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Systems are developed as a solution to the problem space defined by their requirements. The
requirements are acquired during the elicitation process. The creative nature of the elicita-
tion process, proprietary nature of requirements, the need of extensive preprocessing, and
the diverse techniques for analysis restricts the development of a requirement dataset. There
exists no standard method to create a requirement dataset. Thus, we devise a semi-formal
method to create a multi-purpose open-source requirement dataset that harnesses human
knowledge in the system requirement specification documents (SyRSDs). We devise a
method to extract a tree from each SyRSD. Our dataset has three forms. (1) ReqList, a
list of requirements from 86 distinct systems with their document structure in pure text
form. The 12,701 requirements are ready to leverage natural language processing tech-
niques and unsupervised machine learning techniques; (2) ReqNet, a large network of
requirements consisting of 17,375 nodes to deploy graph-theoretic algorithms for require-
ment engineering. ReqNet portrays small-world network characteristics with an average
distance of ≈ 9.5619 links; (3) ReqSim, a dataset consisting of 10,933 pairs of requirements
annotated with their similarity scores. ReqSim enables sentence-level supervised learning
tasks to exploit the semantics of requirements. The similarity scores are coherent with
human knowledge. The dataset is grounded by the tree structure of SyRSDs. The tree struc-
ture resonates with the hierarchical nature of the requirement allocation process. The
ReqList, ReqNet and ReqSim dataset will facilitate the deployment of modern computing
algorithms for requirements engineering. [DOI: 10.1115/1.4065786]

Keywords: requirements engineering, requirement dataset, natuaral language processing,
network analysis, machine learning, graph theory, model-based systems engineering,
knowledge engineering

1 Introduction
Engineering systems are developed to satisfy the needs of their

stakeholders [1,2]. The needs are transformed into requirements
to serve as a formal agreement between the stakeholders over the
system’s development cycle. These requirements define the
problem space, whereas the system under development defines
the corresponding solution space. The requirements are iteratively
decomposed into low-level requirements during requirement alloca-
tion to delineate the problem space effectively [3,4]. Furthermore,
these requirements, which formalize the idea of the system, are con-
tinually revised during the system development process based on
the evolving constraints [5]. Requirement engineering (RE) is the

process that manages the requirements to comprehend the
problem space better to develop a better solution space by the
system. The cost to fix defects in systems grows exponentially if
they are fixed in the design or code or development or operations
phases, which succeed the requirements phase [6]. It is crucial to
delineate the requirements early in the system design process to
avoid system failure, time, cost, and resource overruns [7]. RE
spans from the elicitation of requirements to the representation/
modeling, analysis (such as traceability, change propagation, prior-
itization), documentation, verification, and validation [8].
All the RE tasks are contingent upon acquiring a set of require-

ments during the elicitation process. The lack of an RE dataset
and a method to create any RE dataset is evident by the plenty of
research papers focusing on identifying requirements from source
documents by classifying if a particular sentence is a requirement
or not [9,10]. Unlike the abundance of NL corpora, requirement
datasets are scarce because of the following reasons. First, as
requirements are a product of system ideation, having access to
detailed requirements can disclose the system under development.
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The organization risks losing its competitive edge. Second, it is a
challenging task to acquire a set of well-formed requirements
with all the characteristics of ISO/IEC/IEEE 29148:2018 [11].
Third, the creative nature of the requirement elicitation process
and the ensuing human involvement during elicitation limits the
number of elicited requirements. Fourth, having a dataset that is
usable for all the tasks of RE is challenging. We need to create mul-
tiple variants of the dataset to enable multi-faceted analysis. Finally,
as the requirements vary depending on its domain and application,
annotating the requirements for any specific analysis (such as traces,
dependence) becomes a resource-intensive task. Thus, most of the
existing RE work happened in silos with small requirement datasets.
Reference [12] emphasized the necessity of a good requirement
dataset to foster progress in RE.
The overarching goal of our research is to offer a multi-purpose

requirement dataset in order to accelerate requirement analysis. As
the requirements are elicited in natural language, they call for
natural language processing (NLP) techniques for analysis [13].
The requirements are recorded in a system requirement specification
document (SyRSD). Even though matrix-based representations are
widely used to represent requirements [14], a hierarchical tree
structure was endorsed by the NASA System Engineering Hand-
book [15] and the INCOSE Needs, Requirements, Verification, Val-
idation Lifecycle Manual [16]. The tree structure opens the portal
for deploying network analysis techniques. Furthermore, the
limited capability of rule-based NLP techniques has plateaued
their utility for requirement analysis, especially in RE applications
involving the semantics of requirements. Artificial intelligence
(AI) techniques emerged as a promising solution to capture the
semantics in RE [17]. Nonetheless, the lack of a pertinent require-
ment dataset hinders the full-fledged adoption of AI in RE.
We create the requirement dataset from the SyRSDs. Our dataset

is underpinned by the tree structure extractable from the SyRSDs.
Our work attempts to address the fourth research direction from
the review of semantic networks for engineering design by Han
et al. [18], a comprehensive knowledge graph of requirements
with a framework to extend it further. We seek the answers to the
following research questions (RQ). RQ1: How to represent the
requirements in SyRSDs? Can a tree structure be extracted from
the requirements in SyRSDs? RQ2: How to compute the semantic
similarity between pairs of requirements? To answer these RQs,
we adopt a semi-automatic method [19] to create an open-source2

[20] requirement dataset by reusing requirements from existing
open-source SyRSDs. The process is illustrated in Fig. 1. While
doing so, we make the following contributions:

(1) We devise a method to represent the requirements from a
SyRSD as a tree. We refer to these requirement trees as
ReqTrees.

(2) We formulate a method to compute the semantic similarity
between pairs of requirements from the SyRSDs.

(3) We release three different forms of data to accelerate require-
ment analysis as follows:
(a) ReqLists: lists comprising of 12,701 requirements in pure

text form acquired from 86 SyRSDs. They only contain
the requirements and corresponding clause numbers to
retain their structure. Their document structure supple-
ments them as the metadata. ReqLists are ready to use
NLP and unsupervised machine learning (ML) tech-
niques without further data preprocessing.

(b) ReqNet: a large network of requirements consisting of
17,375 nodes to facilitate graph-theoretic investigations
for RE. It assembles the ReqTrees of 86 distinct systems.

(c) ReqSim: a dataset consisting of 10, 933 pairs of require-
ments annotated with their similarity scores. The similar-
ity scores align with human knowledge [21]. ReqSim, the
first dataset that estimates the pairwise similarity among

requirements, enables sentence-level supervised learning
tasks.

The remainder of the paper is organized as follows. Section 2
offers a critical appraisal of related research work and positions dif-
ferent components of our work. Section 3 proposes a formal method
to (1) extract a tree of requirements from SyRSD and (2) compute
the semantic similarity of pairs of requirements. The results of the
formal method proposed in Sec. 3 deployed on SyRSDs are delib-
erated in Sec. 4. It includes the sources of the data and preprocess-
ing for reproducibility of the results. Section 5 discusses the utility
of ReqList, ReqNet, and ReqSim. Lastly, Sec. 6 concludes our work.

2 Literature Review
2.1 Requirement Datasets. The requirement datasets are

scarce because of the reasons discussed in Sec. 1. The most used
requirement dataset is the PROMISE non-functional requirements
dataset [22]. It contains 625 requirements in the form of a list.
Most of the RE work leveraged this dataset. Notably, most of the
requirement datasets contain less than a hundred or just a few
hundred (often <1000) requirements pertaining to a single system
(Fig. 4). The best available open-source requirements dataset is
the PUblic REquirements (PURE) dataset [23]. It is an aggregation
of publicly available SyRSDs from the web in their native forms.
While the corpus spans diverse domains, the data are quite
restricted in terms of its utility owing to the extensive preprocessing
it entails. We offer a requirement dataset in which the data are avail-
able in the native form, as well as in a clean list form and a network
form, with their semantic similarity scores. Our dataset facilitates
multi-faceted analysis as they are variants with the same core set
of requirements. Additionally, we offer a formal method to
expand the corpus.

2.2 Representation of Requirements. Requirements are rep-
resented in mathematical forms to enable analysis. The representa-
tions can be broadly split into four categories. In the simplest form,
the elicited requirements are represented as lists [24]. The lists need
minimal preprocessing of requirements. Thereby, the information
content of lists is minimal. SysML models are widely used [5] by
RE professionals. SysML does not have the entity type, “need,”
nor the associated need diagrams [2]. SysML cannot represent the
behaviors of sets of requirements. Matrices offer a generic and
flexible form of representation [14]. The versatility of matrices can
be attributed to their effectiveness in capturing the correspondence
between pairs of objects, such as requirements-to-requirements for
allocation and traceability, requirements-to-systems/components,
and requirements-to-tests for verification and validation. Design
structure matrices [25], house of quality modeling schemes [26]
are a few instances of matrix-based approaches. Networks are
another form of representation [27]. Networks and matrices are
interconvertible. The requirement allocation produces a tree struc-
ture as the requirements are decomposed into low-level ones
during allocation [15,16]. Our tree form of representation, which
is more specific than networks, extracts the requirement allocation
in a SyRSD.

2.3 Semantics of Requirements. The semantics of require-
ments allows us to understand unknown concepts and requirements
by comparing and contrasting the subjectivity and imprecision of
requirements expressed in NL. Most of the RE work that focus
on the semantics of requirements restrict themselves to word-level
semantics instead of sentence-level semantics. They leverage
word-level semantics [28] to classify if a sentence is a requirement
(to extract requirements [9,10]); or categorize requirements into
functional and non-functional requirements, and other categories
[29,30]. Techniques focusing on sentence-level semantics supple-
ment word-level semantics with other information like syntactic
and word-order information [31]. Greedy pairing, optimal matching

2TheReqList, ReqNet and ReqSim dataset is available at https://github.com/
ChandanKSahu/ReqList_ReqNet_ReqSim with DOI:10.5281/zenodo.10976096
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are a few techniques of acquiring sentence level semantics from
word-level semantics [32].
However, utilizing word-level semantics for comparing require-

ment sentences questions the credibility of those methods as they
(1) ignore the order of the words in the requirement sentences and
(2) fail to capture the contextual information offered by the com-
position of keywords [33]. Thus, the focus is minimal on other RE
tasks such as generating requirements, identifying redundancy and
contradiction, semantic traceability, and predicting change [13].
The key impediments include the need for (1) a germane dataset;
and (2) sentence-level semantics of requirements. Furthermore,
vector semantics based on sentence-embeddings are not yet fully
adopted for usage in RE. While the sentence-embeddings can be
used for inference in RE, their utility is restricted due to the unavail-
ability of a dataset or a method to compute the semantic similarity
among requirements to fine-tune the sentence-embedding models.
Our method of computing the semantic similarity between

requirements is inspired from lexical semantics, such as WordNet
[34], which enable computing the semantic similarity between
words. The underlying idea is to construct a graph of the words
and leverage the graph-theoretic distance to compute the similarity
[35,36]. Such approaches assume that two objects are similar if their
distance is short. The distances have been scaled [37,38] to over-
come the fact that the semantic distance between nodes at different
levels of the taxonomy are not same. More fine-grained concepts are
semantically more similar than high-level concepts. We adopt a
hierarchical weighing scheme to incorporate these generalizations
to compute the semantic similarity between requirements. Further-
more, we incorporate the document-level similarity to consider the
highest level of semantic similarity, which is between the SyRSDs.
Our method of computing semantic similarity leverages the tree
structure of requirements created by RE professionals, thereby har-
nessing the implicit information stored in the SyRSDs.

3 Methodology
Our representation of requirements is based on the clause

numbers of the requirements in a SyRSD. These clause numbers
are unique identifiers of the requirements in their SyRSD.
The requirements are referred by these clause numbers during
discussions and changes. The clause numbers in SyRSDs follow
two types of numbering: sequential numbering (e.g., 2021—
ReqView.pdf) and/or hierarchical numbering (e.g., 2022—Mobile-
Surveillance.pdf) [39]. Often, they are used together where the
requirements follow a sequential order within the hierarchy of the
SyRSD. Sequential numbering is used with (e.g., 2004—SGVTF
Integration.pdf) or without (e.g., 2005—clarus low.pdf) a categori-
cal prefix. The prefix, part of the clause number preceding the ter-
minal separator, indicates the order of the requirement in the
document’s structure expressed by the sections and subsections.
We parse the clause numbers of the requirements to create a path

from the requirement node to the document node to construct a
tree. The process extracts the ancestor nodes of the requirement
node. The path passes through the ancestor nodes to reach the docu-
ment node which serve as the root node.

3.1 ReqTree: Tree of Requirements From a SyRSD. We
create a requirement tree for each SyRSD. Our network creation
process is inspired by creating a tree from the table of contents of
a document. We illustrate the tree creation process by considering
a set of requirements as shown in Fig. 2. Consider a requirement
R1 with clause number c1.c2.c3.c4. Here R1 belongs to the chapter
c1 and lies in the sub-sub-section c1.c2.c3. We prefix the clause
number with the document node making the clause number as
D.c1.c2.c3.c4. This clause creates the nodes D, D.c1, D.c1.c2,
D.c1.c2.c3, and D.c1.c2.c3.c4 in the tree where the node
D.c1.c2.c3.c4 corresponds to R1. The nodeD.c1.c2.c3.c4 is a require-
ment node and others are non-requirement nodes. It creates the
edges (D,D.c1), (D.c1,D.c1.c2), (D.c1.c2,D.c1.c2.c3), (D.c1.c2.c3,
D.c1.c2.c3.c4) by connecting each pair of nodes according to their
order in the clause D.c1.c2.c3.c4. Essentially, each separator
becomes an edge. This process creates a path from the requirement
node D.c1.c2.c3.c4 to the document node D where the path passes
through the ancestor nodes of the requirement. The path is a tree
rooted at the document node D.
The same method is followed for all the clauses in the extracted

list of requirements. The succeeding requirements will use the
nodes/edges already appended to the tree, and non-existing nodes/
edges will be added to the tree to add new requirements. The
requirement R2 with clause number c1.c2.c3.c4.c5 will create only
one new node D.c1.c2.c3.c4.c5 and add the requirement R2 to it. It
will create a new edge (D.c1.c2.c3.c4, D.c1.c2.c3.c4.c5) to connect
to the tree. The requirements R3 with clause number c1.c2.c3 will
not add any new node or edge as the corresponding node is

Fig. 1 Computational framework to create ReqList, ReqTree, ReqNet, and ReqSim from SyRSDs: (a) SyRSD: system require-
ment specification documents, (b) ReqList: list of requirements, (c) ReqTree: tree of requirements of a system, (d ) ReqNet:
network of requirements, and (e) ReqSim: Pairs of requirements with their similarity scores

Fig. 2 Illustration of the tree creation process using a set of
sample requirements
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already in the tree. R3 will be added to the node D.c1.c2.c3. If no
requirement exists for the clause c1.c2.c3 in the extracted list of
requirements, the node D.c1.c2.c3 will remain as a non-requirement
node. The requirement R4 with clause number c1.c2.c6.c7 will
add the nodes D.c1.c2.c6 and D.c1.c2.c6.c7 and the edges
(D.c1.c2, D.c1.c2.c6), (D.c1.c2.c6, D.c1.c2.c6.c7). Now, the require-
ment R5 with clause number c8.c2.c3 belongs to chapter c8 in the
document D. Adding R5 will add the nodes D.c8, D.c8.c2, and
D.c8.c2.c3 and the respective edges as shown in Fig. 2. This tree,
rooted at the document node D, has two subtrees. The first
sub-tree is rooted at the node D.c1 corresponding to Chapter c1 in
the SyRSD in which the requirements R1, R2, R3, and R4
exists. The other sub-tree is rooted at the chapter node D.c8 to
which the requirement R5 belongs. Exclusion of the document
node D would create a forest with each tree rooted at the chapter
nodes.
The ReqTree is essentially a collection of the paths from the

requirements nodes to the document node D. We refer to this tree
of requirements as ReqTree, and denote as T . The general mecha-
nism for creating a ReqTree from a ReqList is illustrated in Algo-
rithm 1. The ReqTree is essentially a system-requirement tree. A
closer look at the SyRSDs reveals that the requirements are listed
under sections and subsections of the SyRSD. Thus, the sections
and subsections of the SyRSD become the branch nodes in the
tree. The requirements in the SyRSD become the leaf nodes. The
document becomes the root node. As we parse through the clause
numbers of requirements, the ancestors of the requirement nodes
(e.g., sections and subsections) also get added to the ReqTree.
The nodes in the ReqTree correspond to the sub-system or compo-
nents or functions or operational states of the system because the
sections and subsections of the SyRSD specify them. Each edge
reflects the decomposition of the parent node’s role into child
nodes. As the high-level sub-systems/functions/requirements/
operational-states decompose into low-level ones, the ReqTree
reflects the requirement allocation process. Allocation of functions
as in data flow diagrams, states as in state diagrams, goals, or capa-
bility from the stakeholder scenarios are a few examples of hierar-
chical allocation in SyRSDs [40].

Algorithm 1 Construction of ReqTree

Input : ReqList
Output : ReqTree

1 for each clause number in ReqList do
2 Prefix the clause number with a document node;
3 Extract the nodes and append to a list;
4 Extract the edges and append to a list;
5 end
6 Extract all the unique nodes;
7 Extract all the unique edges;
8 Create a network with the set of unique nodes and edges;

3.2 ReqNet: Network of Requirements From Multiple
SyRSDs. The distance between a pair of requirements in the
ReqTree, T , allows us to compare any pair of requirements from
the same SyRSD. To compare a pair of requirements spanning
across two different systems, we need to connect those systems.
We achieve this by joining the trees. We define a global node (G)
as the root node to connect the ReqTrees of any two systems. The
underlying idea of connecting the trees is that all the systems are
components of a global system. This idea is inspired by computing
the distance between disconnected synsets in WordNet [41], where
WordNet uses a simulated root node to compute the distance which
is otherwise infinity [42]. Moreover, we connect ReqTrees from
multiple SyRSDs to the global root node to form a huge require-
ment network to compare any pair of requirements. We refer to
this requirement network as ReqNet, denoted as N . ReqNet is an
unweighted undirected tree. Mathematically, the ReqNet can be

expressed as

N =
⋃N

i=0

{G} ∪ Ti (1)

where N represents the number of SyRSDs.

3.3 Weighted Tree. The similarity between a pair of require-
ments can be computed from the distance between the correspond-
ing nodes in ReqNet. The distance in ReqNet reflects the number of
edges to be hopped to reach one requirement from another. The
number of edges to be traversed is a coarse measure of distance.
It has a significant shortcoming. The unweighted distance ignores
the difference between comparing a pair of requirements within a
ReqTree and across a pair of ReqTrees (see Fig. 3). It lays equal
importance to both cases. Conceptually, requirements within the
same ReqTree are more similar than those across different ReqTrees
as the latter pertain to different systems whereas the former is from
the same system. The latter should produce a larger distance. Thus,
we convert the unweighted ReqTrees to weighted ReqTrees.
The unweighted ReqTree can be converted to a weighted

ReqTree by leveraging the requirement allocation process
[4,16,43]. We adopt two methods to acquire the weighted trees.
Our first consideration is that “all the non-reducible requirements
are allocated with equal importance.” The leaf nodes are the non-
reducible nodes in the ReqTree. Thus, we allocate a unit weight
to each of the edges connecting the leaf nodes of the ReqTree and
propagate the weights until the root node. This consideration
adopts a bottom-up mode of weight update. The bottom-up alloca-
tion mimics the system design behavior where the system is
designed based on existing or reusable components. Reverse engi-
neering [44], component analysis and interface analysis methods
give rise to a bottom-up requirement allocation. The second consid-
eration is that “all the requirements allocated from the same parent
requirement are allocated with equal importance.” We start by allo-
cating a unit weight to the edges connected to the root node of the
ReqTree. Then, we distribute the weight equally among its child
nodes until we reach the leaf nodes. The second consideration trans-
lates to a top-down mode of weight update. The top-down approach
mimics the system design behavior where the system is designed
using functional analysis or structural analysis. The higher-level
requirements/systems/functionalities are decomposed into a set of
low-level requirements/systems/functionalities that satisfy the
parent node upon composition. The weight update starts by

Fig. 3 Comparison of unweighted distance from 3.2.1 to
1.2.1.1.1 (within the a ReqTree) with 3.2.1 to 1 (across ReqTrees)
in a notional ReqTree
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considering the unweighted undirected ReqTree (UUT) as an
unweighted directed ReqTree (UDT) and ends as a weighted undi-
rected ReqTree (WUT). Mathematically, the weight update process
starts with nodes with in-degree zero and terminates with nodes
with out-degree equal to zero during execution in either mode.

3.3.1 Bottom-UpMode. We temporarily consider the UUT as a
UDT where the edges are directed away from the leaf nodes toward
the root node. The weight update process starts at the leaf nodes in
the bottom-up UDT. The in-degree of the leaf nodes is 0, and the
out-degree of the leaf nodes is 1. A unit weight is allocated to
each edge outgoing from the leaf nodes as all the leaf nodes are
equally important. These are the same edges that are incoming to
the parents of the leaf nodes. The in-degree of these branch nodes
is ≥ 1, whereas their out-degree equals one. Then, we update the
weight of the only outgoing edge from the parent nodes with the
sum of the weights of the incoming edges. The process continues,
and terminates upon reaching the root node, whose out-degree is
zero. The weight update process can be mathematically written as

wbu(v
out) =

∑

v∈T
wbu(v

in) (2)

where w represents the weight; vout and vin represent the edge out-
going and incoming to the vertex v in the ReqTree, T . The subscript
bu denotes the bottom-up mode of weight update. The bottom-up
mode of weight update translates to an additive mode of weight
update.

3.3.2 Top-Down Mode. Alternately, in the top-down mode, we
consider a UDT where the edges are directed away from the root
node toward the leaf nodes. The weight update starts at the root
node, whose in-degree is zero. We allocate a unit weight to each
edge outgoing from the root node. The root node’s child nodes
(or branch nodes) have an in-degree of 1 but an out-degree of ≥1.
As all the child nodes of a node are equally important, the weight
of the incoming edge of the node is equally distributed among its
outgoing edges. The process terminates upon reaching the leaf
nodes, whose out-degree is zero. Mathematically, the weight
update process can be written as

wtd(v
out) =

wtd(vin)
|Γ(vout)| , v ∈ T (3)

where,w represents the weight; vout and vin represent the edge out-
going and incoming to the vertex v in the ReqTree T . |Γ(vout)|
denotes the number of edges outgoing from the node v. The sub-
script td denotes the top-down approach of weight update. The
top-down mode of weight update translates to a divisive mode of
weight update.

3.3.3 Weight Normalization. The weighted trees suffer from
exploding (in the additive mode) or vanishing (in the divisive
mode) weights. The weights become system-dependent and
become too large or too small in the case of large trees. An
adverse consequence of these exploding/vanishing weights is that
any comparison between the requirements of the two systems will
be affected by the number of requirements listed for each of
them. So, we normalize the weights of the ReqTree to make all
the systems equally important. The weights of the edges are
scaled by double the weight of the tree, as shown follows:

wu,v =
w(u, v)

2
∑

u,v∈T w(u, v)
(4)

where w(u, v) denotes the weight of an edge connecting a pair of
nodes u and v in the ReqTree T . Normalization with double the
tree’s total weight slashed the maximum distance of a requirement
from the global root to 0.5. Thus, the distance between a pair of
nodes is ≤ 1. The weighted trees are denoted as Tw. Algorithm 2
summarizes the bottom-up mode of weight update with weight
normalization.

Algorithm 2 Conversion of an unweighted ReqTree into a
weighted ReqTree using the bottom-up approach

Input ReqTree
Weighted ReqTree

1 Extract adjacency matrix of ReqTree;
2 Identify the leaf nodes;
3 Consider the leaf nodes as the initial set of child nodes;
4 while child nodes ≠ root node do
5 Find parent nodes of the child nodes;
6 for each parent node do
7 In the adjacency matrix, wout

parent ←
∑

win
parent

8 end
9 child nodes ← parent nodes;
10 end
11 Normalize the weights of the adjacency matrix;
12 Construct a weighted tree from the updated adjacency matrix;

3.3.4 Weighted ReqNet. The weighted ReqTrees of all the
RSDs are connected to the global root node to construct the
weighted ReqNet. Mathematically

N w =
⋃N

i=0

{G} ∪ Tw
i (5)

where N w is the weighted ReqNet. The weighted ReqNet offers a
fine-grained measure of the distance between pairs of require-
ments following the practices of requirement allocation. It
aligns better with human judgment. The weighted distances over-
come the shortcomings (See Sec. 3.3) of unweighted distances as
the weights accumulate toward the root node. Since the path
between two requirements across two systems passes through
the root node, the weighted distances become higher. The dis-
tance between a pair of requirement nodes within a ReqTree is
low as their connecting path does not pass through the root
node. This is in coherence with human knowledge that a pair
of requirements from the same system are more similar (from
the same ReqTree) than a pair from different systems (from dif-
ferent ReqTrees).

3.4 ReqSim: Similarity of Requirements. Our method of
computing the semantic similarity rely on the assumption that the
requirements are semantically organized in the SyRSDs. The foun-
dation of this assumption is that the creators of the SyRSDs orga-
nize the requirements based on their similarity. In other words,
the creators aggregate similar requirements and segregate dissimilar
requirements. The ReqTree captures this organization of require-
ments. Second, the distance between a pair of requirement nodes
in the tree reflects their semantic similarity [35,36].
We leverage ReqNet, N w, to compute the similarity between

pairs of requirements. As ReqNet has three variants, we will
have three different distances between a pair of requirements.
And, correspondingly, three different similarity scores: a coarse-
grained similarity, an additive fine-grained similarity, and a divi-
sive fine-grained similarity. We can construct the ReqNet to
compute the distance between any pair of nodes and the similarity.
We use the path similarity [42,45], the reciprocal of the distance
incremented by one, to compute the similarity between a pair of
requirements. The path similarity did not consider the similarity
across the source SyRSDs where the pair of requirements exists.
Thus, we incorporate the document-level similarity, defined as
the similarity between a pair of SyRSDs, into the path similarity.
The similarity between a pair of requirements Ri and Rj is
defined as

Sim
N

(Ri, Rj) =
Sim(Di, Dj)

1 + Dist
N

(Ri, Rj)
(6)

where Ri ∈ Di and Rj ∈ Dj.
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4 Data Curation and Results
4.1 Data Sources—SyRSDs. Our principle of creating this

dataset is based on requirement reuse. In accordance with the prin-
ciples of systematic literature review [46], we have queried for the
keywords (ϕ OR System OR Software) AND (Requirement Specifi-
cation) OR (Document) OR (ϕ OR PDF OR WORD OR HTML).
Additional queries include Requirement Dataset and SRS. The
search string in each query consists of multiple keywords. One
keyword is selected from the keywords within each parentheses
based on the “OR” condition. The selected keyword is included/
excluded from the search string based on the “AND/OR” condition
preceding the enclosing parentheses. An example query is “System
Requirement Specification Document.” It includes a keyword from
the first, second, and third parentheses. It excludes the keyword
from the fourth parenthesis using the “OR” condition preceding
it. ϕ indicates that the keyword from the parentheses is optional,
as in the query “Requirement Specification Document” which
makes the first keyword optional. The queries have been made in
Google Scholar3, Google Search,4 Google Dataset Search,5

GitHub,6 ACM Digital Library,7 IEEE Xplore,8 ScienceDirect,9

and SpringerLink.10 We excluded the results from the search
based on the following criteria. First, the search results that
lacked a structure in the SyRSDs are discarded, as the structured
clause numbers are crucial to our tree structure. Second, the
SyRSDs that focus exclusively on use-case scenarios where the
requirement statements omit the subject or object of the sentences
are excluded. Third, we excluded the SyRSDs created as part of
capstone projects. We included only six SyRSDs created from cap-
stone projects that had a consistent structure for diversity. Based on
the number of SyRSDs retained, Google Search produced the best
results, followed by Google Dataset Search and Github. While
GitHub produced the most results, almost all were capstone pro-
jects, which led to their exclusion. Our search results have discov-
ered the PURE dataset [23]. The exclusion criteria rejected 25 out of
the 79 documents from the PURE dataset. We added 32 more
SyRSDs and created a dataset comprising 86 SyRSDs.

4.2 Data Preprocessing. The requirements are organized log-
ically in the source SyRSDs to ease their interpretation to the reader
[24]. Predominantly, the system/software RSDs follow IEEE Std
1233-1998 [47] and IEEE Std 830-1998 [48] guidelines irrespective
of the form (such as PDF, HTML, DOC, XLS) of the SyRSDs.
SyRSDs graciously use tables, sub-clauses, figures, flowcharts,
and cross-references to ease interpretation and texts in different

forms (bold, italics, underlines) to emphasize. They vary signifi-
cantly from each other in terms of their structure, e.g., order and
inclusion of header/footer. Over two-thirds of the SyRSDs con-
tained unstructured content [23]. Additionally, the requirement
statements contain modal verbs such as “has,” “have,” “must,”
and “should” in addition to “shall.” These facets hinder the deploy-
ment of any standard NLP technique to extract the requirements.
Thus, we adopted a semi-automatic method to extract requirements
from these documents [19]. We only used automated text process-
ing techniques to convert the PDF/DOC/ HTML documents into pure
text form. We extracted the requirements manually.
The automated conversion to pure text form has a few unique

characteristics requiring manual cleaning. It discards raster
images. It extracts the text from vector images (e.g., flowcharts)
and tables by ignoring their structure. We discarded such informa-
tion completely. We initiated the manual processing by comparing
the extracted texts with their source SyRSDs. We removed the titles,
table of contents, headers, and footers, and other texts which are not
requirements. Annotations, such as “M” for mandatory and “O” for
optional requirements (e.g., 2007—ertms.pdf, 2014—Minutia.pdf)
or traces (e.g., 2021—Connected Vehicle Pilot NYC.pdf, 1997—
Modis.pdf), are ignored. Often, the documents contain requirements
with sub-clauses and bullet points. If they cannot be split into differ-
ent requirements due to their common context, we packed the bullet
points in a single clause. The conversion from PDFs to texts accrued
noise, such as fragmented words, additional line breaks, and con-
joined words. The line breaks were removed. Fragmented words
were merged, and conjoined words were split using a word
processor.
During the manual cleaning of the extracted texts, we retained the

structure of the RSDs by keeping the hierarchical order within the
documents. As the structure is reflected by the hierarchical ordering
(sections, subsections, clause numbers, etc.), we retained the
section/clause numbers. In the absence of a unique clause number
or if there are multiple requirements in a single clause, we allocate
a unique clause number to each requirement based on its position in
the SyRSD. For instance, if clause 2.1 has two requirements, we
used 2.1.1 and 2.1.2 to have a unique clause number corresponding
to each of those requirements. If clause 2.1 contains two require-
ments and 2.1.1 also includes a requirement, we used 2.1.0.1 and
2.1.0.2 to allocate unique clause numbers to them. This structure
is crucial because it is created by a domain expert who has orga-
nized the document logically [49,50] to ease comprehension.
After preprocessing, we created a clean list of requirements from

each SyRSD with their corresponding unique clause numbers, pre-
serving the structure of the SyRSD. It is referred to as ReqList.
Each of the ReqList is supplemented with its metadata to capture
the contextual information. The metadata file includes the hierarchi-
cal structure (e.g., system → sub-system → component) of the
SyRSD. The number of requirements extracted from each source
document is shown in Fig. 4. The 54 SyRSDs from the PURE
[23] dataset produced 7310 requirements even though they
include 34,268 sentences. Our 32 SyRSDs added 5391 require-
ments. ReqList has 12,701 requirements from 86 systems.

Fig. 4 Distribution of requirements in ReqLists

3https://scholar.google.com/
4https://www.google.com/advanced_search
5https://datasetsearch.research.google.com/
6https://github.com/
7https://dl.acm.org/search/advanced
8https://ieeexplore.ieee.org/search/advanced
9https://www.sciencedirect.com/search/entry
10https://link.springer.com/advanced-search
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4.3 ReqNet: Network of Requirements. The 86 ReqTrees
created from the 86 SyRSDs are assembled as per Sec. 3.2 to
create the ReqNet. Figure 5 shows the ReqNet with 17,375 nodes.
It has 12,701 requirement nodes and 4674 non-requirement nodes.

4.4 ReqSim: Similarity of Requirements. The ReqNet, a
union of all the ReqTrees, is a huge network with heavy resource
demand. We adopt specific properties of trees to ease the computa-
tion ofDist(Ri, Rj). The path that connects a pair of nodes in a tree is
unique. In the case of ReqNet, a tree, the unique path connecting a
pair of requirements connects the corresponding ReqTrees. The
path passes through the global node, G, if the pair of requirements
pertain to different ReqTrees. The path is a subset of the union of the
paths from the selected requirements to the global node, G. So, we
avoid using the complete ReqNet while computing Dist(Ri, Rj) by
leveraging the path of the requirements from the global node. The
distance between a pair of requirements can be computed if their
paths from the root node and the weights of the connecting edges
are known. We extract the weights of the edges along the path
that connects each requirement node to the global node. Then, the
requirements are randomly paired, and the graph-theoretic distances

between the pairs are calculated. We compute the additive distance
as well as the divisive distance. Then, we factor in the document
similarity to compute the semantic similarity between the pair of
requirements. This is illustrated in Algorithm 3.
To estimate the similarities across different SyRSDs, we com-

puted the embeddings of the SyRSDs. The 512 token limits of
most transformer-based models [51] deem them unsuitable for
embedding SyRSDs as the number of tokens in a SyRSD far
exceeds 512 tokens. Thus, we embed the ReqLists and their corre-
sponding metadata using the Longformer-Encoder-Decoder model
[52], which has a token limit 16,384. The document similarity,
Sim(Di, Dj) ∈ [0.3623, 1]. The document similarity is the highest
when the two documents are identical.

Algorithm 3 Construction of ReqSim

Input : ReqLists of all systems
Output ReqSim

1 for ReqList of each SyRSD do
2 Construct the ReqTree (See Algorithm 1);
3 Convert the unweighted ReqTree to a weighted one (See Algorithm 2);
4 for each clause number in a ReqList do
5 Find and store the weights of the edges connecting to the global

root node;
6 end
7 Pair the requirements within the system;
8 end
9 Assemble the ReqLists of all the systems;
10 Shuffle and pair the requirements of the assembled list;
11 Merge the two kinds of requirement pairs;
12 for each requirement pair do
13 Compute the graph-theoretic distance between each pair;
14 Estimate the similarity between the requirement pairs while factoring

the document similarity (Eq. (6));
15 end

Random pairing of the requirements produces a distribution of
the weighted distances where the data are biased toward dissimilar
requirements against similar requirements (see Fig. 6). The reason
being that the highly similar requirements are at the tail end of
the distribution. Moreover, if a reference SyRSD has 10 require-
ments and the dataset has 100 requirements, there is a 90% proba-
bility that a requirement will be paired with a dissimilar requirement
in case of random pairing. So, we additionally paired the require-
ments within a document with each other (Step 7 in Algorithm 3)
to include more similar pairs. 12, 701 requirements from ReqLists
produced 6350 pairs. We created an additional 4583 pairs by
pairing the requirements within SyRSDs. We set a maximum
limit of 100 pairs from any document to prevent any system from
dominating the highly similar pairs. Overall, we have 10,933
requirement pairs with their semantic similarity scores.

5 Discussion
5.1 ReqList. ReqList, being a list of requirements of a system,

is cleaner and closer to the source SyRSDs. Most RE applications that
can be practiced on SyRSDs can be practiced on ReqLists. The
primary one is NLP for RE [13,53]. We quote a few ideas for poten-
tial applications. First, the ReqLists can serve as the ground truth
benchmark for research works that focus on identifying and extract-
ing requirements from source SyRSDs [54,55]. Second, the require-
ments can be related and traced among each other using clustering
techniques and word frequency-based techniques. Moreover,
system-to-requirement level traces can be established by deploying
NLP techniques on the ReqLists and their corresponding document
structure. Third, the requirements can be evaluated for complying
with linguistic rules for compliance to ISO/IEC/IEEE
29148:2018(E) [11]. Fourth, if NLP techniques deployed on the
ReqList discover its ReqTree, it will eliminate the need for manual

Fig. 5 ReqNet—A network of requirements

Fig. 6 Histogram plot of fine-grained distances in the bottom-up
and top-down approaches
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structuring of the requirements for documentation. Lastly, ReqLists
are well-suited for deploying unsupervised or self-supervised learn-
ing techniques. For instance, the requirements in ReqList can help
in prompting generative AI tools to generate requirements.

5.2 ReqTree. An effect of the weighted ReqTrees is that the
parent nodes (one degree of separation) accumulate more weight
as the number of children increases. Alternately, the similarity
between a requirement and its child requirements reduces as the
number of child requirements increases. The effect of weight accu-
mulation gets further amplified as we compare a requirement with
its grandparents and other higher ancestors (≥ 2 degrees of separa-
tion). This aligns with requirement allocation, where the correlation
between parent and child requirements reduces as the parent
requirement is decomposed into more child requirements. Due to
weight accumulation, a requirement shares more similarities with
its siblings than its grandparent requirement, even though both
are two edges apart.
We want to emphasize that weighted trees are essential for com-

puting the semantic similarity. Our weighing methods consider
either the leaf requirements to be of equal importance or the child
requirements of the same parent node to be of equal importance.
In reality, all the requirements may not be equally important.
Thus, a weighted requirement allocation process will eliminate
the need of our weighing process while being more close to
reality. Furthermore, a different hierarchy in the SyRSD will
affect the weighted trees.

5.3 ReqNet. ReqNet, being a graph, opens up the portal to
deploy graph-theoretic and network analysis techniques. Moreover,
tree-specific algorithms can also be exploited. Notably, traceability,
detecting change in requirements, and analyzing the propagation of
its impact are a few applications of network analysis techniques in
the domain of RE.
ReqNet revealed a few interesting characteristics about the struc-

ture of the SyRSDs. First, the depth of ReqNet is low. The depth of a
tree is defined as the average unweighted distance of all the nodes
from the root node. The average unweighted distance of a require-
ment node from the document node is 3.8384. This results from the
document hierarchy, usually three layers deep: section, sub-section,
and sub-sub-section. The requirements typically lie within the
sub-sub-section. They account for the ≈ 4 degrees of average
separation of a requirement node from the document node.
Beyond those three layers, the authors of the SyRSDs use bullet
points, sub-clauses, and enumerated lists. Their presence adds a
few more layers in ReqNet. Nonetheless, these deeper layers (>6
edges from the global node, G) are a bit of noise than the norm.
A consequence of the low-depth nature of ReqNet is that ReqNet
portrays small-world network behavior. The average unweighted
distance between any pair of nodes is 9.5619. The links connect
the global node to the document node to section heading to sub-
section heading to sub-sub-section heading to requirement. Five
edges for each requirement in the pair approximate to 9.5619.

5.4 ReqSim. We notice that the similarity, Simbu ∈
[0.21456, 0.99955] and Simtd ∈ [0.20400, 0.99999] where the sub-
scripts bu and td correspond to bottom-up and top-down modes
respectively. This is a result of the normalized distances which are
Distbu ∈ [0.00045, 0.83705] and Disttd ∈ [4.33 × 10−6, 0.83838].
The pairs of requirements with the maximum (Max) and minimum
(Min) semantic similarity in the bottom-up and the top-down
approaches are shown in Table 1. It is evident from the table that
the highest similarity is exhibited by requirements from the same
SyRSD. They are separated by one or two edges, reflecting that
such pairs share a parent-child, sibling, or grandparent-child relation-
ship in the ReqNet. This behavior aligns with human judgment as the
child requirement nodes inherit several properties from their parent
requirement nodes. Another attribute of requirement pairs with
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high similarity scores is that such requirements are leaf nodes or lie
far from the root node where the weights do not accumulate. It is
important to emphasize that the similarity score is derived from the
tree structure created from the clause numbers. The tree structure dis-
regards the textual information contained in the requirements corre-
sponding to the clause numbers. A pair of textually identical
requirements from two different SyRSDs (e.g., the requirement for
the service life of the motor from the SyRSD of a DC motor and
that from the SyRSD of an AC motor) may not produce the expected
high similarity score. Their similarity scorewill depend on the similar-
ity of theSyRSDsand the locationsof the requirements in theSyRSDs.
Additionally, we observe that the least similarity is exhibited by a

pair of requirements from distinct SyRSDs. Their lowest similarity
score arise from their low document similarity score, even though
their weighted distance is moderate. Moreover, the most distant
nodes (separated by 18 edges) exhibit moderate similarity due to
weight normalization and relatively high document similarity
scores. Thus, the similarity scores of ReqSim align with human inter-
pretation. We can conclude that ReqNet and ReqSim capture human
knowledge. So, ReqSim can push the boundaries of existing NLP
and ML approaches from word-level to sentence-level semantics.

6 Conclusion
We represent the requirements from a SyRSD as a tree by lever-

aging the structure of the SyRSDs. The tree structure reflects
requirement allocation and facilitates mathematical analysis. We
supplemented the tree structure with the document-level similarity
among the SyRSDs to estimate the similarity between pairs of
requirements. We deploy our method on 86 SyRSDs to create a
requirement dataset that can facilitate the deployment of a diverse
class of computing algorithms. Our dataset has three forms with
the same core set of requirements. First, we release ReqList, a list
of 12,701 requirements from 86 distinct systems to facilitate
natural language processing and unsupervised machine learning
algorithms (such as prompting for generative artificial intelligence).
They can help in requirement identification and extraction tasks,
creating requirement-to-requirement and requirement-to-system
traces, and characterizing well-formed requirements using rule-
based NLP, among many others. Each of these ReqList is supported
by their metadata consisting of the structure of the SyRSDs.
Second, we create ReqNet, a large network of requirements consist-
ing of 17,375 nodes, to support graph-theoretic explorations.
ReqNet can help in traceability analysis, identification of changes
in requirements, and the study of cascading changes in require-
ments. ReqNet portrays small-world characteristics with an
average distance of ≈ 10 links. The small-world characteristics
arises from the path consisting of five edges from the global node
to each requirement node that passes through the document node
and the three layers of the section hierarchies of SyRSDs. Third,
we create ReqSim, a dataset containing 10, 933 pairs of require-
ments and their similarity scores, to gear RE toward sentence-level
semantics from word-level semantics. The semantic similarity
scores align with human judgment as they are created from the
structure of the SyRSDs, which are created by humans. Thus,
they will serve as the gold standard for supervised learning tasks.
The datasets can be expanded further by incorporating SyRSDs
of new systems while following the proposed formal method. Our
method considers all the systems equally important and the require-
ments with the same parent node equally important. We lay higher
importance on requirements that are higher in the hierarchy of the
document structure. Our dataset will accelerate the deployment of
natural language processing, graph theory, and unsupervised and
supervised learning techniques in requirement engineering.
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