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Abstract
Purpose – To analyze the literature on models for evaluating innovation performance in industrial clusters.
Design/methodology/approach – A systematic literature review was conducted, supported by bibliometric 
analysis. Studies were retrieved from Web of Science databases and analyzed both quantitatively and 
qualitatively, using Microsoft Excel and VOSviewer software.
Findings – This topic continues to attract interest from the scientific community, but there is still a gap in the 
literature regarding specific models for assessing the innovation performance of industrial clusters. These 
models can encompass essential dimensions such as networks, knowledge dynamics, innovative capabilities, 
and business performance. In addition, they incorporated the innovation indicators identified in this study.
Originality/value – This study provides a holistic understanding of scientific production to evaluate the 
innovation performance of industrial clusters. Consequently, in addition to filling the gaps in the literature, this 
study proposes alternatives to overcome the challenges related to these evaluations.
Keywords Industrial clusters, Innovation, Performance
Paper type Literature review

Introduction
Industrial clusters are defined as a concentration of interconnected businesses, suppliers, and 
associated companies in a specific market field. These clusters create a network of economic 
activities and innovation, leading to competitive advantages for the companies involved 
(Porter, 1999; Delgado, Porter, & Stern, 2014).
Industrial clusters are formed in an ecosystem that innovates and sells products and services 

(Guedes, 2016). The companies in the clusters concentrate and disseminate knowledge, 
creating technical and managerial conditions for the development and improvement of new 
ideas, resources, and strategic customers. An analysis of the economic viability of innovations 
contributes to the efficiency of Research and Development (R&D) processes of innovation 
ideas (Porter & Ketels, 2009). In this sense, the usual mechanisms (such as collaboration, 
rivalry and networks, and cooperation) are devices that stimulate innovation and drive change 
processes, ranging from conventional forms: product innovation, adoption of automation of
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Industry 4.0, and environmental sustainability (Hervas-Oliver, Garcia, Garcia-Chamizo, & 
Rojas-Alvarado, 2024).
Ganter and Hecker (2012), Casanueva, Castro, and Gal�an (2013), and have pointed to 

innovation as a key strategic factor in organizations maintaining their competitiveness in 
industrial clusters. Innovation is seen as a source for companies to remain in the market, 
enabling competitive advantage and economic development and sustaining an organization’s 
growth (Gibson & Naquin, 2011; Ş ener & Sarıdo�gan, 2011).
Innovation is a dynamic process that occurs in a continuous interaction between 

companies, markets, and governmental institutions (Chandrashekar & Subrahmanya, 2019), 
and innovative performance can change owing to the subject mining of the time and space 
patterns of these companies (Li, Xu, & Li, 2020). They vary according to the degree of 
innovation within a cluster (Molina-Morales, Garc�ıa-Villaverde, & Parra-Requena, 2014).
Innovation in industrial clusters has a negative or inhibiting factor: lack of public strategies 

(Lin & Wang, 2009), asymmetries of information (Nestle, Taeube, Heidenreich, & Bogers, 
2019), lack of innovation indicators, and lack of monitoring of business strategies (Cassiolato, 
Stallivieri, Siqueira Rapini, & Podcameni, 2008), among others.
Few models of performance evaluation metrics are used to measure the degree of 

innovation of industrial cluster companies (Benevides, de Lima, & dos Santos, 2019), eco-
innovation (Mercado-Caruso, Segarra-O~na, Ovallos-Gazabon, & Peir�o-Signes, 2020), and the 
effects of knowledge dynamics (Linhares, Gonçalo, & Vargas, 2021) and organizational 
networks (Yan & Zou, 2024).
Although the diversity of models reflects different assessment instruments, it also results in 

fragmentation, hindering the comparability and integration of data, which limits their 
consistent use by researchers, companies, and policymakers (Todorov, Shopova, Panteleeva,
& Todorova, 2024). These limitations become even more critical, given the absence of 
comprehensive literature analyses that specifically focus on the innovative performance of 
clusters. Existing reviews tend to address isolated aspects of the phenomenon such as 
innovation capacity (Bittencourt, Galuk, Daniel, & Zen, 2019), innovation-oriented business 
models (Lupova-Henry, Blili, & Dal Zotto, 2021), and factors influencing innovation (Bezerra 
et al., 2024).
The main objective of this research is to present a systematic literature review (SLR), 

supported by bibliometric analysis, to consolidate existing knowledge on models for 
evaluating innovative performance in industrial clusters, identifying, in addition to temporal 
distribution, publication sources and authors, the strategies and indicators used in measuring 
innovation, and revealing gaps, trends, and opportunities for conceptual and practical 
advances.
This study contributes to the development of more consistent evaluation models for 

comparing innovation processes in industrial clusters. This study contributes to public 
authorities, entrepreneurs, academics, and other social actors by supporting the monitoring of 
performance, formulating policies, and planning innovation in industrial cluster management 
strategies.

Background
Innovation evaluation in industrial clusters
The use of metrics and indicators has gained relevance as tools for evaluating and monitoring 
innovative processes. They can guide companies’ strategic planning objectives and their 
development in many organizational areas: policies, guidelines, goals, programs, procedures, 
methods, and operational standards. In this sense, indicators play a central role in structuring 
innovation evaluation models, as they serve as pathways that allow the exploration of 
relationships between economic, social, political, and cultural variables.
Three theoretical models form the basis for the construction of innovation indicators: (1) 

The linear model, (2) the chain link model, and the (3) Systemic innovation model (Figure 1).
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Theoretical models guide the measurement of different interests among innovation indicators 
(Silva & Furtado, 2017). This study focuses on the third generation of innovation indicators, 
aiming to advance the study of innovative performance evaluation in industrial clusters.
Innovation involves many factors to evaluate industrial clusters.

(1) Knowledge Exchange and Collaboration: The frequency and quality of interactions 
between businesses, research institutions, and other stakeholders within the cluster.

(2) R&D Activities: Investment levels in R&D by businesses within the cluster; the 
presence of research institutions, universities, and laboratories that support innovative 
activities; the output of patents, scientific publications, and new technologies.

(3) Workforce Skills and Education: A skilled labor force trained in the relevant fields. 
Educational programmes and initiatives that cater to the needs of the industry within a 
cluster. Continuous professional development and training opportunities for 
employees.

(4) Infrastructure and Support Services: The presence of physical infrastructure such as 
technology parks, incubators, and innovation centers can facilitate innovation and 
access to support services such as legal, financial, and consulting services that aid in 
the commercialization of new ideas.

(5) Access to Capital and Funding: Availability of funding sources such as venture capital, 
government grants, and private investments to support innovative activities; and 
financial incentives and subsidies that encourage businesses to invest in innovation.

(6) Market Conditions and Demand: The ability to respond to market needs and adapt to 
consumer preferences.

(7) Regulatory Environment: The presence of policies and regulations that promote 
innovation and protect intellectual property rights; supportive government initiatives 
and programs that encourage innovative activities.

(8) International Connections: The ability to build international partnerships and 
collaborations.

In this context, various models for evaluating innovation performance have emerged in the 
literature with the aim of capturing the dynamic, mutable, and diverse nature of innovation in 
industrial clusters by exploring different approaches and aspects, such as sustainability, social 
capital, and knowledge management. For example, Molina-Morales and Mart�ınez-Fern�andez 
(2010) analyzed the influence of social capital on the innovation performance of business 
clusters, Mercado-Caruso et al. (2020) measured innovation based on the concept of 
sustainability using eco-innovation indicators appropriate for the context of industrial clusters, 
Yan, He, and Song (2023) developed an index to quantify the innovation capacity of business 
clusters, and Zeng, Wang, Lin, Chen, and Xiao (2024) proposed an approach to classify 
innovative industrial clusters based on patent data.

Theoretical Model Description 
Linear Captures only the characteristics related to the creation of capabilities, research, 

and technological services. 
Chain-link Focuses on the productive subsystem and technological innovations, emphasizing 

the characteristics of companies. 
Systemic Recognizes that companies innovate within networks of relationships involving 

other companies, research infrastructure, regulatory systems, and other entities. 

Figure 1. Theoretical models of innovation indicators. Source: Cassiolato et al. (2012)
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The conceptual and methodological dispersion present in the literature creates obstacles for 
the field because, among other aspects, it limits the comparison and integration of databases, 
increasing the risk of distorted or inconsistent results. These problems negatively affect the 
business environment, scientific production, and the strategic actions of policymakers. Thus, 
the improvement of innovation measurement instruments is indispensable (Todorov et al., 
2024). The model proposed in this study shows how innovation evaluation models can be 
essential instruments for monitoring the performance of economic clusters, highlighting the 
indicators in the literature through interdisciplinary research.

Methodology
This research follows the process described in Duarte, Silveira, Brito, and Lopes (2021), based 
on Kitchenham and Charters (2007) the planning, research, and analysis of relevant articles. 
SLR planning involves the development, review, feedback, and revision of the research 
protocol, which includes a list of research questions, research sources, research queries, 
inclusion/exclusion criteria, and other elements. The second sub-process consists of the search 
for relevant articles, including the collection of studies, selection of primary studies, quality 
assessment, and extraction of data from primary studies. The third sub-process involved the 
presentation of results related to the relevant articles selected in the previous sub-process.
This protocol was adopted because it offers a specific approach for research in 

administrative and interdisciplinary fields, which traditionally work with models, metrics, 
and other measurement instruments, thereby aligning with the focus of this study.
The studies were collected through automatic searches in the Web of Science™ (WoS) 

digital library in November 2024. WoS and Scopus are leading scientific databases worldwide, 
but only WoS was selected because it is the oldest, most consolidated, and most reliable 
platform (Birkle, Pendlebury, Schnell, & Adams, 2020). Their coverage is very similar; 
therefore, the inclusion of Scopus would not significantly alter the results of the review 
(Aksnes & Sivertsen, 2019).
Initially, 2,460 studies were identified through an advanced search in the digital library and 

subjected to search refinement based on the parameters in Figure 2. The search returned 1,649 
articles, which were then subjected to a preliminary analysis based on reading the title, 
keywords, and abstract.
To be selected, the articles had to seek the inclusion criterion (I1) and none of the exclusion 

criteria (E1–E7) from Figure 3. We initially defined 1,649 articles, and 1,188 documents were 
removed based on the exclusion criterion E4, resulting in 461 documents being analyzed in 
full. After reading the full text, 376 studies were rejected based on the exclusion criteria E1, E2, 
E4, E6, or E7, resulting in a final sample of 85 documents.

Parameter Input

Search string

TS = ("innovation*" OR "innovation measurement" OR "innovation assessment" OR 
"measuring innovation" OR "innovation performance" OR "innovation evaluation" 
OR "innovation indicator*" OR "innovation metric*" OR "innovation 
benchmarking" OR "innovation monitoring" OR "innovation index" OR "evaluating 
innovation") AND TS = ("business cluster*" OR "regional cluster*" OR "enterprise 
cluster*" OR "industrial cluster*" OR "geographic cluster*" OR "SME cluster*" OR 
"economic cluster*" OR "industrial agglomeration*" OR "economic 
agglomeration*" OR "geographic agglomeration*" OR "business agglomeration*" 
OR "local productive arrangement*" OR "industrial district*")

Indices

Science Citation Index Expanded (SCI-EXPANDED); 
Social Sciences Citation Index (SSCI);
Arts and Humanities Citation Index (A&amp;HCI); 
Emerging Sources Citation Index (ESCI).

Language English, Spanish and Portuguese. 
Time period 1990 – 2024 

Document type All document types except review articles.

Figure 2. WoS™ search parameters. Source: Authors (2025)
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This study provides both qualitative and quantitative results. The quantitative analysis 
incorporated the following bibliometric data: temporal distribution of publications, 
publication sources, most productive authors, and main topics in this field of knowledge.
Qualitative analysis of the studies identifies the evaluation strategies and relevant 

innovation indicators to evaluate economic clusters. The qualitative analysis technique used 
was the process suggested by Bardin (2016) following the steps: (1) pre-analysis, (2) material 
exploration, and (3) treatment, inference, and interpretation of the results. In the first step, the 
material is analyzed and initial ideas are systematized, including the structural dimensions 
(innovation assessment strategies and innovation indicators). Next, the text fragments were 
coded and grouped into analytical categories. For example, within the dimension of innovation 
indicators, excerpts that mentioned “number of patents” or “new patents” received the code 
“patent,” integrated into the category of the same name. Similarly, within the dimension of 
evaluation strategies, the fragments were organized into categories such as direct, represented 
by the code “performance,” and indirect, associated with codes such as relationship and 
impact. Finally, the categorized data were critically analyzed, allowing an understanding of the 
systematization of innovation indicators to evaluate economic clusters.
The database was managed with the support of Microsoft Excel, which assisted in data 

collection, processing, inference, and interpretation. The co-occurrence analysis developed 
using VOSviewer, along with other bibliometric indicators, was integrated into the SLR to 
support the identification of consolidated areas of the field, gaps, and trends, serving as a basis 
for the categorization and interpretation of the body of studies analyzed.

Analysis and discussion of results
Temporal distribution of publications
The analyzed sample comprised articles published between 1998 and 2024 (Figure 4).
There is a growing trend in the number of publications, suggesting increasing recognition 

of the importance of economic clusters as catalysts for innovation. This relevance can be 
justified by multiple reasons, among which the argument by Porter and Ketels (2009): 
industrial clusters create favorable conditions for innovation by concentrating knowledge, 
providing access to inputs, improving R&D efficiency.
From 2017, the frequency of publications increased, peaking in 2019, while the 

stabilization between 2021 and 2024 indicates a possible maturation of the area. However, 
this consolidation is less associated with models based on direct evaluation strategies, which 
represent only 7% of the sample and started receiving attention only in 2017. This highlights 
the scarcity of studies that adopt this approach and suggests that it is still in the embryonic stage 
of development. In this regard, it is suggested that greater focus be directed towards the 
development and use of specific approaches to innovation, as the use of indicators enables a 
better understanding of the innovation processes and guides the formulation and monitoring of 
strategies and policies for industrial cluster innovation (Cassiolato et al., 2008).

Criteria Code Description
Inclusion I1 Peer-reviewed primary studies from journals, conferences, and workshops that 

apply models to evaluate the innovation performance of industrial clusters.

Exclusion

E1 Studies with unavailable access or those providing only the abstract. 
E2 Extended abstracts or short papers (documents with fewer than six pages). 
E3 Duplicate studies. 
E4 Studies that were not related to the research question. 
E5 Studies written in languages other than those selected for this research.

E6 Studies that explored innovation in the context of economic clusters but did not 
cover innovation assessment based on indicators, metrics, or other parameters. 

E7 Quality index, as described in Duarte et al. (2021).

Figure 3. Criteria for study selection. Source: Authors (2025)
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Sources of publications
The 85 documents are distributed across 58 publication sources, indicating a dispersion of 
scientific production in the field, according to Bradford’s law (Machado Junior, Souza, 
Parisotto, dos, & Palmisano, 2016), possibly due to the multidimensional nature of innovation, 
which encompasses different domains of knowledge.
To highlight the main publication sources and their relationships, a network was created 

restricted to journals with at least three publications, resulting in five journals distributed into 
two groups (Figure 5).
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Figure 4. Temporal distribution of publications. Source: Research data (2025)

Figure 5. Citation networks of the main publication sources. Source: Research data (2025)
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The first group (red) includes the journals “Sustainability”, “Regional Studies”, and 
“Industry and Innovation.” Studies in this group have focused on the relationships and 
influences of multiple factors on the innovation performance of industrial clusters, with an 
emphasis on network factors, including cooperation, proximity, and social capital (Zeng, Liu, 
& Yi, 2019; Sanchez-Garcia, Marco-Lajara, Seva-Larrosa, & Martinez-Falco, 2024); 
knowledge management, addressing knowledge sources, absorptive capacity, and related 
aspects (Dai, Tang, Huang, & Cui, 2023); and sustainability, analyzing aspects such as eco-
innovation, green innovation performance, and similar aspects (Mercado-Caruso et al., 2020).
The second group (green) includes journals “European Planning Studies” and “Journal of 

Small Business Management.” This group primarily examines how network factors influence 
innovation performance, including geographical and relational proximity and (Molina-
Morales & Mart�ınez-Fern�andez, 2010) the frequency of interactions (Terstriep & L€uthje, 
2018), among others.
These groups converge in exploring relationships and influence social networks according 

to the innovation performance of industrial clusters. This can indirectly provide indicators, 
metrics, or other parameters. However, the first group is broader and more diverse, 
encompassing aspects such as knowledge management and sustainability. This result may be 
associated with the multidisciplinary nature of sustainability, which stands out for having the 
highest number of occurrences (10 studies), while the others vary between three and five.
This result highlights a significant advance in the evaluation of innovative performance, 

consistent with the systemic innovation model, according to which innovation arises from the 
interaction between multiple actors in the ecosystem and not just from isolated initiatives 
(Cassiolato, Vargas, Stallivieri, Matos, & Amorim, 2012). However, greater collaboration 
among researchers and some degree of conceptual and methodological standardization are still 
required. Funding agencies can stimulate collaborative results by providing centralized 
infrastructure, promoting researcher meetings, and creating shared data repositories, thereby 
strengthening team science and consolidating a collaborative culture (Ducharme et al., 2024).

Authors
To identify the most productive authors, the citation analysis considered authors with at least 
three articles, resulting in four authors grouped into a citation network (Figure 6).
The researchers in this author citation network were Francesc Xavier Molina-Morales, Luis 

Martinez-Chafer, Manuel Exposito-Langa, and Jose-Vicente Tomas-Miquel. These results

Figure 6. Citation network of the main authors. Source: Research data (2025)
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confirm Lotka’s law, as there are only a few highly productive authors, while many have a low 
number of publications (Machado Junior et al., 2016).
The focus of these authors is the study of the relationships and influences of multiple factors 

on the innovation performance of economic clusters, with an emphasis on network factors 
such as trust (Molina-Morales, Mart�ınez-Fern�andez, & Torl�o, 2011)and proximity (Molina-
Morales et al., 2014). Despite these contributions, the predominance of indirect and relational 
evaluations requires attention to avoid path dependence, (Licha, 2004) which may limit the 
advancement of more integrated models and direct measurements of innovative capacity.

Keyword co-occurrence networks
For this analysis, a network was formed restricted to terms with a minimum of 10 occurrences, 
resulting in 11 terms distributed across two keyword co-occurrence networks (Figure 7).
The first group (red) consists of eight keywords: Industrial Clusters (49), innovation (29), 

networks (27), collaboration (10), Absorptive Capacity (25), knowledge (22), R&D (15), and 
impact (13). These terms suggest that studies assess innovation in industrial clusters with 
emphasis on networks and collaboration, knowledge absorptive capacity, and R&D activities. 
The indicators considered included R&D personnel in companies (Molina-Morales et al., 
2011) and new methods for managing external relations with companies or institutions 
(Exp�osito-Langa, Tom�as-Miquel, Bratucu, & Barbulescu, 2018).
The second group (green) comprises three keywords: firms (13), spillovers (11), and 

Innovation Performance (31). These terms refer to studies that assess innovation in clusters 
with an emphasis on business performance and spillover effects among organizations, 
exploring both the internal and external effects related to firms’ innovation capacity. In 
general, this assessment considers indicators, such as sales revenue from new products (Liu & 
Wu, 2023) and the number of new products introduced by a company in the market (Sanchez-
Garcia et al., 2024).
Based on Zipf’s law, keyword co-occurrence analysis enables the identification of potential 

research lines that focus on measuring innovation in industrial clusters (Machado Junior et al., 
2016). This analysis suggests two research lines: (1) networks and knowledge dynamics and 
(2) innovative capabilities and performance.

Figure 7. Keyword co-occurrence networks. Source: Research data (2025)
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In the first research line, it is understood that organizations generate innovations through 
participation in social networks that connect key actors in the innovation process within a 
given territory (Molina-Morales & Mart�ınez-Fern�andez, 2010). By enabling multiple spatial 
interactions, these networks help companies acquire knowledge, resources, innovative 
technologies, and more (Yan & Zou, 2024). They are not limited to transactions of goods and 
services but also serve as essential channels for knowledge flow, a crucial aspect for the 
development of industrial clusters (Gebreeyesus & Mohnen, 2013).
In this context, knowledge acquired by clustered companies comes from both internal and 

external sources. Internally, knowledge assimilation occurs gradually, building on pre-existing 
expertise and innovative ideas, while fostering teamwork and the exchange of knowledge and 
experiences among employees (Linhares et al., 2021). Externally, the focus shifts to the vast 
amount of knowledge that clustered companies receive from other members of the 
agglomeration (Molina-Morales & Exposito-Langa, 2012) through the processes of 
socialization, articulation, combination, and internalization of knowledge (Roveda & 
Vecchiato, 2008).
Finally, the second strand of research reinforces the need to consider companies’ 

innovation capacity and its internal and external impacts as evaluation criteria for the 
performance of industrial clusters. It is based on the understanding that innovation 
performance reflects the outcome of a series of innovation activities carried out within 
companies or externally, measured through related indicators, such as patents, revenue, and the 
number of firms in certain regions, among others (Li et al., 2020). This result supports the 
findings of Zeng et al. (2019), who highlighted two central approaches to assessing innovation 
performance in industrial clusters: one that explores the competitive advantages arising from 
industrial clusters as an integrated system, and another that focuses on the roles played by the 
firms within these clusters. This research is grounded in a widely accepted understanding 
within the academic community that industrial agglomeration and innovation are interrelated 
and mutually influence each other. In other words, although industrial agglomeration can 
foster innovation, innovation is driven by the development of an economic cluster (Li & 
Wang, 2019).
The identified thematic axes can support innovation assessment practices in industrial 

clusters as they reflect the properties that are essential to innovation in the context of economic 
clusters. Innovation indicators can be organized into four dimensions: networks, knowledge 
dynamics, innovative capabilities, and business performance.
First, networks (relationships between multiple social actors) create the necessary 

structural conditions to increase the innovative performance of these clusters (Molina-Morales 
& Mart�ınez-Fern�andez, 2010; Yan & Zou, 2024).
Knowledge dynamics emerge in networks that strengthen innovative capabilities, because 

innovation depends on continuous learning processes. In this sense, the creation, 
dissemination, assimilation, and application of knowledge within and outside organizations 
provide inputs that fuel the development of innovations (Cohen & Levinthal, 1990; Li, Han, & 
Shen, 2019).
Innovative capabilities (product, process, marketing, and organization) are boosted by the 

application of knowledge and use of other resources shared within networks (Linhares et al., 
2021; Yan et al., 2023). Finally, performance refers to monitoring the expected results of 
innovative activities, whether internal or external. It is necessary to monitor the dynamic 
effects of innovation, which can manifest differently over time and in different operations and 
management in an industrial area where clusters are located. This allows a better 
understanding of innovative processes and directs the development of actions aimed at 
increasing the innovation performance of companies and regions (Cassiolato et al., 2008; Li 
et al., 2020).
Thus, in the context of economic clusters, innovation is an integrated, multidimensional 

phenomenon. Accordingly, it is recommended to evaluate the effects of the dimensions

Revista de Gest~ao

9

Downloaded from http://www.emerald.com/rege/article-pdf/doi/10.1108/REGE-07-2025-0100/11346860/rege-07-2025-0100en.pdf by guest on 17 June 2026



presented from a systemic perspective, that is, to understand their combined impacts and not in 
isolation.

Innovation assessment strategies
The models analyzed were divided into direct and indirect strategies. Approximately 92% (78 
documents) of the studies examined the relationships and influences of specific factors such as 
entrepreneurship (Li et al., 2020), absorptive capacity (Linhares et al., 2021), and networks 
(Yan & Zou, 2024) on the innovative performance of industrial clusters, indirectly providing 
indicators, metrics, or other evaluation parameters.
Only 8% (seven documents) used direct models to evaluate innovation, using indicators, 

metrics, and other parameters. Studies that have adopted this approach have diverse purposes, 
including identifying the degree of innovation (Boix & Galletto, 2009; Benevides et al., 2019), 
measuring eco-innovation (Mercado-Caruso et al., 2020), evaluating innovative capacity 
(Bittencourt, Galuk et al., 2019, Bittencourt, Zen, & Pr�evot, 2019; Miranda & Monta~no, 2017; 
Yan et al., 2023), and identifying innovative industrial clusters (Zeng et al., 2024).
These data highlight a gap in the literature that needs to be filled with a reduced number of 

models focused on evaluating the innovation performance of industrial clusters. This is a 
consequence of several factors, such as conceptual complexity associated with the multiple 
dimensions and functions of innovation (Mercado-Caruso et al., 2020; Yan et al., 2023); lack 
of standardization of indicators, (Boix & Galletto, 2009) limited engagement in the evaluation 
process due to a lack of understanding of the concept by those involved, (Benevides et al., 
2019) and data scarcity (Zeng et al., 2024); among others.
In this context, identifying the core topics addressed in the assessment of innovation in 

industrial clusters as well as the main indicators, metrics, and other evaluation parameters 
constitutes a fundamental starting point for reducing or overcoming existing challenges. It is 
equally important to explore ways to mitigate data limitations, such as the use of big data and 
machine learning (Zeng et al., 2024).
Finally, the implementation of actions aimed at raising awareness among members of 

economic clusters about the dynamic nature of innovation and the importance of contributing 
to its evaluation is recommended so that they feel motivated to seek solutions for the 
development of their regions. The development and application of these models will provide 
opportunities for improvements in the evaluation operations of this construct, considering the 
continuous interactions between members with distinct innovation capabilities in a region as 
well as allowing the capture of innovation patterns and trends that evolve spatially and 
temporally, as highlighted by Li et al. (2020). From this, it is possible to identify limitations 
and opportunities, assisting in the planning and execution of objectives aimed at increasing the 
performance of these clusters and understanding the specificities of each region analyzed.

Innovation indicators
There is no consensus among researchers on the assessment of innovation in economic clusters 
because of the diversity of indicators present in the models developed: patents (Zeng et al., 
2024), product, process, organizational, and marketing innovations (Mendes, Braga, Silva, & 
Ratten, 2023). Consequently, depending on the indicators adopted for this assessment, the 
same cluster may have different performance, and these results may not reflect what happens
in practice.
In this sense, based on the sample of studies analyzed, innovation indicators were identified

to contemplate the multiple facets of innovation in the context of such clusters. Precisely, four
hundred and three indicators were identified and grouped into analytical categories, resulting
in a set of ten main indicators that can be used to assess innovation in industrial clusters
(Figure 8).
Process innovation (21%) was the most recurring indicator, followed by networks and 

collaboration (15%), and the environment and society (12%). Product innovation (11%),
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market innovation (10%), and R&D (9%). Economic and financial performance and patents 
show reduced use, both at 6%, while knowledge and organizational innovation are the least 
frequent at 5% each. Although some indicators stand out in terms of frequency, it is 
recommended that future research should be integrated to assess innovation performance at 
different organizational levels, from micro to macro, in line with the international trend of 
adopting multidimensional approaches to innovation assessment (Li et al., 2019). This need 
arises from the inherent limitations of one-dimensional analyses, given that innovation is a 
complex and multifaceted phenomenon subject to variations across industries, sectors, and 
different territorial contexts (Taques, L�opez, Basso, & Areal, 2021).
Therefore, the adoption of a common core of indicators is advocated, whose metrics should 

be territorially contextualized and validated by experts or key local actors. Innovation 
assessment models must incorporate strategic alignment, the innovative potential of the 
territory, and the internal and external factors that influence it (Strielkowski, Kalyugina, 
Fursov, & Mukhoryanova, 2023).
Finally, several studies lack a basis in specialized literature on measuring innovation, which 

can compromise the robustness of the analyses and the replication of the models in different 
contexts. Innovation indicators must meet desirable properties, including accessibility and 
clarity, ensuring that they are widely available, understandable, and accompanied by 
supporting metadata and guidelines for interpretation (OECD and Eurostat, 2018). However, 
in the models reviewed, there was a significant lack of information on the indicators and their 
metrics. For example, in 71% of the studies (60 documents), the indicators were not described 
and 55% of the studies (46 documents) did not provide evaluative metrics.

Structural 
dimension

Analytical category Description
srotacidni

n  oitavonnI

Process Ability to adopt new methods or improve processes from 
production to delivery. Includes metrics like: number of new 
technologies introduced into the production process, among 
others.

Product Improving products/services and launching new ones. Includes 
metrics like: number of new product lines introduced, among 
others.

Marketing Introducing or improving marketing strategies (Product, Price, 
Place, Promotion, others.). Includes metrics like: new techniques 
or channels for product promotion, among others.

Organizational Adapting business practices internally and externally. Includes 
metrics like: improving the division of responsibilities, among 
others.

Networks Establishing links and building collective capabilities through 
collaboration and cooperation between multiple social actors. 
Includes metrics like: participation in project groups and 
consortia, among others. 

R&D Organizational structure (investments, human resources, others.) 
for R&D. Includes metrics like: personnel involved in R&D in 
companies, among others.

Patents It refers to the protection of innovations through patents, 
including metrics such as: number of patents granted in the 
industrial cluster, among others.

Knowledge management 
and management

Structures and practices for sharing and applying internal and 
external knowledge. Includes metrics like: training and 
development, among others.

Economic and financial 
performance

Investments, allocation of financial resources and economic 
indicators, such as: loans, among others.

Sustainability Innovations for environmental Sustainability. Includes metrics 
like: environmental certifications, among others.

Figure 8. Innovation indicators for industrial clusters. Source: Research data (2025)
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Thus, the identification of potential innovation indicators, accompanied by clear 
descriptions and metrics, fills gaps in existing models, especially regarding the lack of 
consensus, clarity, and other essential properties of innovation indicators. Consequently, this 
study offers alternatives to mitigate challenges related to the comprehensiveness, 
comparability, updating, and reliability of information (Todorov et al., 2024), which 
frequently emerge in these evaluations.

Conclusion
It was found that, over the years, the literature has focused on analyzing the relationships and 
influences between multiple aspects and innovative performance in clusters, with emphasis on 
factors associated with social networks. Topics such as knowledge management and 
sustainability have been explored, indicating progress toward systemic approaches that 
support the evaluation of innovation in clusters. However, dialogue among studies remains 
fragmented, as evidenced by the lack of consensus regarding the indicators used.
In this context, in addition to identifying the main thematic axes of the field, this study 

presents a set of innovation indicators with clear descriptions and metrics, filling gaps in 
existing models, particularly regarding the essential properties of the indicators. This is a 
multidimensional approach in which the indicators are combined and distributed among the 
identified thematic axes. This understanding represents the initial idea of an assessment model 
that is intended to be consolidated, both theoretically and empirically.
This study contributes to the development of more robust models for evaluating innovation 

in clusters by expanding the analytical scope, improving comparability, updating parameters, 
and indicating ways to strengthen the reliability of assessments.
This study is not without limitations, one of which is the restriction of research to the WoS 

database, although it is widely recognized by the scientific community. In this sense, it is 
suggested that future research should consider consulting other databases such as 
ScienceDirect and Scopus. Furthermore, it is suggested to develop conceptual frameworks 
that explore the connections between research topics and indicators as well as to assess the 
innovation performance of different clusters based on the recommended indicators.
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