive to semantically 

important terms in the accreditation guideline. 

In addition, the use of POS-tagging-based phrase separation as well as special rules based on sentence structure makes 

a clear contribution to forming more precise phrase candidates. Unlike standard RAKE, which separates phrases based 

only on stopwords, this approach is able to recognize the natural limits of phrases that are more syntactically and 

semantically accurate. For example, phrases such as "dokumen pengelolaan pkm lengkap" (complete community 

service management document) or "monitoring kesesuaian penelitian mahasiswa" (monitoring of student research 

conformity) were recognized as meaningful units, rather than split into less informative parts. 

Another important finding was the emergence of long phrases (three to five words) among the top-ranked keywords. 

Under the standard RAKE, such phrases often received low scores or failed to appear at all, since the algorithm tends 

to prioritize shorter candidates. By modifying the scoring mechanism, PRAKE became more tolerant of longer, 

information-rich phrases particularly when they contain domain-relevant terms. According to the assessors’ qualitative 

feedback, the phrases generated by PRAKE were generally clearer, more informative, and more contextually relevant 

for accreditation evaluation than those produced by standard RAKE. While some of these phrases were longer, the 

assessors noted that the added length contributed to greater completeness and clarity rather than redundancy. Overall, 

these findings indicate that the proposed approach improves not only quantitative performance (precision, recall, and 

F1-score), but also the qualitative aspect of the extracted keywords. The extracted keywords are more representative, 

contextual, and reliable to support assessors in matching information within the LED. Nevertheless, PRAKE remains 

a rule-based method, which means its effectiveness still depends on handcrafted rules and domain-specific weighting. 

Future work may focus on refining these rules or combining PRAKE with machine learning approaches to achieve 

greater adaptability. 

5. Conclusion 

This study proposes PRAKE, a modified version of the RAKE algorithm, to improve keyword extraction in the 

LAMINFOKOM Adequacy Assessment Guidelines document. PRAKE incorporates POS tagging-based verb filtering, 

rule-based phrase segmentation, and domain-specific term weighting using term frequency (TF). This approach 

addresses the weaknesses of the RAKE standard in extracting long phrases and relevant terms in the context of 

accreditation. The results of the evaluation showed an increase in performance with a precision value of 0.90, a recall 
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of 0.83, and an F1-score of 0.85. The resulting phrases are also more representative and in accordance with the 

accreditation terminology. Overall, PRAKE contributes to the automation of keyword extraction, particularly for 

matching the scoring criteria and the content of the LED.  

Future work may focus on refining these rules and developing a hybrid model that integrates PRAKE’s rule-based 

framework with embedding-based methods such as BERT to enhance semantic similarity measurement and synonym 

expansion, thereby improving the model’s overall performance on keyword extraction tasks. In addition, mitigating 

PRAKE’s reliance on handcrafted rules and fixed thresholds through automatic rule tuning, adaptive threshold 

optimization, or embedding-based contextual weighting could further improve its robustness. Furthermore, although 

this study focuses on the accreditation domain, PRAKE’s modular design allows adaptation to other text domains by 

adjusting the domain lexicon and phrase segmentation rules. This adaptability will be explored in future cross-domain 

validation studies to evaluate the model’s generalizability and scalability. 
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