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Abstract

In the fuzzy front end of innovation, firms often lack sufficient citation, market, and per-
formance data, which limits the usefulness of outcome-based approaches to screening
early-stage product innovation opportunities. To address this problem, this study develops
a text co-occurrence network-based measurement system for assessing early-stage product
innovation opportunities in new product development. We first preprocess idea texts
through concept extraction and semantic cleaning, and then construct an integrated seman-
tic network by combining market-related texts with ideation data. The Leiden algorithm
is applied to detect latent knowledge communities in the network. Building on this struc-
ture, we assess early-stage product innovation opportunities along two complementary
dimensions: cross-domain knowledge recombination, capturing the extent to which an
idea draws on concept communities that are otherwise weakly connected, and network
structural perturbation, capturing the degree to which an idea reconfigures existing se-
mantic boundaries and connection patterns. Based on community entropy and modularity
change, we construct a composite indicator for the ex ante assessment of early-stage ideas
with stronger product innovation potential. Compared with traditional approaches relying
on patent citations, market outcomes, or expert judgments, the proposed method enables
earlier screening of ideas that deviate from dominant semantic trajectories and may war-
rant further development attention. The framework is explicitly positioned as an ex ante
screening and attention-allocation tool for early-stage product innovation opportunities,
not as a deterministic predictor of later market success.

Keywords: product innovation opportunity; early-stage idea screening; text co-occurrence
network; fuzzy front end; new product development; decision-support system

1. Introduction
The fuzzy front end (FFE) of new product development (NPD) is the phase in which

firms search for opportunities, generate ideas, and define the direction of future innova-
tion [1–5]. For firms seeking new growth and renewal, this stage is especially consequential
because early screening decisions determine which ideas receive organizational attention,
development resources, and follow-on investment, thereby shaping innovation portfolios
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and long-term strategic trajectories [1,2]. Yet the FFE remains difficult to govern as a
business process: customer needs are ambiguous, technical feasibility is uncertain, and
ideas usually exist only as short textual descriptions or preliminary concept proposals
rather than validated products or market-tested concepts [3–6]. Consequently, organiza-
tions often face a structural dilemma at the front end—ideas must be evaluated before
reliable evidence exists, even though those early choices may strongly influence subsequent
innovation outcomes.

From an innovation management perspective, the central challenge is not only gen-
erating many ideas but also assessing which early-stage ideas represent stronger product
innovation opportunities. At the FFE stage, ideas are usually expressed as short concept
descriptions with limited evidence regarding feasibility, market response, or commercial
value [1,3,5,6]. As a result, firms often have to allocate attention and resources before
reliable outcome indicators exist. Existing work also shows that early idea screening is
easily confounded by novelty effects: unusual concepts may attract attention, while ideas
with clearer developmental promise may be overlooked if they are weakly articulated or
span established knowledge boundaries [1,4,6–8]. This challenge makes the ex ante assess-
ment of product innovation opportunities a central yet underdeveloped task in front-end
innovation governance.

Despite this importance, ex ante assessment of product innovation opportunities
remains methodologically underdeveloped. Most existing empirical approaches rely on
retrospective indicators such as patent citations, market trajectories, or post-launch per-
formance [7,8]. These indicators are useful for explaining innovation outcomes ex post,
but they become available only after an idea has matured, which makes them poorly
suited to the FFE. Other approaches provide some early-stage guidance, yet they re-
main constrained by subjectivity, limited reproducibility, or weak scalability [1,5,6]. More
broadly, although prior research suggests that high-potential innovation often emerges
from boundary-spanning search and distant knowledge recombination [9–15], existing
measures rarely convert this theoretical insight into an operational decision-support tool
that can be embedded into front-end innovation governance. The result is a persistent gap
between innovation theory and the business-process needs of early-stage idea screening.

This study addresses that gap by developing a text co-occurrence-network-based
decision-support system for assessing early-stage product innovation opportunities in
the FFE. Drawing on knowledge recombination theory [9–15], we argue that early-stage
product or service ideas may exhibit stronger innovation opportunity signals even before
market outcomes unfold. The first such signal is cross-domain knowledge recombination,
which captures the extent to which an idea spans otherwise separated semantic commu-
nities. The second is network structural perturbation, which captures the extent to which
an idea reconfigures the modular structure of the broader semantic network and weakens
established semantic boundaries. To operationalize these mechanisms, we conduct concept
extraction and semantic cleaning, construct an integrated semantic network by combin-
ing ideation texts with market-related corpus data, apply the Leiden algorithm to detect
latent knowledge communities, and derive a composite product innovation opportunity
score based on community entropy and modularity change. The framework is positioned
as an ex ante screening and attention-allocation tool for early-stage product innovation
opportunities, not as a deterministic predictor of later market success.

This paper makes three contributions. First, it contributes to research on front-end
innovation evaluation by shifting the analytical focus from realized outcomes to the ex
ante assessment of early-stage product innovation opportunities in the FFE. Second, it
contributes methodologically by introducing a transparent and reproducible text-network
framework that translates knowledge recombination and structural boundary change
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into measurable semantic indicators without relying on post-launch evidence. Third,
it contributes to innovation management and systems-oriented practice by offering a
scalable decision-support tool that can be embedded into FFE governance for idea screening,
opportunity recognition, and portfolio prioritization. Rather than treating early idea
evaluation as an intuitive or purely qualitative task, the study shows how firms can use
semantic-structural evidence to allocate attention and evaluation effort at the point where
innovation choices are actually made.

2. Literature Review
To develop a front-end decision-support system for assessing early-stage product

innovation opportunities, this section reviews four streams of literature that jointly moti-
vate the proposed framework: fuzzy front-end evaluation, early-stage product innovation
opportunity assessment, knowledge recombination as a mechanism of product innova-
tion potential, and text-based innovation analytics. Rather than revisiting the general
importance of the fuzzy front end, the purpose here is to clarify why existing theory and
measurement approaches remain insufficient for ex ante screening when firms must evalu-
ate early-stage ideas under uncertainty. We argue that the unresolved problem is not only
conceptual—how to distinguish stronger product innovation opportunities from novelty,
radicalness, or breakthrough status—but also methodological: how to operationalize such
opportunities in a transparent, scalable, and reproducible way when the available evidence
consists primarily of short idea texts rather than patents, citations, or market outcomes.

From this perspective, the fuzzy front end should be understood not only as an
ideation stage but also as an innovation governance and evaluation stage in which organi-
zations must decide which ideas deserve further attention, experimentation, and resource
commitment. Existing studies consistently show that FFE decisions are made under condi-
tions of incomplete information, weak evaluative signals, and substantial path dependence,
making early screening one of the least structured yet most consequential parts of inno-
vation management. This challenge becomes even more pronounced when the target
of evaluation is early-stage product innovation opportunities, because front-end ideas
rarely come with reliable evidence regarding adoption, performance, or commercialization
prospects. Accordingly, the following review focuses on the theoretical and methodological
foundations needed to move from retrospective explanation of realized outcomes toward
ex ante assessment of product innovation potential in early-stage ideas.

2.1. Front-End Innovation Evaluation and Early-Stage Product Innovation
Opportunity Assessment

The fuzzy front end (FFE) of new product development represents the earliest stage of
innovation activities, during which firms explore opportunities, generate ideas, and shape
initial concept definitions [1,3]. Unlike later development stages, the FFE is characterized
by ambiguous customer needs, uncertain technological feasibility, and limited availability
of reliable evaluative evidence [4,5,16,17]. Consequently, decisions made in this phase are
inherently subjective and strongly dependent on incomplete information [1]. Prior research
consistently emphasizes that the FFE is one of the most critical yet least structured phases of
innovation management, as it largely determines subsequent development trajectories and
resource allocation [3,5]. From a managerial perspective, the FFE is not merely an ideation
stage but also a filtering and selection stage in which organizations must decide which
concepts deserve further investment [2]. Such early screening decisions often generate
strong path dependence and are frequently driven by non-analytical managerial “gut
feel” due to the difficulty of formalizing evaluation logic under high uncertainty [18].
This may cause some promising opportunities to be overlooked because of weak initial
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performance signals, while incremental ideas may be favored because they fit existing
evaluation routines [1,4]. Therefore, the central difficulty of the FFE lies not only in
opportunity exploration but also in the lack of systematic and scalable mechanisms to
evaluate and prioritize ideas under extreme uncertainty [2,3].

This challenge becomes even more salient when the target of screening is early-stage
product innovation opportunities. In the FFE, organizations do not evaluate mature prod-
ucts but tentative concepts whose technical configuration, user value, and future posi-
tioning remain fluid [1,3,5]. Product innovation opportunities at this stage are therefore
better understood as ideas that may open new product directions, use scenarios, or value
propositions, rather than as already validated outcomes. Under these conditions, firms
must decide which ideas deserve further experimentation and resource commitment, even
though available evidence is partial, noisy, and text-based [2,6,18].

A critical implication is that early-stage product innovation opportunities cannot be
assessed solely through retrospective indicators such as diffusion patterns, market sub-
stitution, or long-term performance [7,8]. To make opportunity assessment feasible in
the FFE, it is necessary to shift the analytical focus from realized outcomes to semantic
and structural signals embedded in idea texts. In this study, product innovation opportu-
nities are defined as front-end product or service ideas that show stronger potential for
new product development because they recombine heterogeneous knowledge elements,
connect otherwise separated semantic communities, or introduce concept structures that
merit further experimentation. Recent work on weak signal detection and emerging topic
identification has similarly emphasized the value of extracting early indicators from textual
and bibliometric data [19,20]. However, scalable measurement tools for screening large
volumes of early-stage ideas remain underdeveloped, which leaves a major gap between
theoretical interest and managerial applicability [1,5,6,21].

2.2. Knowledge Recombination as a Mechanism of Product Innovation Potential

Knowledge recombination theory provides a fundamental explanation for how inno-
vation emerges through the restructuring of existing knowledge elements. Its intellectual
roots can be traced to Schumpeter’s notion of “new combinations,” which argues that
innovation does not primarily originate from the creation of entirely new elements but
from novel combinations of existing components [9,10]. This perspective suggests that
the core mechanism of innovation lies in how knowledge components are selected, con-
nected, and reorganized into new configurations [9]. Within this framework, innovation
outcomes depend not only on the availability of diverse knowledge sources but also on the
integration patterns among these sources. Prior research demonstrates that cross-domain
or distant knowledge recombination expands the combinatorial search space and increases
the likelihood of producing novel and high-impact outcomes [12–15]. Boundary-spanning
search enables innovators to escape local search traps and access heterogeneous compo-
nents that may support breakthrough innovation [12]. Similarly, studies on search behavior
highlight that exploration across domains is more likely to produce radical innovation
than deep exploitation within a single domain [14]. Empirical evidence from scientific
and technological domains also indicates that atypical combinations of knowledge ele-
ments are disproportionately associated with high-impact results, suggesting that novelty
emerges from unusual integration patterns rather than from isolated novelty of individual
components [15].

However, while the diversity of knowledge sources provides a potential space for
innovation, its effect is not consistently stable. As the number of knowledge components
increases, the heterogeneity and cognitive distance among these elements also widen,
which may broaden the combinatorial space while simultaneously increasing the difficulty
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of knowledge comprehension and integration [11]. Related research has highlighted a
clear complexity trade-off in the recombination process: diversified knowledge inputs
provide more potential recombination pathways, yet excessive heterogeneity may reduce
the likelihood of successful integration and weaken innovation performance [13,14]. Im-
portantly, recombination is not simply about diversity but about structural reconfiguration.
New combinations may destabilize existing knowledge structures and require non-trivial
integration [11,12]. From this view, product innovation potential can be understood as
the ability of an idea to bridge distant domains and create new relational structures that
challenge established boundaries [11,15]. Therefore, promising product innovation op-
portunities are likely to exhibit two essential characteristics: (1) cross-domain integra-
tion, reflecting recombination across heterogeneous knowledge communities [11,12], and
(2) structural boundary change, reflecting the potential to reconfigure existing knowledge
networks [15]. These two dimensions jointly capture both the compositional and structural
aspects of recombination and together provide a theoretically grounded basis for assessing
product innovation potential at an early stage. However, to apply this mechanism in the
FFE, a methodological approach is required that can capture recombination patterns and
structural change from the limited evidence available in early-stage idea descriptions [3,5].
Text-based innovation analytics offers a feasible pathway for such operationalization [22].

2.3. Text-Based Innovation Analytics and Existing Measurement Approaches

In the FFE stage, innovation ideas are often recorded primarily as short concept
descriptions, informal documentation, or unstructured textual proposals, rather than ma-
ture prototypes or market-tested products [1,3,6]. Compared with later-stage data such
as patents or market reports, textual idea descriptions provide the earliest available evi-
dence of how innovators frame problems, articulate solutions, and integrate knowledge
components [5]. Therefore, text analytics has increasingly been adopted to extract latent
innovation signals and enable early-stage evaluation [22]. Among various text-based
approaches, co-occurrence networks provide a particularly suitable representation for
innovation analysis. A co-occurrence network is constructed by linking terms that appear
together within a defined textual context, thereby capturing semantic associations and
latent conceptual structures [23]. In such networks, nodes represent concepts and edges
represent co-occurrence relationships, which collectively form a semantic landscape of
knowledge elements embedded in a corpus. Compared with purely frequency-based key-
word analysis, network representations preserve relational information and thus enable
structural interpretation of innovation content. Subsequent bibliometric studies further
demonstrated that co-occurrence networks can effectively represent the intellectual struc-
ture of a domain and uncover thematic clusters [24,25]. Furthermore, community detection
algorithms provide a powerful mechanism for identifying clustered semantic domains
in co-occurrence networks [26,27]. These advances indicate that text-based network ap-
proaches provide a promising pathway for identifying early innovation signals in contexts
where conventional performance indicators are unavailable [19,20,22].

At the same time, research on innovation measurement has gradually evolved from
early subjective evaluation approaches toward more objective analytical methods grounded
in citation relationships, semantic content, and structural characteristics of knowledge
systems. Early approaches relied mainly on expert assessment and subjective scoring
frameworks. With the increasing availability of large-scale innovation data, citation-based
indicators offered stronger objectivity and clearer operationalization [7,8], but their major
limitation lies in temporal lag, since citation structures emerge only after diffusion. More
recently, text-based approaches have been introduced to measure technological novelty
and semantic distance directly from innovation content [7,28]. These approaches offer
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a promising direction by extracting signals directly from innovation content rather than
relying solely on diffusion-based evidence. However, a key challenge is that semantic nov-
elty does not necessarily imply valuable product innovation opportunities, and text-based
novelty measures often struggle to distinguish meaningful opportunity signals from ideas
that are merely unusual in wording or concept enumeration [7,28]. In parallel, structural
approaches emphasize that innovation should also be assessed by its impact on the over-
all configuration of knowledge systems [29–31]. Compared with methods focusing on
local relationships, structural approaches enable a more holistic characterization of how
ideas reshape knowledge systems, although their performance remains sensitive to text
preprocessing and network construction procedures [31]. Overall, existing research has
established multiple measurement pathways for early innovation evaluation, including
subjective evaluation frameworks, citation indicators, text-based semantic measures, and
structural network-based approaches [7,8,28–31]. Yet most measurement approaches are
designed for patents or scientific publications and depend on citation or structured textual
evidence embedded within established knowledge systems [32,33]. This limits their appli-
cability in the fuzzy front end, where innovation inputs exist primarily as early-stage idea
descriptions without diffusion traces [3,5].

2.4. Research Gap and Analytical Framework

The above review highlights that early innovation measurement has progressed from
subjective expert-based evaluations toward more objective approaches based on citation
structures, semantic content, and knowledge network configurations [7,8,28–31]. However,
despite these methodological improvements, a key limitation remains: most existing indica-
tors are outcome-oriented and rely on diffusion traces embedded in established knowledge
systems, such as citation pathways, patent metadata, or mature textual records [3,5]. As
a result, these methods are difficult to apply to the fuzzy front end, where innovation
concepts exist mainly as early-stage idea descriptions and lack observable market impact or
citation-based evidence [3,5]. Moreover, the literature reveals that different measurement
streams capture only partial aspects of innovation potential. Citation-based indicators
primarily focus on pathway displacement or novelty, text-based semantic approaches are
more sensitive to content differentiation, and structural network approaches examine re-
configuration of knowledge communities [7,8,28–31]. Consequently, current measurement
approaches lack an integrated framework that simultaneously captures both the compo-
sitional diversity of knowledge recombination and the structural reconfiguration effects
that indicate broader product innovation potential while also remaining cautious about the
distinction between early-stage opportunities and realized outcomes.

To address these limitations, this study proposes a two-dimensional measurement
system grounded in knowledge recombination theory and operationalized through text
co-occurrence networks. Specifically, we argue that early-stage product innovation op-
portunities in the fuzzy front end can be characterized by (1) cross-domain knowledge
recombination, which reflects the extent to which an idea integrates heterogeneous knowl-
edge communities, and (2) network structural perturbation, which reflects the extent to
which an idea induces reconfiguration of semantic boundaries and relational structures.
By integrating these two dimensions into a unified measurement framework, this study
provides an ex ante and scalable screening and attention-allocation tool for evaluating
early-stage product innovation opportunities using only early-stage textual evidence. This
contributes to innovation management research by bridging FFE screening practice and
knowledge-recombination-based opportunity evaluation and by offering a transparent and
reproducible analytical tool to support opportunity assessment under uncertainty.
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3. Methodology
3.1. Framework Overview

Building on the literature and research gap identified in Section 2, this study argues
that early-stage product innovation opportunities in the FFE can be assessed through a
process-oriented evaluative lens grounded in semantic structure and knowledge recom-
bination. Because conventional outcome indicators are not yet available in the FFE, the
most accessible evidence for systematic evaluation lies in the semantic structure of idea
texts. We therefore develop a text co-occurrence-network-based framework that transforms
unstructured ideas into analyzable semantic relations and uses those relations to assess
product innovation opportunity potential in the FFE of NPD. The framework is positioned
as an ex ante screening and attention-allocation tool for early-stage product innovation
opportunities, not as a deterministic predictor of later market success. Its purpose is to
highlight ideas whose semantic-structural patterns may warrant further attention because
they suggest stronger potential for product development, portfolio experimentation, or
concept refinement.

The purpose of the method is to analyze how ideas are positioned within a broader
semantic knowledge system and to assess which ideas exhibit stronger product innovation
signals at an early stage. Compared with traditional front-end screening approaches that
rely heavily on manual evaluation, the proposed framework provides a structured and
quantifiable basis for idea assessment. In this sense, it functions not only as a measure-
ment model but also as a lightweight decision-support tool for innovation governance in
the FFE.

This method consists of four modules: text processing, network construction, commu-
nity detection, and measurement procedure. Together, these modules convert raw idea texts
into a semantic network and then quantify both the compositional breadth of each idea
within the knowledge space and its potential to reconfigure existing semantic structures.
Figure 1 presents the overall analytical flow.

 

Figure 1. Flowchart of identifying product innovation opportunity assessment method.
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3.2. Step-1: Text Processing

In the FFE, ideas are usually recorded as unstructured text [6]. This format is easy to
collect, but it often contains vague descriptions, informal expressions, and mixed termi-
nology [34]. If left untreated, such features can introduce noise into subsequent natural
language processing and distort the network structure used for measurement.

Therefore, it is necessary to conduct text cleaning and preprocessing. For ease of
exposition, the following notations are introduced. Let I = { 1, 2, . . . , N } denote the set
of collected idea texts, N = | I | represent the total number of idea texts, and i ∈ I denote
each individual idea text.

First, the collected idea texts must be cleaned. The original texts may contain colloquial
expressions, spelling errors, and redundant punctuation marks [35]. In this step, invalid
content such as meaningless words and special symbols should be removed. Spelling errors
should also be corrected to ensure that the idea text information is more standardized and
usable. Meanwhile, it should be noted that the semantic meaning of the text should not be
affected during this process.

Tokenization is then used to transform each idea text into discrete units for later
analysis. In our context, tokens serve as the basic semantic units from which concept
co-occurrence relations are constructed.

Considering the unstructured and non-standard nature of idea texts, rule-based to-
kenization is necessary. This helps ensure that the core information of idea texts is not
distorted during tokenization. In idea texts, many idea concepts appear in the form of
multi-word expressions (e.g., “artificial intelligence”, “digital twin”, “carbon footprint”).
If conventional tokenization is directly applied, it may lead to over-segmentation and
semantic loss. To ensure the semantic integrity of tokens and interpretability of research, it
is necessary to identify and preserve these multi-word terms as protected terms [36]. This
can be achieved by combining noun phrase chunking with statistical filtering.

FFE idea texts are not always standardized. They frequently include redundant
expressions and overly generic terms (e.g., “product”, “user”, and “service”) that contribute
little analytical value and may distort the semantic network. A stopword mechanism is
therefore used to filter out such low-information tokens [37].

In addition, FFE idea texts are also inherently ambiguous. Emerging concepts often
lack standardized terminology, and the same concept may appear in multiple synonymous
or abbreviated forms. To improve network stability, synonym merging is introduced to
map alternative expressions onto unified concept labels [38].

After the above preprocessing steps, the original unstructured idea texts are trans-
formed into structured sequences of core concept tokens. These sequences concisely and
accurately represent the innovation concepts expressed in the original texts. They will serve
as the basis for the subsequent construction of the semantic co-occurrence network.

Formally, we denote the token sequence of each processed idea text as Ti =
{

tij
}

,
where tij represents the j-th token derived from the i-th text, and let T = {Ti} represent the
set of all processed idea texts.

3.3. Step-2: Network Construction

After text processing, we construct a semantic network to represent the knowledge
structure embedded in the idea corpus. In this network, nodes denote concept tokens and
weighted edges denote co-occurrence relations [23], thereby preserving the combinatorial
relationships among innovation concepts in the FFE.

Many recent studies represent text data through semantic similarity networks based on
embedding vectors [7,28,39]. Although useful for analogy and inference, such approaches
may be less suitable in small, domain-specific corpora because they depend heavily on
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pretrained representations and often blur industry-specific or emerging concepts [40]. For
the present task, our goal is not general semantic similarity but the explicit representation
of concept combinations within early ideas.

For this reason, we adopt a token co-occurrence network. This approach directly
captures the local co-appearance of concepts in idea texts, requires less data, remains highly
interpretable, and is well-suited to domain-specific ideation settings in which combinatorial
relations are more informative than generic semantic proximity.

According to previous studies on co-occurrence networks, a weighted undirected
co-occurrence network can be constructed based on the dataset T:

G = (V, E, W) (1)

where V represents the node set of the network. It consists of unique tokens v ∈ V,
meaning that there are no duplicated token vertices. E represents the undirected edge
set, eij ∈ E indicating the co-occurrence relationship between token vertices vi and vj.
W represents the edge weight matrix. wij ∈ W indicates the corresponding weight of
undirected edge eij. It can be used to represent co-occurrence strength between tokens. If
there is no edge between two tokens, it means that their corresponding weight is zero.

Next, co-occurrence strength needs to be defined. In co-occurrence network construc-
tion, co-occurrence is commonly defined in two ways: document-level co-occurrence and
window-based co-occurrence. Document-level co-occurrence means that if two tokens
appear in the same idea text, they are considered to have a co-occurrence relationship [41].
Window-based co-occurrence requires that two tokens appear within a fixed sliding
window [23].

Compared with document-level co-occurrence, window-based co-occurrence imposes
stricter positional requirements. By constraining the window size, co-occurring tokens must
be close to each other in the text. Because the processed idea texts retain a moderate number
of tokens and because local context is important for capturing idea-level semantic relations,
this study adopts window-based co-occurrence. The window size is denoted as S, and the
window sliding step is set to 1 by default to make the window move more smoothly.

Window-based co-occurrence can nevertheless overcount repeated token pairs within
a single document. Because our interest lies in whether a concept pair is expressed in an
idea rather than how often it is repeated rhetorically, we use document-level deduplication
when counting within-document pairs. This reduces mechanical inflation caused by text
length or listing behavior [42]. That is, in the same idea text, regardless of how many times
the same token pair appears, it is counted only once.

A binary variable is used to indicate whether the token pair
(
vj, vk

)
has a co-occurrence

relationship in the idea text i:

R(i)
jk =

{
1, i f

(
vj, vk

)
occur whithin at least one window in text i

0, otherwise
(2)

Finally, the edge weight is defined as the co-occurrence frequency of the token pair
across dataset I:

wjk =
N

∑
i=1

R(i)
jk , i ∈ I, ejk ∈ E (3)

Furthermore, to meet the structural requirements of subsequent computations, this
model adopts an edge filtering strategy. Specifically, by applying an edge weight threshold
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τ, a more robust backbone network with fewer spurious correlations can be extracted [43].
Only edges satisfying the following condition are retained:

wjk ≥ τ (4)

If the number of occurrences of a token pair in the entire network is less than this
threshold, its edge weight is set to zero. This indicates that there is no co-occurrence
relationship between the two tokens. This requirement helps maintain a stable semantic
backbone of the network and improves the reliability of subsequent community detection
and structural measurement. Then, the semantic backbone network is defined as GB.

The values of the window size S and the edge weight threshold τ can be determined
according to the characteristics of the collected texts.

Through the above procedure, the processed discrete token set T is reorganized into
a co-occurrence network G with explicit co-occurrence relationships. The associations
between tokens are extracted as the basis for subsequent network analysis. Further quan-
titative evaluation of idea texts can be conducted through the co-occurrence relations in
the network.

3.4. Step-3: Community Detection

Constructing the co-occurrence network provides only an initial representation of
semantic structure. To reveal the latent organization of the knowledge space, we next apply
community detection, which enables deeper structural analysis of the semantic network.

Under the knowledge recombination theory, innovation is regarded as a process of
new combinations of existing knowledge components [9]. High-impact innovation often
originates from distant search and unconventional combinations across domains [8,11].
These unconventional combinations usually span knowledge domains with large cogni-
tive distance [15]. They are often associated with long-path search and non-adjacent
knowledge recombination [44]. Therefore, identifying the boundaries and structures
of knowledge domains is a prerequisite for evaluating whether idea texts involve
cross-domain combinations.

Community detection identifies groups of concepts that are densely connected in-
ternally but sparsely connected externally. In the present study, these communities are
interpreted as latent knowledge domains or thematic clusters within the idea texts [42].

Through community detection, the co-occurrence network can divide different tokens
into different co-occurrence communities based on co-occurrence relations. Specifically, the
node set (V) of the weighted undirected co-occurrence network (G) obtained in Step-2 is
partitioned into M communities. The community set is denoted as C:

C = {C1, C2, · · · , CM} (5)

Each node is assigned to a unique community, and communities are mutually exclusive:

V =
M⋃

m=1

Cm and Ca ∩ Cb = ∅, ∀ Ca, Cb ∈ C (6)

Based on the properties of communities, tokens in the same community are more likely
to co-occur. Their combinations are therefore more conventional. In contrast, combinations
between tokens from different communities indicate associations that are relatively uncom-
mon in the existing knowledge system. They are also structurally distant. Such combina-
tions can be considered relatively unconventional recombinations. Under the knowledge
recombination theory, they are more likely to have product innovation opportunities [44].
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In community detection, modularity is commonly used to evaluate network commu-
nity partitions [27]. The core idea is that in a good community partition, edges within
communities should be significantly higher than the expected value under a random
null model. Therefore, modularity becomes the objective function of many community
detection algorithms.

The Leiden algorithm stands out in community detection due to its refinement step
and improved modularity optimization. Compared with other algorithms (e.g., Louvain
algorithm), the Leiden algorithm not only runs faster but also provides stronger connectivity
and stability [26]. It reduces the risk of fragmented or disconnected communities. The
modularity function of the Leiden algorithm is defined as:

Q =
1

2Wc
·∑

j,k

(
wjk − γ·

sjsk

2Wc

)
·δ
(
cj, ck

)
(7)

where:

• wjk represents the weight of the edge between node vj and node vk;
• sj represent the weighted degree of node vj: si = ∑j wij;

• Wc represents the sum of all edge weights in the network: Wc =
∑i,j wij

2 ;
• cj represents the community label of node vj: cj = m, when vj ∈ Cm;
• δ

(
cj, ck

)
is an indicator function, which equals 1 if node vj and node vk belong to the

same community, and 0 otherwise;
• γ > 0 is a resolution parameter used to adjust the connection density within and

between communities. A larger γ leads to more communities that are smaller in size
and more densely connected.

Since community partition serves as the foundation for subsequent quantitative evalu-
ation, the robustness of Leiden community detection is an important reason for selecting
this algorithm.

Through community detection, the co-occurrence network is divided into multiple
interpretable knowledge communities. This supports objective analysis of the co-occurrence
network from the perspective of community distribution and community changes.

3.5. Step-4: Measurement Procedure

In the FFE, relevant outcome evidence has not yet emerged. Ex post indicators such as
patent citations, diffusion dynamics, or market performance are therefore unavailable for
assessing product innovation opportunities. Under these conditions, the explicit conceptual
knowledge embedded in idea texts becomes one of the few observable and analyzable
sources for early-stage evaluation.

From a systems perspective, each idea can be treated as an element within a broader
knowledge structure. Its product innovation potential depends not only on its internal
composition but also on its relational position and its capacity to alter existing semantic
structures. We therefore measure product innovation opportunity from both intrinsic and
relational viewpoints.

Specifically, this study operationalizes product innovation opportunity measurement
along two complementary dimensions: cross-domain knowledge recombination and struc-
tural perturbation.

3.5.1. Cross-Domain Knowledge Recombination

Cross-domain knowledge combination primarily captures characteristics of uncon-
ventional recombination in creative ideas at the level of knowledge elements. From the
perspective of knowledge recombination theory, innovation is regarded as a process of

https://doi.org/10.3390/systems14070757

https://doi.org/10.3390/systems14070757


Systems 2026, 14, 757 12 of 35

recombining existing knowledge components, and high-impact innovations often arise
from distant search across domains and unconventional combinations. Compared with
incremental improvements within a single domain, combinations that span multiple knowl-
edge boundaries are more likely to deviate from mainstream trajectories, thereby fostering
potentially product innovation opportunities [15].

Therefore, during the FFE stage, if an idea simultaneously draws upon multi-
ple relatively separated knowledge communities, it is more likely to exhibit strong
cross-domain recombination characteristics and product innovation potential at the
semantic level.

Accordingly, this model employs a community entropy metric to measure the distribu-
tional dispersion of creative concepts across different communities, serving as a quantitative
characterization of cross-domain knowledge combination.

For an idea text i, let n(i)
m be the number of tokens in community m within its token

sequence Ti, and let Ni = ∑M
m=1 n(i)

m denote the total token count. The proportion of tokens
in community m is then defined as:

pim =
n(i)

m

∑M
m=1 n(i)

m

(8)

Then, cross-domain knowledge combination is defined as:

CEi = −
M

∑
m=1

pimlog2 pim (9)

When tokens of an idea are predominantly concentrated within a single community,
CE approaches 0, indicating that the idea primarily involves incremental improvements
within an existing domain. Conversely, when tokens of an idea are distributed across
multiple distinct communities in a dispersed manner, CE will increase, suggesting that the
idea draws upon a broader range of knowledge sources and exhibits stronger cross-domain
combinatorial characteristics.

Unlike simply counting the number of categories, this metric more effectively captures
cross-domain recombination characteristics in the knowledge space. It also provides a
structural basis for assessing product innovation opportunities. A higher CE indicates
that the creative idea spans more knowledge boundaries at the semantic level. The knowl-
edge sources are more dispersed, making it more likely to produce distant knowledge
recombination and deviate from established technological trajectories.

By adopting the community entropy method, the cross-community distributional
scope of an idea can be objectively identified from data. This is achieved through the
community structure of the overall semantic network, rather than relying on subjective
judgments by researchers.

3.5.2. Structural Perturbation

Cross-domain recombination alone is not sufficient to identify higher-potential prod-
uct innovation opportunities. Some ideas may mention multiple domains but merely
concatenate concepts without meaningfully changing the structure of the knowledge space.

Prior research suggests that high-impact or breakthrough themes are often associated
with visible changes in knowledge network structure, which can be captured through
structural perturbation [8,31]. We therefore introduce a network structural perturbation
metric to measure the extent to which an idea reconfigures existing semantic boundaries.

Unlike cross-domain combination, structural perturbation emphasizes whether an
idea alters the modular structure of the overall semantic network through establishing
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cross-community connections. New knowledge combinations can produce restructuring
effects on the overall network structure by changing inter-community connection patterns.
This confers stronger product innovation potential [8].

Modularity is an important metric for measuring community structure partitions. It
can also be used as an outcome variable to observe changes in network structure. That
is, when an idea with stronger product innovation potential is added into the community
co-occurrence network, it may not strengthen the community structure. Instead, it may
weaken community boundaries and lead to a decrease in modularity. However, if an idea
does not have strong product innovation potential, adding it to the network may strengthen
internal community connections. This may make the community partition clearer and lead
to an increase in modularity, or it may have no effect on community structure.

Therefore, modularity change can be used to infer whether an idea contains stronger
product innovation opportunities signals. It serves as one of the criteria for opportunity
assessment in the FFE stage.

This model adopts an idea removal strategy to compare modularity changes and
calculate the structural perturbation degree of an idea. The optimal modularity (Q0)
obtained in Step-3 using the Leiden algorithm is used as the baseline value. Then, for an
idea text i, the edge weights generated by this idea are removed from the co-occurrence
network to obtain a new network G−i. Under the original community partition, the
modularity of the new network (Q−i) needs to be recalculated. The structural perturbation
can be defined as the modularity change:

∆Qi = Q−i − Q0 (10)

When ∆Qi is significantly greater than 0, it indicates that the modularity increases
significantly after removing the idea i. This suggests that the idea weakens community
boundaries. It also implies that the idea has stronger perturbation and reconstruction
potential on the overall knowledge structure.

In contrast, if ∆Qi approaches 0 or even becomes negative, it suggests that the idea
mainly occurs within communities. In such cases, the idea has limited influence on the
overall structure, or it may even make the overall structure more stable.

Compared with measurement methods based on the number of concepts or the distri-
bution of low-frequency words, this metric focuses on capturing the reconstruction effect
of an idea on the existing knowledge connection structure. Thus, it can more accurately
reflect the structural influence of the idea in the knowledge network.

3.5.3. Product Innovation Opportunity Score

The above two metrics capture complementary aspects of product innovation op-
portunities in the FFE stage. Specifically, CE reflects whether an idea integrates concepts
from multiple knowledge communities, while ∆Q reflects the extent to which an idea
reshapes the modular structure of the semantic network. Therefore, this model integrates
the two metrics to construct a composite product innovation opportunity score (PIOS) for
each idea.

Although document-level deduplication was applied during network construction to
avoid repeated counting of identical concepts within a single idea, ideas containing numer-
ous distinct concepts may still generate inflated scores due to larger semantic participation.
To alleviate potential biases caused by concept enumeration and the structural participation
scale, different adjustment strategies were applied to the two indicators according to their
underlying mechanisms.
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For the CE indicator, a logarithmic length adjustment was introduced:

CEi,adj =
CEi

log(Ni + 1)
(11)

where Ni denotes the total token count of the idea text i. This adjustment was adopted
because entropy-based measures naturally increase as more tokens participate across
semantic communities. The logarithmic transformation provides a moderate penalty for
excessively long or enumeration-style ideas while preserving the ability of CE to capture
cross-domain semantic diversity.

Unlike CE, the ∆Q indicator reflects structural perturbation in the semantic co-
occurrence network and is primarily influenced by the scale of semantic relations con-
tributed by an idea. Therefore, ∆Q was normalized by the total removed edge weight
associated with the focal idea:

∆Qi,norm =
∆Qi
Ri

(12)

where the structural participation strength of idea text i is defined as:

Ri = ∑
(vi ,vj)∈Ei∩EG

wij (13)

where Ei denotes the semantic edge set generated by idea text i, EG denotes the edge set
of the backbone semantic network. Because document-level deduplication was adopted
during network construction, each semantic relation within a single idea contributes at
most once to Ei. In addition, only semantic relations retained in the backbone network GB

contribute to Ri. Therefore, Ri reflects the overall structural participation strength of idea
text i in the semantic network rather than repeated concept occurrences.

This normalization evaluates the structural perturbation efficiency per unit of struc-
tural participation, thereby reducing the influence of lengthy or concept-listing ideas that
contain many semantic concepts but contribute limited structural reconfiguration.

Since the adjusted CEi,adj and normalized ∆Qi,norm metrics are measured on different
numerical scales, they need to be standardized prior to aggregation. This model applies
Z-score standardization to transform each metric into a comparable scale-free value. For a
metric Xi of idea i, the standardized score is computed as:

Zi =
Xi − µX

σX
(14)

where µX and σX denote the mean and standard deviation of metric X across all
ideas, respectively.

Z-score standardization is adopted because it provides a normalized representation
with zero mean and unit variance, allowing the composite score to reflect the relative
deviation of each idea from the overall distribution. This method improves interpretability
and enables robust comparison of product innovation opportunity potential across ideas.

Accordingly, the standardized cross-domain recombination score and the standardized
structural perturbation score are denoted as CE′

i and ∆Q′
i. The PIOS is then defined as:

PIOSi = α·CE′
i + (1 − α)·∆Q′

i (15)

where α ∈ [0, 1] is a weighting parameter that determines the relative contribution of
the two dimensions. A higher α indicates greater emphasis on cross-domain knowledge
recombination, whereas a lower α indicates greater emphasis on structural perturbation.
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Given that there is currently no established prior theory or empirical evidence sup-
porting differential weighting between the two dimensions, assigning unequal weights
may introduce subjective bias. Therefore, following the principle of Occam’s razor and the
standard practice in composite indicator construction [45–47], this study adopts an equal-
weight linear aggregation strategy to ensure transparency and robustness. Accordingly, α

is set to 0.5, and the PIOS is computed as:

PIOSi = 0.5·CE′
i + 0.5·∆Q′

i (16)

Finally, ideas are ranked according to their PIOSi. Ideas with higher PIOS are consid-
ered to exhibit stronger product innovation opportunity potential in the FFE stage.

In summary, the proposed model provides a transparent and reproducible measure-
ment method for product innovation opportunities, enabling objective evaluation of in-
novation ideas in the FFE stage. By ranking ideas based on their PIOS, the method can
identify those most deserving of further evaluation and experimentation.

4. Results
To validate the feasibility and interpretability of the proposed measurement frame-

work, this section conducts an illustrative case study in the domain of tea products and
tea-related services by following the procedures described in Section 3. Each text was first
cleaned and transformed into a set of tokens. A sliding-window co-occurrence strategy was
then applied to capture local semantic associations in each idea. Then, all co-occurrence rela-
tions were aggregated to construct a global semantic co-occurrence network. Finally, PIOS
is calculated for each idea based on this network and product innovation opportunities are
assessed accordingly. The tea domain was selected because it simultaneously contains tra-
ditional consumption patterns and emerging innovation trends, providing an appropriate
context for observing diverse semantic recombination in the fuzzy front-end stage.

4.1. Data Description and Preprocessing

The idea dataset in this case was collected from an on-site team-based experiment
organized by our research team. Participants included MBA student teams and undergrad-
uate student teams. All participants had received innovation-related training and were able
to complete structured ideation tasks. Before the experiment, participants were randomly
assigned to teams of three to four members. Each team was required to collaboratively
generate ideas around the topic of “tea products and tea-related services” and submit a
complete textual description as the final output.

To ensure data quality, several invalid samples were removed based on abnormal
records observed during the experiment. After data cleaning, 187 valid teams were
retained. The final dataset provides a moderately sized and high-quality idea cor-
pus, which is suitable for validating the proposed text co-occurrence network-based
measurement framework.

In addition to the experimental idea dataset, this case further incorporated a tea
industry market corpus collected from publicly available secondary sources in March 2026
in order to enhance the external reference of the semantic network structure and improve
the representativeness of the industry semantic background. The market corpus consisted
of 300 curated tea-industry-related semantic records covering representative concepts
associated with tea beverages, health-oriented tea products, tea consumption scenarios,
tea-related devices, lifestyle services, and emerging cross-domain tea applications.

On the one hand, the market corpus provides a relatively mature and stable conceptual
association structure for the tea industry. This ensures that the semantic network is not
solely determined by the experimental ideas, thereby reducing structural bias caused by
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limited sample size or insufficient semantic coverage. On the other hand, the market
corpus serves as an external semantic baseline, helping the detected community structure
better approximate the real semantic ecology of the industry. This provides a more robust
structural reference for subsequent measurements of cross-domain recombination and
structural perturbation.

It should be emphasized that all indicators proposed in this study are calculated only
based on the experimental idea texts. The market corpus is used solely as supplementary
contextual information during the semantic network construction stage rather than as an
evaluation object. Accordingly, the preprocessing and network integration procedures
applied to the market corpus were kept consistent with those used for the experimental
idea texts.

Since FFE idea texts are typically unstructured, they often contain redundant descrip-
tions, template-based expressions, frequent generic terms, and mixed use of synonymous
expressions [6,35,38]. If a network is constructed directly from raw texts, semantic noise
may be amplified and may further interfere with indicator calculation. Therefore, following
the preprocessing procedure proposed in Section 3, both the experimental idea corpus
and the market corpus were processed using a unified preprocessing and concept extrac-
tion procedure. This ensures that network nodes can effectively represent key semantic
components of the idea structure.

Specifically, since all texts in this dataset are Chinese, we applied the Chinese tokeniza-
tion tool jieba (version 0.42.1), which supports domain dictionary expansion and flexible
segmentation for Chinese texts [48]. During tokenization, part-of-speech tagging was used
to retain major nouns and action-oriented verbs with operational meaning (e.g., “blending”,
“cold brewing”, and “cold extraction”), so as to extract core concepts that are more likely to
reflect the structural characteristics of the idea network.

To improve tokenization accuracy, a tea-industry-specific protected term dictionary
and a list of other protected expressions were constructed. These resources were used to
preserve multi-word expressions that frequently appear in tea-related innovation concepts
(e.g., “ready-to-drink tea”, “fruit tea”, “gift box”, “points redemption”), including tea
product formats, consumption scenarios, and technology-related phrases. This step is
crucial because incorrect tokenization may split meaningful concepts into isolated tokens,
which may distort the resulting network structure.

In addition, a stopword list was applied to remove high-frequency but low-information
terms (e.g., “product”, “service”, and “user”), which commonly appear in generic inno-
vation templates. Moreover, synonym merging was conducted to reduce semantic re-
dundancy caused by alternative expressions and abbreviations, thereby improving the
statistical stability of nodes in the co-occurrence network.

The descriptive statistics of the preprocessing results are reported in Table 1. In the
raw tokenization stage, each idea text contained an average of 217.63 tokens (Min = 37,
Max = 870), indicating substantial variation in text length across teams. After stopword
filtering, the average number of tokens decreased to 139.76, suggesting that a large number
of generic low-information terms were effectively removed. In the final concept extraction
stage, each text was further compressed into a core concept set, retaining an average of
20.78 concepts. Compared with the raw tokenization results, the final retained concept
size accounts for approximately 9.6% of the original tokens. This demonstrates that the
proposed preprocessing mechanism can significantly reduce redundant expressions and
extract more semantically representative innovation concept units.
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Table 1. Descriptive statistics of the preprocessing results.

Metric Mean Std. Min Median Max

Raw tokenization tokens 217.626 146.751 37 182 870
After stopword filtering 139.759 94.387 27 117 574

Final tokens 20.781 12.865 4 17 76

Furthermore, the gap between the minimum and maximum values suggests a clear
long-tail distribution. Some teams produced concise idea texts, whereas others tended
to adopt a “function list” description style, showing strong concept enumeration behav-
ior. This heterogeneity is a typical feature of FFE idea expression. However, it may
introduce bias in the accumulation of co-occurrence relations. To reduce the mechanical
amplification effect caused by long texts and enumerative texts, this study adopted a
document-based deduplication strategy in subsequent co-occurrence counting. That is,
repeated co-occurrences of the same concept pair in the same idea text were counted only
once. This ensures that edge weights reflect stable co-occurrence patterns across documents
rather than repeated listing behavior in a single document.

4.2. Co-Occurrence Network Construction

After concept extraction and structured representation of the idea texts, this study
constructed a semantic co-occurrence network based on the sliding-window strategy in
order to capture local semantic associations among innovation concepts in the idea texts. In
the network, nodes represent concept tokens, edges represent the co-occurrence relationship
of two tokens in a local window of the same text, and edge weights reflect the stability of
co-occurrence across documents.

The results in Section 4.1 indicate that the idea texts vary substantially in scale. If an
overly large window size is used, token pairs in short texts may form near-complete con-
nections, leading to an overly dense network and large number of spurious co-occurrence.
In contrast, an overly small window may weaken the ability to capture local semantic
associations and may cause network fragmentation. Therefore, this study adopted a
sliding-window strategy with window size S = 3 and set the sliding step to 1, so as to
achieve a balance between semantic locality and network connectivity.

To reduce the mechanical amplification of edge weights caused by repeated enumera-
tion in a single idea text, a document-based deduplication counting strategy was applied.
Specifically, each concept pair was counted at most once in each idea text. Edge weights
were defined as the number of documents in which the concept pair co-occurred. This
definition better reflects semantic associations across different idea texts and effectively
reduces bias caused by long or enumerative descriptions.

Under the above rules and parameter settings, this study constructed a complete
semantic co-occurrence network, which retained all co-occurrence relations observed within
sliding windows, including weak links that appeared only once. The complete network
contains 2100 nodes and 12,426 edges. The main reason for retaining weak links at this
stage is that FFE idea texts exhibit strong heterogeneity and topic overlap. Weak edges often
act as “semantic bridges” that maintain the overall connectivity of the semantic space and
prevent excessive topic fragmentation. If all low-frequency edges were removed during
network construction, the network could easily become fragmented, which would further
affect the stability and interpretability of subsequent community detection.

However, since subsequent measurements are sensitive to noisy edges, low-frequency
co-occurrence relations may mainly reflect temporary expressions from individual teams
rather than stable semantic structures shared across the idea texts. Therefore, to extract a
representative semantic backbone network, this study introduced an edge weight threshold
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during the backbone extraction stage. Only co-occurrence relations appearing in at least
two idea texts were retained (τ = 2), thereby improving the robustness and interpretability
of the measurement results.

The backbone network statistics show that the final semantic co-occurrence backbone
network contains 598 nodes and 1604 edges. The network density is 0.0496, and the average
node degree is 5.364, indicating that most tokens form stable co-occurrence relations with
only a small number of other tokens. The network exhibits a sparse structure, which
is consistent with the selective connectivity property commonly observed in semantic
knowledge networks. Meanwhile, the maximum node degree reaches 91, indicating the
existence of a small number of highly connected core concept nodes that act as hubs linking
different semantic topics. Detailed network statistics are reported in Table 2. The backbone
semantic network is illustrated in Figure 2.

Table 2. Descriptive statistics of the backbone network.

Network Statistic Value

Number of nodes 598
Number of edges 1604
Network density 0.0496

Average node degree 5.364
Average node strength 14.81

Max node degree 91
Max node strength 323

Figure 2. Backbone semantic network.

In terms of weighted connectivity strength, the average node strength is only 14.81,
whereas the maximum strength reaches 323. This indicates a highly imbalanced distribution
of co-occurrence relations. Specifically, a small number of concepts repeatedly appear in a
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large number of idea texts and form stable combinations with various concepts, thereby
constituting the high-frequency backbone of the semantic network. This result reflects
the typical long-tail structural property of semantic networks that most concepts are low-
frequency or local-topic nodes, while a small number of hub concepts form the main
semantic structure shared across documents.

Further inspection of key hub nodes shows that high-strength nodes in the network
mainly concentrate on two types of semantic elements: “demand-oriented concepts” and
“industry core objects”. For example, “cultural demand” (Strength = 323) and “tea leaves”
(Strength = 318) represent value propositions and core product elements, respectively, and
both exhibit extremely high connectivity strength.

In addition, nodes such as “social demand”, “personalized demand”, and “health
demand” also show relatively high strength. This suggests that innovation ideation in
the corpus mainly revolves around themes such as social attributes, health value, and
personalized experiences. To some extent, this distribution of hub concepts validates
that the constructed semantic co-occurrence network is able to capture dominant value
dimensions in the idea texts, providing a semantic basis for subsequent community-based
measurements of cross-domain knowledge recombination indicator. Key hub nodes are
shown in Table 3.

Table 3. Basic information on key hub nodes.

Rank Node Degree Strength

1 “cultural demand” 88 323
2 “tea leaves” 91 318
3 “social demand” 55 205
4 “personalized demand” 50 199

4.3. Community Detection

After constructing the semantic co-occurrence network, community detection was
conducted to extract the latent knowledge domain structure embedded in the idea cor-
pus. Considering that innovation concepts in the FFE stage exhibit extensive cross-topic
associations, and that weak co-occurrence edges may serve as topic-bridging connections
in the semantic space, community detection was performed on the complete semantic
co-occurrence network to preserve global connectivity.

Furthermore, as discussed in Section 4.2, the co-occurrence network exhibits typical
sparsity and connection heterogeneity, this study applied the Leiden algorithm with a
resolution parameter γ = 1 to obtain an interpretable number of communities while
avoiding overly fragmented partitions. After community detection, the number of nodes
in each community is summarized in Figure 3.

The preliminary results indicate that the Leiden algorithm partitioned the complete
semantic co-occurrence network into 16 co-occurrence communities, with an overall mod-
ularity of Q = 0.466. This suggests that the complete network exhibits a certain degree
of modular structure. However, since the complete network retains a large number of
weak co-occurrence edges with weight equal to 1, some communities may be structurally
coupled through incidental connections. This may reduce modularity and cause certain
communities to appear relatively dispersed in network visualization. Figure 4 shows the
visualization of the detected communities in the semantic co-occurrence network.
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Figure 3. Distribution of nodes across identified communities.

Figure 4. Community structure of the complete co-occurrence network.

Nevertheless, since the core measurement indicators proposed in this study require
structurally robust semantic relations to reduce noise caused by incidental co-occurrence,
this study further mapped the community labels obtained from the complete network onto
the semantic backbone network. Modularity and community structural properties were
then recalculated on the backbone network.

After mapping, the number of effective communities in the backbone network de-
creased to 12, and the overall modularity increased to Q = 0.619. This change indicates
that after removing low-frequency noisy edges, the backbone network exhibits a clearer
modular structure, with denser intra-community connections and sparser inter-community
links. Consequently, the modularity optimization result becomes more stable and provides
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stronger structural discriminability. Moreover, the modularity value of the backbone net-
work serves as the baseline parameter for subsequent modularity change ∆Q calculations.

4.4. Measurement Results and Opportunity Ranking

Based on the measurement framework proposed in Section 3, this study further cal-
culated the cross-domain knowledge recombination indicator, the structural perturbation
indicator, and the product innovation opportunity score for the 187 idea texts. All calcula-
tions were conducted based on the community partition results obtained from the backbone
network in Section 4.3.

4.4.1. Measurement Results of Cross-Domain Knowledge Recombination

The cross-domain knowledge recombination indicator CE is used to measure the
extent to which a single idea text combines innovation concepts from different semantic
communities. It reflects whether the idea breaks through a single knowledge domain and
establishes cross-topic semantic connections.

The statistics of community proportion in each text show that each idea involves an
average of 4.31 semantic communities, with the maximum spanning up to 10 communities.
However, the mean value of the maximum community proportion reaches 0.541. This result
suggests that although ideas often cover multiple community concepts, the majority of texts
still display a combinatorial structure, with a primary knowledge domain supplemented
by auxiliary knowledge domains. In other words, innovation ideas are typically centered
around a primary thematic domain and are supplemented by concepts from other domains,
rather than evenly integrating knowledge resources across multiple domains.

The computed cross-domain knowledge recombination indicator CE further demon-
strates significant heterogeneity among idea texts. The mean value of the metric is 1.10.
From the distribution perspective, most texts are concentrated in the range of 1.0–1.5,
followed by 0.5–1.0, while relatively few texts exceed 1.5. This distribution pattern indicates
that during the ideation process, most teams tend to expand their ideas by introducing a
limited number of auxiliary-domain concepts based on a dominant domain. As a result, a
common “moderate cross-domain fusion” pattern is formed. In contrast, ideas exhibiting
a high level of cross-domain recombination are relatively rare, showing a clear long-tail
characteristic. The rank order plot of CE is shown in Figure 5.

Figure 5. Distribution of CE across 187 idea texts.
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4.4.2. Measurement Results of Structural Perturbation

Beyond the cross-domain knowledge recombination dimension, this study further
measures the structural perturbation of idea texts from a network structure perspective,
in order to capture the potential reconfiguration capability of their innovation concept
combinations on the modular structure of the semantic network.

Unlike the cross-domain combinatorial entropy, which primarily reflects the degree
of knowledge domain coverage and fusion, the structural perturbation metric focuses
on whether the innovation concept connections involved in idea texts can significantly
alter the community structure boundaries of the semantic network. That is, whether they
possess the potential to break existing modular structures and introduce new cross-domain
connection patterns.

Based on the structural perturbation measurement method proposed in Section 3,
this study used the semantic backbone network obtained in Section 4.2 as the baseline
structure, and adopted the modularity value Q0 = 0.619 derived from the backbone
network community partition in Section 4.3 as the reference modularity parameter. For
each idea text, the edges generated by that idea in the backbone network were removed.
The modularity of the updated network Q−i was then recalculated under the original
community partition. The modularity change ∆Q was computed for each idea, representing
its structural perturbation degree.

The results show substantial heterogeneity in the structural perturbation dimension.
The mean value of the structural perturbation metric is 0.00046. The distribution exhibits a
typical right-skewed long-tail pattern. Most idea texts show extremely small structural per-
turbation. This implies that in the FFE stage, most ideas still follow the existing knowledge
structure and mainly perform local extensions. Their innovation concept combinations
have limited influence on the modular boundaries of the semantic network. In contrast,
ideas with strong structural reconstruction potential are relatively scarce. The rank order
plot of ∆Q is shown in Figure 6.

Figure 6. Distribution of ∆Q across 187 idea texts.

It is noteworthy that the maximum value of the structural perturbation metric is 0.0028,
while the minimum value reaches −0.00048. This indicates that the indicator contains not
only positive samples but also a certain proportion of negative samples. This phenomenon

https://doi.org/10.3390/systems14070757

https://doi.org/10.3390/systems14070757


Systems 2026, 14, 757 23 of 35

suggests that the influence of idea texts on the modular structure of the semantic network
is not limited to a single direction. Instead, two structurally opposite mechanisms may
coexist. Therefore, the sign of ∆Q reflects not only the strength of perturbation but also the
direction of the idea’s structural impact on the network.

4.4.3. Measurement Results of Product Innovation Opportunity Score

To integrate both signals from cross-domain knowledge recombination and structural
perturbation, this study further computed the PIOS based on the composite mechanism
proposed in Section 3. The PIOS was calculated for all 187 idea texts. By ranking this metric,
early-stage product innovation opportunities can be assessed in a unified framework.
PIOS is able to capture both the breadth of knowledge recombination and the structural
reconstruction potential within a unified framework, thereby reducing bias caused by
reliance on a single indicator.

Before calculating the composite PIOS, the two metrics (CE and ∆Q) were first ad-
justed according to their respective structural characteristics. Specifically, the cross-domain
knowledge recombination indicator was transformed into a logarithmically adjusted
entropy measure (CEi,adj) to alleviate potential inflation caused by excessively long or
enumeration-style ideas. Meanwhile, the structural perturbation indicator was normalized
into ∆Qi,norm by dividing the original perturbation value by the structural participation
strength of each idea, thereby reducing the influence of structural participation scale on
perturbation magnitude.

Figure 7 presents the distributions of the adjusted structural metrics. Overall, both
adjusted metrics exhibit relatively stable and concentrated distribution patterns, suggesting
that the proposed adjustment strategies effectively alleviate potential inflation effects
caused by token quantity and structural participation scale while preserving the underlying
structural characteristics of the original metrics.

  
(a) (b) 

Figure 7. Distribution of the adjusted structural metrics: (a) Adjusted cross-domain knowledge
recombination indicator (CEi,adj); (b) Normalized structural perturbation indicator (∆Qi,norm).

As shown in Figure 7a, compared with the original CE distribution, the adjusted
cross-domain knowledge recombination metric (CEi,adj) exhibits a noticeably alleviated
long-tail characteristic while maintaining the overall unimodal distribution pattern. This
suggests that the logarithmic adjustment effectively moderates the inflation effect caused
by excessively long or enumeration-style ideas without substantially distorting the overall
distribution structure.

Figure 7b shows the distribution of the normalized structural perturbation metric
(∆Qi,norm). Compared with the original ∆Q distribution, the normalized metric becomes
more concentrated and balanced, with highly similar mean and median values. Although
several relatively high perturbation observations are still preserved in the right tail, the
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overall distribution becomes less dominated by structural participation scale differences
across idea texts. This indicates that the proposed normalization effectively moderates
perturbation inflation while retaining highly efficient structural perturbation signals.

Since the adjusted CEi,adj and normalized ∆Qi,norm metrics still differed significantly
in numerical scale and magnitude, both metrics were further standardized using Z-score
transformation before PIOS calculation. This ensures comparability across dimensions and
prevents one metric from dominating the results due to scale differences.

After standardization, the cross-domain knowledge recombination degree CE and
the structural perturbation degree ∆Q were integrated based on the PIOS calculation
procedure proposed in Section 3.5.3. A unified opportunity score was thus obtained,
enabling the final ranking of all idea texts.

The rank order plot of PIOS is shown in Figure 8. The PIOS exhibit a clear non-
uniform distribution pattern. Most ideas are concentrated around the mean, mainly within
the range of approximately −1 to 1, indicating that the majority of ideas show relatively
limited differences in product innovation opportunity characteristics. However, clear tail
structures appear at both ends of the distribution. On the one hand, a small number of PIOS
significantly above the mean and form an obvious right-sided long tail, with a maximum
value of 1.90. This suggests that certain ideas demonstrate outstanding performance in
both cross-domain knowledge integration and structural reconstruction. On the other hand,
a small number of ideas score significantly below the mean and form a left-sided tail, with
a minimum value of approximately −2.50. This indicates that some ideas tend to follow a
localization deepening pattern or a structure-stabilizing recombination mode. Overall, this
result suggests that high-potential product innovation opportunities are significantly scarce
in the dataset. High-potential opportunities are mainly concentrated in a small number of
idea texts rather than being evenly distributed across all ideas.

Figure 8. Distribution of PIOS across 187 idea texts.

Further examination of the top-ranked ideas shows that these ideas often simulta-
neously exhibit high cross-domain recombination entropy and strong positive structural
perturbation effects. Their innovation concept combinations not only cover multiple knowl-
edge communities but also form stable cross-domain bridging structures in the semantic
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backbone network, thereby weakening the existing modular boundaries and introducing
new knowledge coupling patterns, leading to the disruption of community boundaries.

In addition, some top-ranked ideas show a relatively low value in one metric but an
exceptionally high value in the other. These cases further demonstrate the complementarity
between cross-domain knowledge recombination and structural perturbation in product
innovation opportunity identification. The PIOS effectively integrates these complemen-
tary signals, preventing potentially valuable opportunities from being overlooked simply
because one indicator is slightly lower. The top 10 ideas ranked by PIOS are summarized
in Table 4.

Table 4. The top 10 ideas ranked by PIOS.

i PIOSi CE’
i ∆Q’

i

178 1.900 1.864 1.936
182 1.888 1.588 2.189
21 1.850 2.179 1.520
25 1.841 1.467 2.216
39 1.646 1.786 1.506
73 1.612 0.816 2.409
187 1.580 1.651 1.509
18 1.505 1.786 1.224
74 1.291 1.200 1.382
183 1.239 0.476 2.001

In summary, based on the proposed measurement framework, this study ultimately
identified the most likely product innovation opportunities in idea texts related to tea
products and tea-related services.

5. Validation
To further evaluate the effectiveness and robustness of the proposed measurement

framework, this section conducts criterion validity analysis, weighting sensitivity analysis,
and comparative case analysis. These analyses provide empirical support for the reliability
and interpretability of the proposed framework.

5.1. Criterion Validity

To examine whether the proposed measurement framework has practical applicability
and whether it is consistent with human expert judgments, this study conducted a criterion-
related validity test. According to measurement theory, criterion validity is an important
method for evaluating whether a newly developed measurement can reflect the target
construct. It is typically assessed by examining the correlation between the proposed
measure and an external criterion variable.

Therefore, this study adopted expert evaluation as an external criterion to validate
the framework. Specifically, five experts with relevant domain experience were invited to
evaluate the innovation potential of the selected ideas in an early-stage product innova-
tion sense. Experts were instructed to assess whether the focal idea showed promise as a
product or service innovation concept in terms of originality, relevance, and developmental
potential, rather than whether later commercial success had already occurred. The evalua-
tion used three items on a five-point Likert scale ranging from 1 to 5, where higher scores
indicate stronger product innovation opportunity potential. An example item is: “To what
extent does the new product/service proposed by this team represent a promising product
innovation opportunity?”
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To examine inter-rater consistency among experts, the intraclass correlation coeffi-
cient (ICC) was calculated. The results show high agreement among experts (ICC = 0.81),
indicating strong consistency in experts’ evaluations of product innovation opportuni-
ties. Therefore, the mean value of the five experts’ scores was used as the final expert
evaluation score.

To enhance discriminability between different levels of product innovation opportu-
nity, this study further adopted an extreme groups design. Based on the rank of PIOS,
the 15 highest-scoring and 15 lowest-scoring ideas were selected, resulting in a total of
30 samples for expert evaluation. This strategy improves the identifiability of differences
across samples.

The correlation analysis results show that the framework is significantly positively
correlated with expert evaluation scores (r = 0.389, p < 0.05). This indicates that the proposed
measurement framework is able to effectively reflect informed early-stage judgments of
product innovation potential, thereby supporting its criterion-related validity. The results
of the correlation analysis are shown in Table 5.

Table 5. Correlation between PIOS and expert evaluation scores (N = 30).

Variable Product Innovation
Opportunity Indicators Expert Rating

Product Innovation
Opportunity Indicators 1

Expert Rating 0.389 * 1
Note: * p < 0.05 (two-tailed test).

Overall, this framework, constructed based on the semantic co-occurrence network, not
only captures the cross-domain recombination characteristics of knowledge elements from
a structural perspective but also shows good empirical consistency with expert subjective
evaluations of early-stage product innovation potential. The criterion validity results
provide preliminary empirical support for the practical effectiveness and interpretability of
the proposed framework.

5.2. Weighting Robustness

Since the proposed measurement framework adopts a linear aggregation strategy with
equal weighting between the cross-domain recombination dimension and the structural
perturbation dimension, additional sensitivity analysis was conducted to examine whether
different weighting configurations would substantially affect the final ranking results. This
analysis aims to evaluate the robustness of the equal-weight aggregation strategy and
determine whether moderate variations in weighting allocation would significantly alter
the identification results of early-stage product innovation opportunities.

Specifically, the weighting parameter α in the PIOS aggregation formula was system-
atically adjusted from 0.1 to 0.9 at intervals of 0.1, where larger values indicate greater
emphasis on cross-domain knowledge recombination and smaller values indicate greater
emphasis on structural perturbation. The equal-weight configuration (α = 0.5) was treated
as the baseline condition. Spearman rank correlation analysis and Top-10 overlap analy-
sis were subsequently conducted to evaluate the stability of the ranking structure under
different weighting schemes.

The Spearman rank correlation results are presented in Table 6. The results indicate
that the ranking outcomes under different weighting configurations remained highly con-
sistent with the baseline equal-weight setting. Specifically, all weighting schemes produced
correlation coefficients above 0.80, while most configurations yielded coefficients exceed-
ing 0.90. The ranking consistency gradually increased as the weighting configuration
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approached the equal-weight condition, suggesting that moderate variations in weight-
ing allocation do not substantially alter the overall ranking structure generated by the
proposed framework.

Table 6. Sensitivity Analysis of Ranking Stability Under Different Weighting Configurations.

Weight Configuration Spearman ρ with
Baseline (0.5:0.5) Stability Interpretation

0.1:0.9 0.8655 Moderate consistency
0.2:0.8 0.9133 Strong consistency
0.3:0.7 0.9559 Strong consistency
0.4:0.6 0.9871 Very strong consistency
0.5:0.5 1.0000 Baseline
0.6:0.4 0.9853 Very strong consistency
0.7:0.3 0.9462 Strong consistency
0.8:0.2 0.8884 Moderate consistency
0.9:0.1 0.8181 Moderate consistency

To further evaluate the robustness of the highest-ranked opportunity ideas, a Top-10
overlap analysis was additionally conducted, as shown in Table 7.

Table 7. Top-10 Overlap Analysis Under Different Weighting Configurations.

Weight Configuration Top-10 Overlap Overlap Ratio Stability Interpretation

0.1:0.9 6 60% Moderate
0.2:0.8 7 70% Relatively robust
0.3:0.7 8 80% Relatively robust
0.4:0.6 9 90% Highly robust
0.5:0.5 10 100% Baseline
0.6:0.4 9 90% Highly robust
0.7:0.3 9 90% Highly robust
0.8:0.2 8 80% Relatively robust
0.9:0.1 7 70% Relatively robust

The results demonstrate that the majority of Top-10 ideas identified under the equal-
weight setting were consistently retained across alternative weighting configurations. In
most cases, the overlap ratio ranged from 70% to 90%, while adjacent weighting configu-
rations achieved particularly high overlap stability. Although several opportunity ideas
entered or exited the Top-10 list under more extreme weighting conditions, the overall
high-potential opportunity set remained relatively stable.

Overall, the sensitivity analysis demonstrates that the proposed measurement frame-
work maintains relatively stable ranking behavior under different weighting configurations.
Therefore, under conditions where no established theoretical or empirical evidence supports
differential weighting between the two dimensions, the equal-weight linear aggregation
strategy adopted in this study can be regarded as a transparent, interpretable, and robust
methodological choice.

5.3. Comparative Case Analysis

A recurring challenge in text-based innovation opportunity identification is that se-
mantic novelty does not necessarily imply a strong product innovation opportunity. Ideas
that merely combine heterogeneous concepts may exhibit high cross-domain recombination
characteristics while still failing to reshape the underlying semantic structure of the indus-
try. To further illustrate the discriminative capability of the proposed two-dimensional
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framework, this section compares representative idea cases with different combinations of
cross-domain recombination and structural perturbation characteristics.

A representative example of high cross-domain recombination but low structural
perturbation is Idea FNo164 (“Cozy House”, Rank: 114). This idea integrates multiple
heterogeneous concepts, including massage equipment, tea aroma humidifiers, biodegrad-
able technology, projection systems, and wellness-oriented experience functions. Such
combinations significantly increase the semantic diversity and cross-domain connectivity
of the idea, thereby contributing to a relatively high cross-domain recombination value
(CE′ = 1.3679).

However, despite the presence of multiple cross-domain elements, the idea mainly
represents an additive integration of existing functional concepts rather than a structural
reconfiguration of the underlying semantic relationships within the tea industry network.
Most semantic associations introduced by the idea remain peripheral extensions surround-
ing existing consumption and wellness concepts, without substantially altering the original
semantic community structure of the industry network (∆Q′ = −1.6678). Therefore, al-
though the idea demonstrates relatively strong semantic novelty, its structural perturbation
effect remains limited. As a result, the idea was ranked only 114th under the framework
despite its relatively rich semantic diversity.

In contrast, Idea FNo187 (“Self-service Tea Machine”, Rank: 7) achieved high scores in
both cross-domain recombination and structural perturbation (CE′ = 1.6514, ∆Q′ = 1.5091).
The idea integrates concepts such as intelligent vending systems, sensors, application-
based control technologies, and automated tea preparation mechanisms. More impor-
tantly, the idea reconstructs the traditional semantic relationships associated with tea
consumption scenarios.

Specifically, the idea shifts tea consumption from manually prepared and location-
dependent experiences toward automated, instant, and scenario-flexible consumption
patterns. This restructuring effect introduces new semantic associations between tea prod-
ucts, intelligent devices, convenience services, and personalized consumption contexts,
thereby generating substantial perturbation to the original semantic community structure.
As a result, the idea demonstrates not only semantic novelty but also stronger restruc-
turing potential within the semantic network. Ultimately, it ranked in the top-10 within
the framework.

These comparative cases further demonstrate that cross-domain recombination alone
is insufficient for assessing product innovation opportunities. While semantically novel
ideas may introduce heterogeneous concept combinations, they do not necessarily reshape
the underlying semantic organization of the idea space. By incorporating structural per-
turbation analysis, the proposed framework is able to distinguish merely novel semantic
combinations from ideas with stronger restructuring potential. This further highlights
the necessity of integrating semantic recombination analysis with structural perturbation
analysis when assessing early-stage product innovation opportunities from text-based
idea descriptions.

6. Discussion
This study develops a text co-occurrence-network-based decision-support system

for assessing early-stage product innovation opportunities in the fuzzy front end of new
product development. Its central theoretical implication is that the assessment of early-
stage product innovation opportunities can be moved from a retrospective logic based on
realized outcomes to an ex ante logic based on semantic structure and knowledge-system
positioning. Because firms must make screening and resource-allocation decisions before
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patent citations, market diffusion, or performance outcomes become available [1,3,7,8],
such a shift is especially important for front-end innovation governance.

From the perspective of knowledge recombination theory, innovation can be un-
derstood as a process of reorganizing existing knowledge structures into new configura-
tions [10–16]. Under this theoretical lens, idea texts are not merely descriptive narratives of
product concepts; rather, they represent one of the few accessible information sources that
contain early evidence of recombination activities in the FFE stage [3,4,26]. Accordingly, this
study treats idea texts as structural evidence of early-stage recombination. This provides a
feasible pathway for screening ideas that deviate from mainstream trajectories and exhibit
stronger product innovation potential while recognizing that later commercial outcomes
still depend on downstream development and market testing.

Importantly, product innovation potential should not be interpreted simply as the
presence of novel or rare concepts. Instead, it should be interpreted as the way in which
concepts are integrated across knowledge domains and how those integrations suggest
new product meanings, use scenarios, or value propositions. This means evaluating
not only semantic novelty but also whether an idea opens plausible new directions for
products or services. Many text-based early indicators emphasize the use of rare words,
semantic distance, or token uniqueness [22,28,30,31]. While these indicators may reflect
distinctiveness, they may not distinguish structurally meaningful recombination from ideas
that are merely unusual in wording. In contrast, this study uses a semantic co-occurrence
network to represent recombination behavior, where co-occurrence links reflect observed
coupling relationships in idea texts [7,8]. Compared with token novelty measures, this
representation enables product innovation potential to be examined through recombination
patterns rather than isolated term attributes.

Within knowledge recombination theory, ideas with stronger product innovation
potential are more likely to emerge from the integration of concept sets that are cognitively
distant, and such integration should generate structural impacts on the existing knowledge
landscape [12–16]. Therefore, the proposed framework measures product innovation op-
portunities through two complementary dimensions of recombination. First, cross-domain
recombination reflects whether an idea draws innovation concepts from multiple semantic
communities. This is measured by community entropy, where a higher entropy value
indicates a broader search scope and a greater likelihood of unconventional integration.
However, broad integration alone does not necessarily guarantee structural change. Second,
structural perturbation captures whether the associations contributed by an idea are likely
to influence the modular separation of the semantic network. This dimension directly com-
plements the limitation of cross-domain recombination by reflecting potential structural
reconfiguration effects [11,16,35,49].

The construction of PIOS adopts a linear aggregation strategy to integrate cross-
domain knowledge recombination and network structural perturbation. This strategy
treats the two dimensions as separable structural signals contributing to the overall score
in an additive form. In contrast, nonlinear aggregation forms such as geometric combi-
nations impose stronger coupling constraints between dimensions, which may be overly
restrictive for exploratory evaluation settings. Furthermore, the sensitivity analysis re-
ported in Section 5 suggests that the overall ranking pattern is stable under alternative
weighting configurations.

The observed consistency between model outputs and expert evaluations further
indicates that the proposed indicators align with domain-relevant cognitive judgments of
early-stage product innovation potential rather than merely reflecting structural artifacts of
text co-occurrence networks.
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Moreover, these two dimensions are not equivalent but mutually complementary. An
idea may involve multiple communities but exhibit limited integration depth. Conversely,
another idea may involve fewer communities but introduce a small number of structurally
meaningful bridging connections. This distinction suggests that interpreting product
innovation opportunities requires considering both the breadth of recombination and the
degree of structural impact in the knowledge system [20,50–52]. It also reinforces the need
to distinguish between early-stage opportunities and realized outcomes.

This interpretation is further supported by the counterexample identified in the Val-
idation Section, where an idea exhibits high cross-domain recombination (CE) but low
structural perturbation (∆Q). Such cases reflect superficial semantic juxtaposition across
distant domains without inducing substantial reconfiguration of the underlying knowledge
network structure. This evidence reinforces the necessity of jointly considering both dimen-
sions, as CE alone cannot fully capture whether cross-domain combinations translate into
structurally meaningful product innovation opportunities in the early-stage fuzzy front
end of new product development within the knowledge system.

Nevertheless, relying solely on idea texts is insufficient because recombination is only
meaningful when evaluated within an established and realistic knowledge environment.
If the semantic network is constructed only from experimental idea texts, the resulting
structure may deviate from the actual market knowledge landscape and fail to reflect the
real industry-level knowledge system. In such cases, the network would have limited
practical relevance. By incorporating market corpus texts, the semantic network can
capture a broader and more stable knowledge structure. This helps distinguish ideas that
are structurally anomalous relative to mainstream semantic associations from those that
only appear anomalous within a limited experimental dataset.

At the same time, the effectiveness of the external market corpus is inherently time-
sensitive because market discourse, consumer preferences, and industry terminology may
evolve over time. Therefore, in practical enterprise applications, the external corpus should
be periodically updated according to the semantic evolution speed of the target domain.
For relatively stable consumer-oriented industries such as the tea industry examined in
this study, semantic structures may remain stable over longer periods, whereas technology-
intensive industries may require more frequent corpus updating to maintain the validity of
semantic boundary detection.

The proposed framework is not inherently restricted to the tea industry, because its
analytical logic is based on general semantic network mechanisms, including concept co-
occurrence, community structure, cross-domain recombination, and structural perturbation.
Therefore, the framework can theoretically be transferred to other industrial contexts where
idea descriptions and external market knowledge are available. However, the adaptation
process requires adjustments according to the characteristics of the target domain. In
particular, the external market corpus should reflect the dominant knowledge structure and
communication style of the industry under investigation. For example, consumer-oriented
industries may rely more on user reviews, social media discussions, and product de-
scriptions, whereas technology-intensive industries may require patents, technical reports,
academic abstracts, or developer documentation as external semantic references.

In addition, different industrial corpora may require different preprocessing and
network-construction strategies due to variations in terminology density, document struc-
ture, and semantic stability. Technical or patent-like texts, for instance, may benefit from
larger co-occurrence windows, domain-specific synonym expansion, or protected technical-
term dictionaries to preserve semantic integrity. Moreover, because industry terminology
and market knowledge evolve over time, the external corpus should be periodically up-
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dated in practical applications to maintain the validity of the semantic network structure
and avoid outdated semantic boundaries.

Furthermore, a key methodological consideration in this study is that semantic and
structural signals extracted from FFE idea texts may be systematically influenced by surface-
level expression patterns, particularly variation in text length and enumeration-style de-
scriptions. Such biases are common in early-stage ideation data, where some teams tend to
list multiple loosely related concepts while others describe ideas more concisely. To address
this issue, this study applies bias-adjustment strategies prior to aggregation. Specifically,
logarithmic length adjustment is introduced for the cross-domain recombination measure,
and structural perturbation is normalized by structural participation strength. These proce-
dures ensure that both indicators reflect underlying semantic and structural heterogeneity
rather than artefacts of expression scale.

From a managerial perspective, the proposed framework can be understood as a
screening mechanism embedded in enterprise innovation systems. In practice, the FFE
process often generates a large number of heterogeneous ideas, while evaluation resources
are limited and costly [1,5,6,53]. The text-network indicators developed here provide a
scalable means of prioritizing ideas that show stronger signals of cross-domain recom-
bination and boundary-spanning structure, thereby improving opportunity recognition,
portfolio selection, and the operational efficiency of front-end review processes. Accord-
ingly, the framework contributes not only to innovation theory but also to the design of
decision-support systems for early-stage innovation governance.

These indicators should not be interpreted as deterministic predictors of eventual
commercial success. Rather, they provide early signals that can guide managerial attention,
expert review, and subsequent experimentation under uncertainty. The framework should
therefore be viewed as a socio-technical decision aid that complements, rather than replaces,
human evaluation. This positioning is especially important because the eventual realization
of product innovation still depends on downstream technical feasibility, adoption dynamics,
organizational execution, and competitive response. The framework thus addresses a
specific but critical problem: how to improve the quality and consistency of front-end
screening when reliable outcome-based evidence does not yet exist.

Despite these contributions, the proposed framework also has limitations. First, the
data object of this framework is unstructured text, meaning that it requires a certain
level of text quality and completeness. Brief, incomplete, or vague descriptions may lead
to lower-than-expected PIOS, whereas overly long and enumerative descriptions may
produce inflated PIOS. Second, co-occurrence relationships remain a relatively simple
contextual association and do not capture causal or functional relationships between
technologies [27]. Third, because the current framework emphasizes semantic-structural
signals, it does not yet directly model several market-side and demand-side cues that may
matter for product innovation assessment, such as user needs, willingness to pay, adoption
frictions, or commercialization constraints. Fourth, this study does not explore the optimal
weighting of the two dimensions in PIOS. A linear aggregation strategy is adopted, but
alternative weighting schemes may yield improved performance. Finally, although the
semantic network construction and detection procedures enable lightweight screening,
additional efforts are required to build domain-specific resources, such as protected terms,
stopwords, synonym mappings, and market corpora. Moreover, because the framework
depends on parameter settings, sensitivity analyses across industries and corpora are
necessary to ensure model stability. This also means that the current framework is not yet
suitable for evaluating technology commercialization opportunities, technology transfer
pathways, or licensing-oriented commercialization decisions associated with relatively
mature technological assets. Accordingly, the present study should be understood as a
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front-end screening framework for product and service idea texts, rather than as a direct
assessment tool for the commercialization potential of technologies.

7. Conclusions and Future Research
This study proposes a text co-occurrence-network-based decision-support framework

for assessing early-stage product innovation opportunities in the fuzzy front end of new
product development. By shifting attention from lagged outcome indicators to ex ante
semantic-structural evidence, the framework offers a practical way to evaluate early ideas
when citations, market signals, and diffusion traces are not yet available [1,3,8,49,54].
Grounded in knowledge recombination theory [10–16], the approach converts unstructured
idea texts into measurable semantic relations through concept extraction, co-occurrence
network construction, community detection, and metric computation.

The contribution of this study lies in translating knowledge recombination mecha-
nisms into quantifiable semantic signals and enabling the assessment of early-stage product
innovation opportunities from an ex ante perspective. The proposed framework is repro-
ducible, transparent, and scalable. It does not rely on lagged outcome indicators and can
reduce exclusive dependence on subjective expert judgment in the FFE [8,53]. More broadly,
the study contributes to research on product innovation assessment by showing that early
opportunity potential can be approached as an idea-level structural property, rather than
only as a realized outcome visible after diffusion or launch.

In practical terms, the proposed framework can be embedded into FFE innovation
governance as an intelligent screening and prioritization module. Organizations often
face large volumes of heterogeneous idea submissions while having limited expert eval-
uation capacity [1,5,6]. The framework therefore provides a scalable way to identify
structurally anomalous and potentially boundary-spanning ideas for further review, sup-
porting portfolio-level decision making and resource allocation under uncertainty. In this
respect, the framework is especially relevant for firms seeking to strengthen the operational
efficiency and analytical consistency of front-end innovation processes.

Future research may extend this framework in several directions. First, semantic
similarity networks can be combined with co-occurrence networks to improve the represen-
tation of relationships between idea tokens. For example, similarity-based networks may
facilitate synonym mapping and reduce missing semantic links, thereby enhancing inter-
pretability [26,27]. Second, the quantitative evaluation metrics for FFE ideas can be further
optimized, such as by improving the weighting strategy between the two dimensions or
introducing additional dimensions to provide a more comprehensive product innovation
opportunity assessment. Third, future work should incorporate market-side and demand-
side cues more directly, including user needs, value propositions, adoption frictions, and
commercialization constraints that may shape early opportunity evaluation. Fourth, the
proposed model should be validated across more industries to establish a more general-
izable measurement framework. Fifth, a deeper investigation of community structural
mechanisms is needed, such as whether different types of ideas produce different directions
or patterns of influence on community structures [26,27,31]. Sixth, future research could
extend the knowledge recombination perspective to newly submitted patent texts and
related technology documents. Such materials may provide a more appropriate empirical
basis for examining technology commercialization opportunities and for assessing the
innovation potential of technologies themselves.

Overall, this study proposes a semantic co-occurrence-network-based measurement
framework for assessing early-stage product innovation opportunities in the FFE stage.
The framework should be understood as an interpretable decision-support system that
facilitates early-stage screening and attention allocation under uncertainty while recogniz-
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ing that eventual success still depends on downstream feasibility, adoption dynamics, and
organizational execution. Its main value lies in moving opportunity assessment closer to
the point where firms actually make front-end decisions, thereby helping bridge the gap
between innovation theory and early-stage innovation practice.
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