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ABSTRACT

The process of deriving software requirements from descriptive docu-
ments is a crucial one for software engineering. Unfortunately, this can
be a laborious and time-consuming process when done by hand. We pre-
sent DRE! In this work, a framework for the automatic extraction of func-
tional requirements from system descriptions in an Indonesian based lan-
guage. A structured workflow for the proposed approach The system is
then responsible for data acquisition based on a predefine list of actors.
(then take some preprocessing and parse the sentence structure using
word dependency) One important component in DRE! is the actor detec-
tion phase. During this stage, the system can also look back to earlier
sentences for context. Afterwards actor based templates are applied to
generate the requirements extracted. Similarity between requirement
statements is calculated using cosine similarity to eliminate redundancy.
We evaluated DRE! using eight diverse datasets from the software de-
scription field. The F1 scores for all but one of the eight datasets are in
the range between 0.76 and 0.88, which indicates good performance. The

best case result was achieved on the “EdulLearn” dataset with a score of
F1 “0.88”. However, it performed lower on the “LogiWare” dataset (F1
score of 0.52), which can mainly be assigned to a high amount of false
positives. These findings suggest that although DRE! can well serve the
purpose of automating requirements extraction its performance is ulti-
mately dependent on the general clarity and style of writing in the input
document.

zulfigar.naufal.ft@um.ac.id

I. INTRODUCTION

n this digital era, software is basically the backbone for almost everything we do, from banking and healthcare

to the apps on our phones. It’s the main thing that drives innovation and makes business operations more

efficient [1]. However, we are evolving these systems with increasing complexity by the day; a random
approach will only get us so far. This is the reason why we require a systematic and disciplined way of working in
order to ensure that the development is successful. Such fundamentals are why Software Engineering (SE) is
absolutely necessary and is what gives skeleton to complex requirements, construction of a system to reach the
technical target [2], [3].

The requirements engineering (RE) phase is more than the figure, as it belongs to the software development life
cycle. Failure to identify requirements accurately in this stage, can create 'snowball effect' kind of scenarios leading
to over-budgeting, delays or complete flop of the project [4]. In a gist, quality of a software product often comes
down to how well the team really understands what they are actually building [5]. The task of discovering and
recording this information is, we refer to true pieces as requirements elicitation [6], quite complex due to the fact
that it flows from different players in a rather obscure form.

In order to address these problems, an increasing number of SE researchers are trying to automate requirement
extraction from documents such as system descriptions [6]. However, there are many tools and research in this area
that is only available for English because they have the largest amounts of datasets and linguistic resources. It’s a
different story in Indonesia. Actually, there are very few public datasets available for software requirements

637
DRE!: A Rule-Based Software Requirement Extraction Framework for Indonesian Documents


https://jurnal.stkippgritulungagung.ac.id/index.php/jipi
http://issn.pdii.lipi.go.id/issn.cgi?daftar&1457736067&1&&2016
https://doi.org/10.29100/jipi.v11i1.9357
mailto:zulfiqar.naufal.ft@um.ac.id

Journal homepage: https://jurnal.stkippgritulungagung.ac.id/index.php/jipi
ISSN: 2540-8984
Vol. 11, No. 1, March 2026, Pp.637-643 J I PI

JIPI (Jurnal Ilmiah Penelitian dan Pembelajaran Informatika) I.& //I

extraction [7]. Filling this gap is a significant challenge for local researchers and practitioners that want to create
or test extraction methods that actually work in our context.

There are. In fact, several studies have already been conducted in the Indonesian context. For example, Haris et
al. [8] provide an approach that works for automated features extraction from SRS (Software Requirement
Specification which is the very nerve of SPLE (Software Product Line Engineering). One more interesting study
was conducted by Raharjana et al. [9] examined deriving requirements in the User Story format (the who, what,
and why do you remember?) but they used online news as their source instead of normal documents. In both of
these studies, rule-based methods achieved the desired results using POS Tagging and Dependency Parsing.

While some of the techniques are shared, our study is actually quite separate since we apply these linguistic
tools. First, the DRE! framework relies on formal system description documents as the source of data, which is
orders of magnitude more structured than anything like online news. Second, we aim to create actor-oriented
functional requirements based on boilerplate process rather than feature extraction targeting for SPLE or user story
creation. Third, we accomplish actor detection with an existing list augmented by context-infused in the form of
previous sentences. Contrast this with the NER-based methods employed in those other studies.

That's why we research how to build a DRE! namely a framework that we designed, specifically for extracting
functional requirements from system descriptions in Indonesian automatically. We try to offer two main things by
using a linguistics analysis rule based approach. I) First, we would like to offer the means to automate the
requirements elicitation process. Secondly, we are hoping this could be a starting point to tackle the shortage of
resources for software engineering text processing for Indonesian language.

II. RESEARCH METHODS

List of System
Actor Description

Data Preprocessing

Word Dependency
Parsing

Annotated
Sentences
Get actor in every
sentences

rveﬁ Nc—l
Requirement Requirement Check the actor
Patterns Construction in the previous
sentence
Similarity Check
Get the previous
sentences

Software
Requirement

Fig 1 DRE! Framework

|

We follow a multi-step, systematic workflow to extract functional requirements as part of our research method-
ology. (1) Data Acquisition The process begins by preparing a system description document and listing the actors
involved Then, (2) Data Preprocessing is performed for cleaning the text and then (3) word dependency parsing.
The most critical part of the System is (4) Actor Detection. In this case, the system reads through every sentence
looking for an actor from our list. If it doesn’t find one from the context, we added a mechanism to check the
previous sentence for a contextual reference. The system, once identified an actor, proceeds to the next step (5)Re-
quirement Construction where it maps a sentence against certain Requirement Patterns that can further breakdown
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into structured content. Lastly, we perform step (6) Similarity Checking. So, make sure this exercise is held to
avoid repetitive requirements and have a clean output of Functional Requirements in the end.

A. Data Acquisition

We used the public dataset called 'Indonesian Software Descriptions' as our data source for this study [10]. This
particular dataset was chosen because it aligns best with the Indonesian-language context. Also, their annotations
are pretty substantial, so it was really beneficial for our research.

TABLE 1
DATA OVERVIEW OF INDONESIAN SOFTWARE DESCRIPTION DATASET

Label #Actor  #Requirements
BuildTech 3 25
LogiWare 2 11
Quickship 5 15
EduLearn 3 17
EduTech 2 13
EduSkill 3 15
BeautyCare 3 13
FastMed 3 13
Total 24 122

TABLE 1 provides information on the 'Indonesian Software Descriptions' dataset [10]. We selected eight text
documents from the collection to use in our study. We selected these particular documents to achieve a good bal-
ance between document length. We also wanted to ensure that there is enough variation in the total number of
requirement sentences, which we use as our groundtruth.

These descriptions are used as raw input which our system uses to extract requirements. The original researchers
labeled software requirements, a total of 122 sentences (threats), as these were not present in the initial prediction.
We treat this collection as our ‘gold standard’ or ground truth. Essentially, it’s what we utilize for measuring and
evaluating how accurate our framework’s extraction results actually are.

B. Data Preprocessing

The raw software descriptions that will be extracted still go through a series of steps to prepare, clean and
structure the text before we start extracting data. This preprocessing stage is really significant since it directly
influences the quality of our analysis as well as the accuracy of the model. To begin with, we perform case folding
which means transforming all letters in the documents to lower-case. The here goal is simple, we want to standard-
ized the data such that same word with different capitalization i.e, 'konstruksi' and 'Konstruksi' have treated as exact
same token. Then we pass the words through POS Tagging which analyzes each word in a sentence and assigns it
a label based on its corresponding part of speech like Noun(NN), Verb(VB), Adjective(JJ) [11]. This process tags
the data with structural information. This POS tag info is so critical for the next things, finding out the syntactic
patterns (such as specific verb pattern) pointing to a need.

C. Word Dependency Parsing

Word Dependency parsing follows after preprocessing. This means that the aim here is to parse or to analyse
each sentence grammatically into syntactics, so that the system understands how those words can relate to one one
another« [12]. Basically, this meth Essentially, this technique outlines the asymmetric correlation between a head
word (the governor) and its dependentsod maps out the 'asymmetric' relationship between a 'head' word (the gov-
ernor) and the words that depend on it, called 'dependents' [ 13]. This results in what’s known as a dependency tree,
which expresses the grammatical function of each word, like how a subject is connected to its main verb (the root)
and one an object.

For example, if you have the phrase Admin dapat mencetak laporan bulanan (Admin can print the monthly
report), this parser will find that Admin is a nominal subject (nsubj) on verb mencetak (print) and laporan (report)
as its direct object (dobj). What I mean with the structure detection is that the system can actually get what each
word in a sentence means and what context it belongs to, rather than just read it as a list of words. The output
generated here is a set of tagged sentences that we use as the main input for the next step.

D. Get Actor in Every Sentences

Once we have all these annotated sentences from the parsing stage, can go into Actor Detection. The next step
simply has the system examine sentence by sentence to find an actor. We do this through the preconfigured actor
list we created during data preparation.
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So what do you do if a sentence doesn’t specifically name an actor? To handle this we built a simple referencing
system. The system scans the last sentence o learn which subject is being mentioned and infers that this same
subject is now the actor of this new sentence as well. This is an essential step, because it makes sure that every
possible sentence has a specific subject in mind when we move on to the next part of the process.

E. Requirement Construction

Once any sentence is connected to an actor, it enters the final stage: Requirement Construction. Here the goal
is to refine these candidate sentences into a well-structured complete coherent set of functional requirements.

In this case, we used a modified version of Rupp’s boilerplate to frame our software requirements [14] Fig 2.
According to weakest one or/or higher level attacker of "The System' by default, Subject of requirement will always
be system Evoker in template of Rupp. In our case though, we wanted something more flexible.

<process>

Provide
[<When?> <under The System Should <Whom?> Obiect [<additional detail
what conditions?>] <System name> with the ability ! about the object>]
to <process>
—
Be able to
<process>

Fig 2 Rupp's Boilerplate

But to retain the usefulness and clarity of that template, we went for an actor-oriented adaptation (shown below
in Fig 3). The most significant change we made was replacing the fixed 'The System' subject with dynamic
placeholders for the Actor, [9], [15], [16], [17]. This modification goes hand in hand with the logic of our workflow;
the system just needs to take this actor info it found during the previous detection on each image and fill out this
placeholder. Then the actors are put in their right spot in the final requirement sentence format.

One of the really nice things about this actor-centric approach is that it has several big advantages. To begin
with, it makes its requirements statements more direct and to the point [18], [19], [20]. Second, it’s much easier to
read and understand the context as the reader can see immediately who is actually using or benefiting from the
functionality [21], [22]. Lastly, this format is spot on with cutting edge software development trends e.g. User
Stories in Agile. In the same way as those techniques, we put the user, or actor, at the heart of our requirement.

——

Shall <process>

Provide
[<When?> <under Subject Should <Whom?> Obiect [<additional detail
what conditions?>] (Actor, System) with the ability I about the object>]
to <process>
Wil Be able to
<process>
~_ /

Fig 3 The Rules of DRE! Framework

F. Similarity Check

In NLP, we use Cosine Similarity as a metric to determine the similarity of two sentences. This is interesting,
because this does not even take into account the length of the sentences; rather, it calculates the cosine (angle)
between two vectors in multidimensional space. From this we get some score from 0 to 1. A score of 1 indicates
that the two sentences are essentially identical and a score of 0 means they don’t share any words.

For real-world applications, setting an appropriate threshold on the cosine similarity is somewhat context-de-
pendent. In some situations, 0.1 to 0.15 is all that is necessary. In fact, in an identification system for comparing
tattoo images the researchers applied a threshold value (0.15) to avoid that potential matches would be missed; In
this particular case they reviewed images that surpassed this score, which led to recall rate 1.0 and a reduction of
manual labour of 20% [23]. Similarly, a book recommendation system used dates > 0.1 to filter relevant books and
attained precision 0.7 and recall of 0.73 [24]. On the other hand, in case of security or authentication, this threshold
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becomes a highly sensitive parameter. Testing and experimental to find out the false positive, versus the false
negative ratio can often result in achieving a better outcome [25].

In order to do so, in this study we set up a similarity threshold of 0.45 to remove identical requirement sentences
for redundancy . This means that the system will treat two sentences as duplicates if their similarity score is above
this threshold. When it does so, it keeps one by default and discards the rest. As a result, the list of requirements
can contain much less duplicitous information. We make sure to perform this filtering right before transforming an
individual unique sentence into the requirement template during the final construction step.

III. RESULTS AND DISCUSSION

This chapter presents the main results of our research on automating the extraction of software requirements. In
Section 6.3, we intentionally applied the proposed system on some datasets of software description to extract func-
tional requirements as discussed in previous chapter. We will start with some of the quantitative findings. We
evaluated the model with four common metrics to see how well it didn't really do: Accuracy, Precision, Recall and
F1-Score. These metrics allow us to determine how correct and complete our extractions according to the ground
truth.

We’ll drill into a more detailed conversation after we cover some numbers. But first we will decode what those
metric scores actually mean about the quality of our method. Next, we will analyze several qualitative case studies.
We’ll look at how well the system got things right (True Positives) and where it failed (False Positives, False
Negatives). So this error analysis is not even a bad thing because it allows us to take a deeper insight in the weak-
nesses and strengths of our current workflow.

A. Results

This graph summarizes the diversity of text volumes our system had to deal with and displays the differences
between our eight software datasets for description lengths in Fig 4. Vertical axis (Y) represents the absolute num-
ber of words per document and horizontal axis (X) corresponds to name of each software.

From the chart, it is clear that the lengths of descriptions differ from dataset to dataset. For example, 'BeautyCare'
with the longest description of contents in 449 words and '"LogiWare' with 428 words. At the other end of the scale,
'BuildTech' is also the shortest 355 words.

The rest of the datasets is somewhere in between. ‘EduLearn’ is 416 words, ‘Quickship’ has 393. After this, there
are also 'FastMed', 'EduTech' and 'EduSkill', to name a few, which come in quite similar length between 382 words
and down to 365 words. On the whole, it turns out that our test data is not one-size-fits-all, with a settling of almost
100 words between the longest and shortest theory.

Between the opening act and DRE's performance! In the proposed framework, quantitative findings are
presented in TABLE 2. This table summarises the model performance over all eight datasets. The first lists the test
cases and each row is dedicated to a specific case. The first column (#Req) gives the true number of functional

450

requirements in that document (ground truth), while the second one (#Extracted) the number of requirement can-
didates actually returned by the system.
428 416 449
400 gsg 598 378 365 382
350
30
25
20
15
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5
0
& & R N & & &
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& W Si S o
L ) @} S S >
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o O O O O O

Q& A

Fig 4 Diversity of Software Description Length
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Next, we evaluated the model performance using Confusion Matrix-based standard metrics. This matrix records
three things; True Positives(TP)—the actual requirements we mined, False Positives(FP) sentences the system mis-
takenly identified as a requirement and False Negatives (FN) -genuine requirements which did not get captured by
the system. Four metrics were calculated (Accuracy, Precision, Recall and F1-Score) based on the above values.

For instance, the following is an example with the 'BuildTech' dataset. The 25 real requirements, were extracted
in 23 sentences by our systems. If we dig a little deeper into the results, there are 20 TPs, 5 FPs and 3 FNs. Calcu-
lating the numbers, this yields us a Precision equals to 0.87 Recall equals to 0.80 and an F1-Score equal to 0.83 So
we did this for the other seven datasets in order to summarize how the system behaved in each specific scenario.

TABLE 2
RESULT EXTRACTION OF DRE! FRAMEWORK

Confusion Matrix

Label #Req #Extracted TP FP__FN Accuracy  Precision Recall F1-Score
BuildTech 25 23 20 5 3 0.71 0.87 0.80 0.83
LogiWare 11 20 8 12 3 0.35 0.40 0.73 0.52
Quickship 15 14 11 3 4 0.61 0.79 0.73 0.76
EduLearn 17 19 15 2 2 0.79 0.88 0.88 0.88
EduTech 13 15 11 2 2 0.73 0.85 0.85 0.85
EduSkill 15 17 13 2 2 0.76 0.87 0.87 0.87
BeautyCare 13 16 12 3 1 0.75 0.80 0.92 0.86
FastMed 13 18 13 5 0 0.72 0.72 1.00 0.84

B. Discussion

TABLE 2 It shows results, and confirms that the method achieves a reasonable performance although clearly
this works much better with well written descriptions. Both models were learned on F1-Scores whose performance
received between 0.76 to 0.88 in the case of 7 from 8 databases. "Edul.earn' was the most successful one reaching
a fine 0.88 for Precision, Recall and F1-Score. Having said that, when the planets align, this model is both accurate
and complete at the same time.

But we discovered a prominent outlier as well: The 'LogiWare' dataset scored an F1—Score of just 0.52. Digging
deep into the confusion matrix, we problem down to.low Precision (0.40). From the 20 sentences that were ex-
tracted by the system, only 8 were indeed valid requirements (TPs), while 12 counted as false positives (FPs). In
this case, the model seems to have been too ambitious, marking non-operational sentences as requirements. This
likely happened, because the "LogiWare' text is slightly more on the 'nervous' side that it can probably use words
such as 'can’' or 'will' in contexts that aren't necessarily requirements and might have tricked our pattern matching
rules.

Now let’s see another interesting case, ‘FastMed’ has 1.00 Recall score. This implies that no requirements were
missed by the system (FN=0). But it did come with a cost: It also had 5 false positives, so the precision was down
to 0.72This really highlights the traditional tug of war between Precision and Recall. Our rules are relatively broad,
which is great to not leave anything on the cut floor but this does come with a risk of putting in junk sentences too.

Ultimately, these results illustrate that source document clarity is paramount in this case. Performance, oddly as
we noted in Fig 4, does not seem to correlate with length of document. 'BeautyCare' document was the longest
across all of these, yet's it values for F1-Score remains in good place: 0.86. The implication is that it’s the nature
of the narrative and lack of ambiguity that really drive how well the model performs.

IV. CONCLUSION

This study was centered on doing construction and testing of DRE!, which is used to facilitate the extraction of
a functional aspect of the requirements from Indonesian descriptions of systems. The results of our evaluation on
eight different datasets show that the methodology works well and achieves its main goals. This enables the frame-
work to efficiently identify and convert candidate sentences into a structured, actor-based representation.

Our primary result indicates that a rule-based approach in conjunction with linguistic analysis, such as depend-
ency parsing, and a list of pre-defined actors should be an effective strategy (shown in Tables 3 and 4). The high
F1-Scores we noticed in a lot of our searches confirm this. LogiWare taught us that the main weakness in the system
lay behind how document is written. We learned that the quality of the narrative, not documentation length, is what
truly matters with respect to accuracy. We hope that, in the end, this research provides a useful workflow to reduce
the manual work that istypically required for requirements elicitation.
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There's plenty of scope to improve the system, however; while the results are a good start, they could be even

better. In terms of future work, we foresee two major improvements: (1) To decrease False Positives found in 'noisy’
texts, further studies could use machine learning or deep learning models (e.g., BERT). This would allow the sys-
tem not only to perform simple pattern-matching, but also to focus on distinguishing general descriptions from
actual requirements. (2) A hybrid approach would be the next step as our current actor detection is dependent only
on a predefined list. This information allowed us to essentially filter out cases that - while they may be of interest
from a NER perspective - simply didn't have key actors and clearly weren't going to happen when we ran them
against the list.
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