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ABSTRACT

This paper presents an empirical study on how knowledge management practices and innovation 
sources affect product innovation performance among the 152 manufacturers in the low- and high-
tech industries in China. The results indicate that external innovation sources are positively correlated 
with innovation activities and new product performance. Intellectual property (IP) and knowledge 
management practices (KMP) are positively correlated with innovation activities, and KMP is 
positively correlated with innovation sources. The dual effect of KMP shows its indispensable effect 
on the new product development for both high-tech and low-tech firms, but for low-tech firms, such 
effect is relatively weak. This empirical study shows that IP management is critical to high-tech but 
not low-tech firms. The authors also found that, for innovation activities, low-tech depends on the 
external sources of innovation whilst high-tech firms do not.
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1. INTRODUCTION

Sourcing and managing knowledge are critical for product innovation (Law, Lau, & Ip, 2019; 
Hernandez-Vivanco, Bernardo, & Cruz-Cázares, 2016). Knowledge for innovation in both tacit or 
explicit forms can come from different sources through internal and external innovation activities, such 
as up-to-date publications, databases or information from business partners (Cassiman & Veugelers, 
2006). Innovation relevant studies have focused on the economic outcomes, innovation actors, the 
quantitative measurement of innovation performance, and the effectiveness of funded initiatives 
(Yam, William, Tang, & Lau, 2011).

Literature about product innovation is generally focusing on high-tech industries (Chai, Yap, 
& Wang, 2011), and not much on low-tech industries or the comparison between those (Martinez, 
Zouaghi, & Garcia, 2017). Innovation activities can be found in high-tech and low-tech industries; 
however, the global trend focuses on high tech developments. Non-high tech industries are mostly 
ignored in these innovation activities though they contribute significantly to the market (Abbate 
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et al., 2020; Law, Lau, & Ip, 2019; Brookfield, Liu, & MacDuffie, 2008). High-tech companies 
involve higher technological complexity levels and extensive R&D activities and are characterized by 
product innovations. In contrast, low-tech companies are characterized by the process, organizational 
and marketing innovations with weaker internal innovation capabilities and dependent on external 
embodied knowledge acquisitions (Pavitt, 1984). Scholars reported that they have distinctive contexts 
for internal and external knowledge capabilities and collaboration (Buenechea-Elberdin et al., 2018; 
Berchici et al., 2013; Bender 2008; Heidenreich, 2009). To improve innovation performance, low-tech 
firms, for example, look for R&D human capital, while high-tech firms invest in R&D expenditures 
(Zouaghi et al., 2018). Due to low R&D investment, low-tech firms usually lack the absorptive capacity 
to take advantage of external scientific knowledge for product innovation effectively but are good 
to acquire other types of external knowledge (e.g. social science knowledge from local universities) 
for process and marketing innovations (Abbate et al., 2020; Flor et al., 2021). In view of this, the 
knowledge management for high-tech and low-tech firms should be different, but there is less attention 
to their differences in literature (Flor et al., 2021; Trott and Simms, 2017). 

Due to the lack of understanding of the low-tech innovation processes, it is essential to study the 
innovation activities for both types of industries for offering the proper instruments to support their 
industrial development in terms of innovation activities and knowledge management practices (KMP) 
(Martinez, Zouaghi, & Garcia, 2017; Jensen, Johnson, Lorenz, & Lundvall, 2007; Hirsch-Kreinsen, 
2008; Heidenreich, 2009). Cooperating with internal and external parties is commonly seen among 
firms to create new knowledge (Cassiman & Veugelers, 2006). Especially, a high-tech firm usually 
uses sophisticated information management systems to facilitate knowledge sharing and acquisition 
(Lyu & Zhang, 2017; Xi, Zhao, & Na, 2019). Thus, the KMP for low-tech firms may be different from 
that of high-tech firms. However, to our best knowledge, a comparative empirical analysis of KMP 
and sources of innovation for high-tech and non-high-tech firms is a few in China manufacturing.

This main objective of this research is to study the impact of knowledge management practices 
(KMP) on product innovation performance. This paper presents an empirical study on the exploration 
of how knowledge management practices (KMP), the sources of innovation, and the use of intellectual 
property protection affect product innovation performance in China, comparing them with low- and 
high- tech industries. One of the critical challenges for business owners in a knowledge-based economy 
is how organizations can create value and present appropriate performance of their products and 
services by exploring and exploiting different layers of knowledge to obtain strategic results of the 
business (Valmohammadi, Sofiyabadi, & Kolahi, 2019; Novak, Breznik, & Natek, 2020). The new 
product innovation processes involve a high level of knowledge management practice, including the 
storage and diffusion of knowledge. The knowledge sharing between organization members through 
open communication and cross-functional teams could help accomplish tasks on time and more 
effectively, especially for highly innovative projects. However, the impact of knowledge management 
practice (KMP) on new product performance remains unclear, especially how KMP is affecting the 
innovation activities which drive the new product development (Akgün, Byrne, Keskin, & Lynn, 
2006; Akgün, Lynn, & Yilmaz, 2006; Akgün, Byrne, Keskin, & Lynn, 2005).

The study, therefore, attempts to explore the influence of innovation activities on new product 
performance by considering the effect of KMP and the use of IP on innovation activities. The 
motivation of this empirical study is in research on the moderating effect of KMP in the relationship 
between innovation activities and new product performance. More importantly, this study also 
examines if there exists a significant difference between high-tech and low-tech firms regarding the 
effects of KMP on product innovation performance, thus contributing to the understanding of how 
R&D investment affect knowledge management (Flor et al., 2021; Abbate et al., 2020; Trott & Simms, 
2017; Heidenreich, 2009). As low-tech industries, similar to high tech ones, deliver economic growth 
and development for countries, this is important for scholars to identify how their firms innovate 
new products (Trott & Simms, 2017). However, according to our literature search, such studies are 
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uncommon in China manufacturing and other advanced economies. The focus on high- and low- tech 
companies and their comparison in China’s context is the novelty of this study.

2. THEORETICAL BACKGROUND

2.1. Influence of Innovation Activities 
In the past two decades, various inputs to innovation systems, such as innovation capacity and activities, 
and innovation clusters, have been studied extensively (Love & Roper, 2015; Hekkert, Suurs, Negro, 
Kuhlmann, & Smits, 2006; Wang, Lin, & Li, 2010; Breznik, 2016), as well how innovation activities 
and other factors affect competitiveness and performance (Yam, William, Tang, & Lau, 2011) and 
more on the impacts of innovation (OECD, 2010). However, it is still unclear how innovation-related 
activities impact the new product performance and context-specific (Duran, Kammerlander, Van 
Essen, & Zellweger, 2016). Further, the direct impacts of motivators and barriers or their mediating 
effects on performance require a clear explanation (Wang, Lin, & Li, 2010).

Internal activities of innovation refer to those that are based on the use of internal capabilities, 
internalized knowledge, while external activities refer to the activities associating with external 
sources (Cassiman & Veugelers, 2006; Chen & Yuan, 2007; Serrano-Bedia, López-Fernández, & 
García-Piqueres, 2012). The mediating effects of innovation activities on the innovation-performance 
(including product innovation) relationship, such as the acquisition of new knowledge, are well 
confirmed (Yang, Lin, Chan, & Sheu, 2010; Hashi & Stojcic, 2013; Gunday, Ulusoy, Kilic, & Alpkan, 
2011). However, the importance of KMP in different specific industries and its impact on innovation 
is still unclear (Jensen, Johnson, Lorenz, & Lundvall, 2007; OECD, 2011).

Innovation activities increase a firm’s ability to develop new resources and capabilities (Frenz 
& Letto-Gillies, 2009). Relying on external innovation activities may direct firms from exploitation 
to the exclusion of exploration. These firms are likely to become effective in the short term but 
self-destructive in the long term (Serrano-Bedia, López-Fernández, & García-Piqueres, 2012). The 
values of external sources of innovation based on alliance diversity can be affected by the technology 
intensity of the industries (Cassiman & Veugelers, 2006) or environmental dynamism (Wang, Lin, & 
Li, 2010). The family businesses tend to pursue lower innovation inputs as they are more sensitive 
to uncertain activities and to protect their share right than non-family firms, even if they can be 
more efficient in generating innovation outputs (Duran, Kammerlander, Van Essen, & Zellweger, 
2016). For enhancing innovation performance, firms in high-tech industries require more human and 
internal relational capitals. In contrast, firms in low-tech industries require more structural capital 
(Buenechea‐Elberdin, Kianto, & Sáenz, 2018). Entrepreneurial capital may be more critical to high-
tech firms, while renewal capital is more important to low-tech firms. Therefore, we expect that the 
knowledge and innovation management activities for firms in different industrial contexts (such as 
high-tech or low-tech industries) would be distinctive (Reboud, Mazzarol, & Soutar, 2014), which 
warrants further studies.

2.2. Innovation Activities in China Industries
Innovation patterns of firms vary among regions, cultures, organizations and technology intensities 
(Law, Lau, & Ip, 2019; Kirner, Kinkel, & Jaeger, 2009). 

High-tech firms spend largely on intramural R&D (Hirsch-Kreinsen, 2008; Heidenreich, 2009), 
while the sources of innovation in low-tech industries are usually exogenous (Hertog, Bergman, & 
Charles, 2001). In high-tech firms, information sources are generally internal sources, whereas low-
tech firms are external (Law, Lau, & Ip, 2019).

Besides information sources for innovation, high- and low- tech firms are also with different 
human capitals. Large firms rely on the capabilities of individuals in creating new products, improving 
product quality and acquiring resources. However, small and medium enterprises (SME) rely more 
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on collective learning, by referring to or imitating external sources, such as imitation of foreign 
technology rather than on indigenous innovation (Wang, Lin, & Li, 2010; Barbieri, Di Tommaso, 
& Huang, 2010). 

In China, the major factors leading to significant innovation performance among high-tech firms 
include government’s support and investment, acquiring knowledge sources and technology transfer 
(Sun & Du, 2010; Cheung, 2010).

On the other hand, many low-tech firms in China ventured into the high-tech process and 
technologies (Santamaria, Nieto, & Barge-gie, 2009). These companies include manufacturers in 
the food industry, paper, publishing and print industries, and many other products such as furniture, 
metal products and plastic products (Hirsch-Kreinsen, 2008; Lee, Choy, & Chan, 2014; Lee, Tse, 
Ho, & Choy, 2015). There are several barriers concerning the innovation processes of low-tech firms, 
including the knowledge-base, knowledge carriers, knowledge sharing, and innovation capability. 
Both high- and low-tech sectors have their specifics in innovation (See Table 1).

2.3. Knowledge Management Practices In China Industries
Knowledge management practices (KMP) is impactful on innovation performance. Effective KMP 
leads to effective innovation capacity (Donate & Sánchez de Pablo, 2015; Sofiyabadi, Valmohammadi, 
& Sabet Ghadam, 2020. It affects innovation performance by connecting R&D efforts, new idea 
generation and innovations (Zack, McKeen, & Singh, 2009). Effective management of market or 
employee knowledge also improves innovation performance. 

Knowledge management practices result in the supply of competencies and required capacities 
to empower the organization (value creation) through knowledge discovery and novel methods. 
Knowledge management functions develop innovation capacities and functional outcomes. Applying 
knowledge management practices like creating and sharing knowledge leads organizations to growth, 
innovation, the creation of new business models, and the creation of the proper position in their 
industry (Valmohammadi, Sofiyabadi, & Kolahi, 2019; Ode & Ayavoo, 2020).

For example, a previous study in the Australia and New Zealand region among high-tech 
manufacturing companies showed that KMP contributes to innovation performance when a 

Table 1. Comparison of knowledge and innovation practices between high-tech and low tech in China

  High-tech Low-tech

Category Medical & Pharmaceutical Products; 
Manufacture of Aircraft & Spacecraft; 
Manufacture of electronics & telecom 
equipment; computer & office equipment and 
Manufacture of Medical and & Measuring 
Instruments

Household appliances, the food industry, the 
paper, publishing and print industries, wood and 
furniture, the manufacture of metal products and 
the plastic products

Sources of 
information 

Internal sources within the enterprise group, 
components or software

External sources such as suppliers of equipment, 
materials

Innovation 
behavior

Large firms, according to individual capability, 
create new products to improve product quality 
and to capture the resources needed; 
Small firms rely heavily on imitation of 
foreign technology rather than on indigenous 
innovation;

Venture into high-tech process technologies; or 
simply based on diffused innovation generated 
in the high-tech sectors.

Knowledge 
practices

Knowledge resources captured by large firms 
depend on development needs for the future, 
knowledge sources from internal; 
Small firms rely more on collective learning and 
external knowledge sources;

Facing new concerns, such as knowledge 
sources, knowledge dissemination where the 
sources could be from the high-tech sectors.
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simultaneous approach of soft human resource management practices and problematic information 
technology practices are implemented (Donate & Sánchez de Pablo, 2015). Another study among 
high-tech SME in the pharmaceutical industry showed the positive effects of KMP practices on 
innovation performance (Alegre, Sengupta, & Lapiedra, 2013). 

However, KMP in China can be different on whether the firm is high-tech or low-tech. High-
tech firms focus more on new product-related innovations, whereas low-tech firms are more on the 
services, such as introducing innovative manufacturing technologies or implementing innovation 
concepts (Law, Lau, & Ip, 2019). High-tech firms are more adaptive to develop dynamic KMP 
(Shang, Lin, & Wu, 2009). Innovation and knowledge created in the high-tech sectors diffuse into 
the low-tech sectors (Robertson & Patel, 2007). However, low-tech firms are faced with problems 
concerning the innovation processes, including the capability in knowledge, carriers of knowledge 
and the dissemination of knowledge (Cheung, 2010). 

Though it has been proven that there are correlations between KMP and innovation, the effects 
of them with innovation sources and activities on innovation performance are still unclear while 
comparing in the high-tech and low-tech industrial contexts. This study thus explores how KMP affects 
product innovation performance in the context of China manufacturing in both types of industries. 
The research questions are, therefore: 

•	 How do KMP impact product innovation in the industries in China?
•	 How do the low-tech firms differ from the high-tech firms in China regarding the KMP and 

innovation performance?

3. RESEARCH MODEL

In this study, a structured equation model is proposed to study the impact of innovation sources, 
innovation activities, KMP, and intellectual property (IP) usage on product innovation performance 
(Figure 1). 

Innovation sources refer to the external sources of innovation actively acquired by the firms. 
Innovation activities in this study refer to the internal innovation activities of the firms. These activities 
include R&D and corresponding innovation processes. The proposed research model incorporates IP 
and KMP, and new product sales measure product innovation performance. 

In general, innovation activities have positive effects on product innovation performance and 
have relationships with access to external sources (Cassiman & Veugelers, 2006; Chen & Yuan, 2007; 
Serrano-Bedia, López-Fernández, & García-Piqueres, 2012; Hashi & Stojcic, 2013). Extant literature 
in general shows that multiple innovation sources help firms generate new, diverse knowledge that 
can be adopted, simulated, and integrated for different innovation activities, leading to better new 
product performance. When the firms seek information and ideas from external parties like customers, 
suppliers, universities, research institutions, government/public authorities, consultants, the press, or 
trade fairs (OECD, 2010), the collected information can be used to improve learning-by-using/doing/
sharing and experimentation for product innovation (Sharif, Baark, & Lau, 2012). 

The abundant lead user literature has further suggested that customer or user is a major source 
of innovation for product innovation (Marzi, Ciampi, Dalli, & Dabic, 2020; Bigliardi, Ferraro, 
Filippelli, & Galati, 2020). When a user/customer acts as a source of innovation collaborating with 
the firm in innovation activities, the firm can better understand customer needs by recognizing and 
exploiting more innovation opportunities, acquiring and co-creating knowledge with the customers. 
These lead to better product concepts for breakthrough innovation (Brem, Bilgram, & Gutstein, 2018; 
Schweisfurth, 2017; Lettl, Hienerth, & Gemuenden, 2008). Some lead users can pave the way for 
radical innovations launching in the marketplace (Roy, 2018). 

With diverse innovation sources obtained, internal R&D can improve a firm’s ability to create and 
absorb new internal and external knowledge for innovation (Sharif, Baark, & Lau, 2012). External R&D 
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activities improve external knowledge sharing and collaborative innovation activities, leading to better 
innovation performance (Wang & Hu, 2020). The acquisition of external knowledge helps increase 
the knowledge stock for recombinative innovation and enlarge the possible experimental innovation 
solutions (Papa, Dezi, Gregori, Mueller, & Miglietta, 2018). Adopting machinery, equipment, and 
other capital goods helps develop new production processes for incremental innovation (Pavitt, 1984). 
Other preparations for innovation activities facilitate product commercialisation and export new 
products or processes that motivate firms to innovate (Baldwin & Johnson, 1996). 

However, existing literature on knowledge relatedness and innovation has not considered the 
significant difference between high and low‐tech industries. Empirical analyses of knowledge search 
pattern and firms’ innovation are exclusively based on either high‐tech industries or the whole 
manufacturing industries (Wu & Wang, 2017). Hence, little has been known about the knowledge 
search pattern and innovation of low‐tech firms. Comparatively, high‐tech industries, low‐tech 
industries are easily subject to price competition and costs rather than inventions. Low tech industries 
are generally focused on incremental innovation rather than radical innovation and may rely on 
innovation sources (Grillitsch, 2015). While this relationship can be well-studied, We would like to 
study how innovation sources and activities affect new product performance among low-tech and 
high-tech firms. It is thus hypothesized: 

H1a: Innovation sources are positively correlated with innovation activities
H1b: Innovation activities are positively correlated with new product performance

The integration of different sources of knowledge and information relating to the new product 
development process is critical to the knowledge management practices of new product innovation 
(Marzi, Ciampi, Dalli, & Dabic, 2020). Knowledge management practices (KMP) are closely related 
to product innovation performance. These practices include how the team level knowledge is managed 
and the learning processes within the new product project teams. Researches have confirmed the 
linkage between team learning and new product success, while team level learning is integral in the 
KMP of new product teams (Akgün, Byrne, Keskin, & Lynn, 2006; Akgün, Lynn, & Yilmaz, 2006; 

Figure 1. Research Framework
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Akgün, Byrne, Keskin, & Lynn, 2005). It would be crucial to understand how the knowledge is 
acquired, accumulated and applied in the new product innovation processes.

KMP is found to impact product innovation performance and proven to be associated with 
innovation performance by connecting R & R&D efforts (Zack, McKeen, & Singh, 2009). Effective 
KMP helps to share or distribute new knowledge acquired from innovation sources to the relevant 
internal units, which increase the opportunity for product innovation. The KMP can also streamline 
the innovation activities by creating a database for the interior units to identify and acquire internal 
and external knowledge for innovation (Shang, Lin, & Wu, 2009). These efforts can be considered 
as innovation activities that involve corresponding innovation sources. 

Innovation in low‐tech industries can be fulfilled merely by in‐house R&D activities (internal 
knowledge search) that does not require advanced external technology (Hirsch-Kreinsen, 2008). 
Recent studies pointed out that innovation of low‐tech firms does not depend on formal (internal) 
R&D activities but activities such as design, the use of advanced machinery and training as well as 
external sources of knowledge and information (Cheung, 2010). A study carried out in 2012 found that 
external rather than internal knowledge search exerted a significant influence on product innovation 
of low‐tech enterprises (Grillitsch, 2015). 

To further explore whether KMP can help both high-tech and low-tech firms improve product 
innovation in a significant way, it is hence hypothesized:

H2a: KMP is positively correlated with innovation sources
H2b: KMP is positively correlated with innovation activities
H2c: KMP is positively correlated with new product performance

The literature reviewed is limited in content to hypothesize that the use of IP practices impacts 
product innovation performance, despite the potential contribution of intellectual property (Tidd, 
2017). In general, firms with effective IP practices can secure and capitalize on the innovation outputs. 
They may be encouraged to invest in sourcing new ideas and conducting various innovation activities. 
Intellectual property (IP) is viewed in innovation management research as an indicator or proxy for 
innovation inputs or outputs, e.g. patents or licensing income, or in innovation management practice, 
as a means of protecting knowledge. Lee et al. (2018) reports that, under technologically complex 
industries, multiple IP protection mechanisms can complementarily improve product innovation 
performance, but, under technologically simple industries, the mechanisms may substitute with each 
other that diminish their effects on innovation. Also, patent usage may not be effective for product 
sales in traditional industries (Agostini, Filippini, & Nosella, 2016). However, according to a structural 
literature review, Pedro et al. (2018) report insufficient large-scaled empirical research in the field of 
IP and the consequences of IP management. The effect of IP usage on firm performance may depend 
on the company’s strategy and capabilities with the institutional environment, which require further 
studies (Grzegorczyk, 2020). 

Considering that IP is often adopted in knowledge creation, we would thus like to explore if the 
use of IP has an impact on innovation activities as well the new product performance in both high-
tech and low-tech context: 

H3a: Use of IP is positively correlated with innovation sources
H3b: Use of IP is positively correlated with innovation activities
H3c: Use of IP is positively correlated with new product performance

Following the same logic, we suggest that both KMP and the use of IP can enable firms to share, 
integrate and secure their knowledge to enhance their innovation capability (Wu & Wang, 2017; Tidd, 
2017). The KMP and IP usage can be used to protect the innovation outputs generated by innovation 
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activities, promote innovation activities by specifying valuable information and rewards for the R&D 
participants, and enhance the new product performance by appropriately appropriating the outcomes 
of innovation activities (Bican, Guderian, & Ringbeck, 2017). While IP is an asset to the firm, we 
propose that IP usage affects innovation activities but may not mainly result from the innovation 
activities for three reasons. Firstly, some companies may conduct innovation activities for creating 
new products directly without using IP protections when time-to-market is critical, the IP regime is 
weak, or the firm’s ability to protect the IP is limited. Secondly, the IP usage may refer to different 
IP strategies (e.g. offensive, defensive, preventive or leveraging) and management approaches (e.g. 
the use of market power, licensing, cooperation, donation, etc.) (Grzegorczyk, 2020), which do 
not directly result from the innovation activities. For example, Chirico et al. (2020) report that the 
adoption of patent protection may depend on the family ownership structure. Instead, the effective 
combination of IP protection mechanisms can directly affect product innovation performance (Lee, 
Joo, & Kim, 2018), as we hypothesized above. Finally, while more innovation activities may relate 
to more adoption of IP, such adoption plays a critical role for the innovation activities initially, 
not consequentially, as the IP may be used for deciding an appropriation for starting innovation 
collaborations (Guo-Fitoussi, Bounfour, & Rekik, 2019), for example, reported that IP rights could 
complement with innovation activities to improve a firm’s productivity. Similar reasons may apply 
for KMP as well. Thus, we further hypothesize that:

H4a: Use of IP does partially moderate the effect on the relationship between innovation activities 
and new product performance

H4b: KMP does partially moderate the effect on the relationship between innovation activities and 
new product performance

4. METHODOLOGY 

4.1 Measures
The questionnaire applied the 7-point Likert scale, where level 7 corresponds to the strongly-agree 
category and level 1 to the strongly-disagree category. The 7-point Likert scale was used as it was 
perceived as a quick and practical but reliable rating scale (Preston & Colman, 2000). The Fourth 
Community Innovation Survey (CIS4) questionnaire design was adapted to measure sources of 
knowledge management (Law, Lau, & Ip, 2019). 

Having verified the validity of the constructs through extensive data collection and multiple pilot 
studies. The finalized constructs are shown in the Appendix. Three items: ‘sales due to new-to-market 
products’, ‘sales due to new-to-firm products’ and ‘sales due to marginally modified products’ were 
introduced to measure product innovation performance (Law, Lau, & Ip, 2019). These output-based 
innovation measures have been continuously advised to measure a company’s product innovation 
performance in the OSLO Manual 2018 (European Communities, 2018), and literature (Law, Lau, 
& Ip, 2019; Lau & Lo, 2019). 

R&D intensity of participating companies and the ratio of the R&D expenditure to the turnover 
are asked to identify where the participating company is a high- or low- tech firm. According to an 
OECD study (OECD, 2002), a 5% R&D intensity is a proxy for identifying high-tech. While we were 
not able to collect actual R&D intensity data due to confidentially, we managed to ask the respondents 
to identify their company as either: annual R&D intensity over 5% as high-tech companies (i.e. 
semiconductor manufacturing, electronics manufacturing, or other high-tech industries), or yearly 
R&D intensity less than 5% as non-hi-tech companies. T-tests were carried out on the R&D staff ratio 
between high-tech and non-hi-tech firms, and a partially significant difference is found (t=-1.918, 
p-value=0.057<0.10).
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Four control variables were added in this study. First, the industry type was added to control 
industry-specific effects (Hock-Doepgen et al., 2020). Different industries may also have different 
emphasizes on knowledge management practices (Wu & Hu, 2018). Company size in terms of 
employee numbers was controlled as it might be correlated with technological innovation performance 
as large firms would have more resources/inertia (Hock-Doepgen et al., 2020) or competition (Wu & 
Hu, 2018) for knowledge management activities. Firm innovation capacity in terms of R&D staff ratio 
was controlled as R&D investment tended to impact a firm’s innovation performance (Tsai, 2001). 
The types of product in terms of consumer and industrial products were considered new product 
success related to the product types (Fang, 2011). 

Multiple pilot studies were carried out to finalize the survey questionnaire. Three academics in 
technological innovation were primarily consulted to ensure a high level of content validity and improve 
the survey instrument. A pilot study of ten (10) specialists working in manufacturing industries in 
China were interviewed to revise the questionnaire content. Another pilot study of a pre-test of the 
revised questionnaire was conducted with thirty (30) managers from China manufacturing firms. 
They were asked to complete the questionnaire and comment on the clarity and appropriateness of 
the items in the questionnaire. The readability of items measurements was confirmed. The overall 
process of the questionnaire development follows the guideline suggested by Flynn et al. (1990) and 
Cooper and Schindler (2003).

4.2 Data Collection
Stratification of random sampling was adopted in this study based on the size and principal activity 
of the sampled companies. Data was collected from manufacturers in both the high-tech and low-tech 
industries in China. 

Fudan University assisted the selection of participating companies in China in Mainland China. 
Selected firms were in the manufacturing industry officially registered in China. 

The targeted respondents were the presidents, general managers, directors of engineering, R&D 
managers, or engineering managers to ensure that the respondents are sufficient to respond to the 
questions. Face-to-face interviews or direct contact were administered by the Fudan University in 
China (from September 2017 to March 2018). Among the 1200 invitations sent, 152 responses were 
obtained, at a response rate of 17.7%. While this response rate is relatively low, it is similar to other 
innovation studies (Sharif, Baark, & Lau, 2012; Papa, Dezi, Gregori, Mueller, & Miglietta, 2018; 
Zhang, Qi, Wang, Pawar, & Zhao, 2018). Also, the low response rates tend to be a characteristic of 
the industrial survey in Asian countries, as manufacturers might worry about information leaking 
or be too busy to answer it (Cai et al., 2015; Wang et al., 1998). To reduce the respondent bias and 
comply with an ethical standard, responses were voluntarily, and respondents were anonymous. The 
sample profile is shown in Table 2.

Table 2. All the respondents were at the senior managerial level with direct responsibilities with 
the topic concerned. The seniority level of respondents supported the credibility of the data. They 
include the presidents, general managers, engineering directors, R&D managers and engineering 
managers. Regarding the business nature, it shows that 4.4%, 31.1%, 38.5% and 25.9% of the 
respondents were in semiconductor manufacturing, and electronics manufacturing and other high-
tech industries, respectively. The ratio of consumer products and industrial products is 6:4. Most of 
participating companies are small in size, 71.1% of them had fewer than 200 employees, while only 
3.9% had more than 1000 employees. Approximately 28% of the respondent companies worked in 
R&D activities, and over 50% had at least university degrees. 

We conducted a non-response bias test by comparing the early and late respondents among the 
research constructs. Still, the results were insignificant, showing that non-response bias may not 
be a severe problem in this study. Common method variance was addressed in two stages. First, 
procedurally, the measurements of the research constructs were located in different parts of the 
questionnaire to achieve psychological and methodological separation. The respondents were allowed 
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to be anonymous when answering the questions to avoid social desirability bias. Second, statistically, 
our Partial Least Squares (PLS) model showed that no outer or inner variance inflation factor (VIF) 
value was more extensive than 3.3, suggesting that the collinearity problems might not be severe 
in this study (Sharif, Baark, & Lau, 2012). We also conducted the Harman one-factor test that the 
first factor accounted for 45.39%, which is less than 50%, suggesting that the common method bias 
might not be very severe.

Table 2. Sample profile

  N Valid percentage (%)

Type of industry*    

     Semiconductor manufacturing 6 4.4%

     Electronics manufacturing 42 31.1%

     Other high-tech industries 52 38.5%

     Other than high-tech 35 25.9%

          

Company size*    

     <50 43 33.6%

     51-199 48 37.5%

     200-699 27 21.1%

     700-999 5 3.9%

     >=1000 5 3.9%

Product types*    

     Consumer products 59 59.6%

     Industrial products 39 39.4%

          

Type of firms    

     High-tech firms (R&D ratio>5%) 
     Low-tech firms (R&D ratio<5%)

117 
35

77% 
23%

     

    Mean (S.D.)

Ratio of R&D staff   27.83% (20.60)

          

Ratio of university degree or above in R&D   58.32% (29.45)

     

Respondent positions*    

     President or vice president 2 1.5%

     General Manager and Director 4 3.1%

     Manager 79 60.3

     Engineering Specialists 46 35.1%

Note: * the total is smaller than the 152 effective responses due to missing data. Since they are not the research constructs, so we keep using them as 
control variables.
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Furthermore, we used the first factor to create a common method factor to adjust the PLS model 
testing (OECD, 2010; Liang, Saraf, Hu, & Xue, 2007). The original PLS model adding the method 
factor had the same statistical findings as to the original one without the method factor. The variance 
of innovation sources, innovation activities, and new product performance remained significant as 
R2 = 0.32, 0.55 and 0.26. Furthermore, according to Lindell and Whitney (2001) ’s marker variable 
approach, in our short questionnaire, we identified a theoretically and empirically unrelated variable 
(i.e. the respondent’s position) as a marker and correlated it with our original model. The correlations 
among all the latent variables and the marker were much less than 0.3, and the variance of the research 
constructs remained significant as R2 = 0.35, 0.56 and 0.34 correspondingly. These results suggested 
that the common method bias might not be serious in this study. Theoretically, as one of the main 
focus of our research is to test the moderation effects (H4 and RQ1), prior literature showed that 
common method bias could not inflate, but deflate, such moderating effect because the bias could 
not constitute any statistically significant outcomes observed (Podsakoff et al., 2012). 

4.3 Results and Findings
4.3.1. Data Analysis
To examine the research hypotheses, we adopted Partial Least Squares (PLS) structural equation 
modelling with the SmartPLS 3.0 version(Hair Jr, Hult, Ringle, & Sarstedt, 2017; Tashiro, Lau, 
Mori, Fujii, & Kajikawa, 2012; Marcoulides, Chin, & Saunders, 2009). Similar to the covariance-
based methods (Schweisfurth, 2017), this approach simultaneously estimates both measurement and 
structural models. The PLS approach also eases the impact of constraints, including the parametric 
assumptions, sample size requirements, model complexity, exploratory and confirmatory research, 
and factor indeterminacy (Vinzi, Chin, Henseler, & Wang, 2010). PLS is particularly useful for our 
study due to the limited amount of data and the exploratory nature of the study. Its estimation method 
is robust when the model is complex with correlated variables or non-normal data (Peng & Lai, 2012). 
Still, the PLS parameter estimates could have more bias and inconsistency than the covariance-based 
analysis. Considering the model complexity for mediation, moderation and a two-group analysis in 
a relatively small sample size available, the adoption of PLS is justified (Chin, 2010). The model 
testing partially follows the rule of thumb of a minimum of 5 cases per predictor (Hair, Hollingsworth, 
Randolph, & Chong, 2017) and detect a minimum R2 of 0.1 for a statistical power of 80% (with a 10% 
probability of error) (Bentler & Chou, 1987). In PLS modelling, SmartPLS3.0 was used to examine 
the research hypotheses, and a two-stage approach was used to examine the proposed moderation 
effects (Hair Jr, Hult, Ringle, & Sarstedt, 2017). statistically significant at p-value less than 0.001

Table 3 shows the reliability and validity results. Cronbach’s alpha over a cutoff point of 0.7, 
composition reliability over 0.6 and the AVE over 0.5 was perceived acceptable for analysis (Cohen, 
n.d.). Discriminant validity was deemed to be acceptable because the squared root of the AVE of each 
research construct exceeded the correlations of all the other constructs (Fornell & Larcker, 1981), 
the heterotrait-monotrait ratios of the correlations were less than 0.90 (Henseler et al., 2015). The 
collinearity statistics of all measurement items (i.e. VIF) were lower than 5 (Hair Jr, Hult, Ringle, 
& Sarstedt, 2017). The high correlations among the variables are understandable as they are all 
related to what a company should do to innovate, and their concepts are highly related theoretically. 
Still, they are statistically discriminant, and their correlations are below 0.8, which are acceptable in 
conducting PLS-SEM modelling. 

Figure 2 shows the PLS model results. The variance of the innovation sources, innovation 
activities and new product performance is given by R2 =0.35, 0.56 and 0.34, respectively. To determine 
the contribution of the independent variables (i.e. use of IP practices and knowledge management 
practices) being added into the model, the effect of size was calculated (Peng & Lai, 2012). It was 
assessed by inputting R2 of the models, with and without the independent variables, using Cohen’s 
(1992) effect size formula: 
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Effect size R2in innovation activities = (0.56-0.30) / (1-0.56) = 0.59	
Effect size R2 in new product performance = (0.34-0.31) / (1-0.34) = 0.05	

The values for the effect size of 0.02, 0.15 or 0.35 indicate weak, moderate or large effects of 
the model variables, respectively. Our model had an effect size between 0.05-0.59, which suggests 
an acceptable explanatory power in the study. 

On the other hand, as PLS path modelling does not provide a widely accepted global model fit 
(Hair Jr, Hult, Ringle, & Sarstedt, 2017), we cautiously adopted the Standardized Root Mean Square 
Residual (SRMR) approach to assess the model fit. Our model has an SRMR value of 0.079 in the 
estimated model, which is slightly lower than the cutoff point of 0.08 (Hair Jr, Hult, Ringle, & Sarstedt, 

Table 3. Correlation, Reliability and validity Results

  Mean S.D. SI IA NPP UIP KMP AVE Alpha CR

Sources of 
innovation (SI) 3.37 1.71 0.79         0.62 0.58 0.86

Innovation 
activities (IA) 3.46 1.70 0.54 0.84       0.70 0.89 0.90

New product 
performance 
(NPP)

3.31 1.25 0.38 0.52 0.88     0.78 0.72 0.88

Use of IP 
practices (UIP) 3.43 1.79 0.56 0.66 0.43 0.81   0.65 0.82 0.88

Knowledge 
management 
practices (KMP)

3.88 1.74 0.53 0.70 0.44 0.71 0.85 0.72 0.87 0.88

Note: CR: Composite reliability, AVE: Average variance explained, Alpha: Cronbach’s alpha. Multi-item reflective constructs were adopted in this study. 
Diagonal elements are the square root of AVE. 

How knowledge management practices affect new product performance
- A study of high- and low- tech manufacturers in China

Figure 2. Path Model (a whole sample)
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2017). Thus, the overall model fit seems to be acceptable. On the other hand, an alternative model that 
links KMR and IP usage as mediators between innovation activities and new product performance 
was tested with a poor SRMR value of 0.102 in the estimated model. The variance of the innovation 
sources, innovation activities and new product performance were lower than our original model as R2 
= 0.30, 0.49 and 0.33, respectively. This result further supports our model in Figure 2. A bootstrapping 
approach of 200, 500, 1000 and 5000 random samples of observations were used for calculating the 
significance and stability of the coefficient values. Figure 2 shows the path coefficients and p-values 
for the statistically significant relationships among the research variables. Non-significant relationships 
were deleted for model parsimony. The path coefficients represent the means of the re-samples, and 
the t-statistics (p-value) were generated from a bootstrap resample of 500. The significance of the path 
coefficients of the resample of 5000 was consistent with other resample numbers. The PLS model 
showed that the sources of innovation are positively correlated with innovation activities (b=0.17, 
p-value<0.05); innovation activities are positively correlated with new product performance (b=0.39, 
p-value<0.01); knowledge management practices are positively correlated with sources of innovation 
(b=0.27, p-value<0.05) and innovation activities (b=0.41, p-value<0.01); The use of IP practices 
is positively correlated with innovation activities (b=0.37, p-value<0.01) and innovation activities 
(b=0.27, p-value<0.05); and knowledge management practices interact with innovation activities 
to positively affect new product performance (b=0.15, p-value<0.10) (See Figure 4). Therefore, 
hypotheses 1ab, 2ab, 3ab and 4b are supported. But, hypotheses 2c, 3c and 4a are not supported. 

To explore the roles of high-tech and low-tech industries on the research model, multiple group 
analysis was conducted by using the PLS-MGA approach (Chin, 2010). Figure 3 shows the exploratory 
result of PLS modelling in this study. For high-tech firms, it was found that the moderating effect 
of knowledge management practices on the relationship between innovation activities and new 
product performance becomes highly significant (b=0.44, p-value<0.01) (See also Figure 3-c), 
but the relationship between sources of innovation and innovation activities becomes insignificant 
((b=0.09, p-value<0.10). However, we found a direct effect of innovation sources on new product 
performance (b=0.21, p-value<0.05). Here, we added a direct link from the innovation sources to 
new product performance and re-ran the path model and multi-group analysis, generating statistical 
results consistent with our tested model in Figure 2-b. For low-tech firms, we found that knowledge 
management practices become insignificant to innovation activities (b=0.05, p-value<0.10) and 

Figure 3. Path Model (a multi-group analysis of high-tech vs low-tech)
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Figure 4. Simple slope analysis of KMP moderation effect (a whole sample)

Figure 5. Simple slope analysis of KMP moderation effect (high-tech firms only)
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sources of innovation (b=0.20, p-value<0.10). The use of IP practices also becomes insignificant to 
innovation activities (b=0.27, p-value<0.01). This finding, in general, suggests that some knowledge 
management and IP practices are less effective for low-tech firms in creating new saleable products. 
However, this interpretation should be seen as cautious since, in this study, the sample size of the low-
tech firms was only 35, which may be not sufficient for the PLS modelling analysis of this complex 
model. Thus, though the findings of low-tech firms are interesting, further studies are necessary to 
conduct a similar comparative analysis with a larger sample size. 

5. DISCUSSION

5.1. Factors of Product Innovation Performance and Moderation Effects of KMP
The results suggest that, by controlling the R&D staff ratio, company size and type of product, 
innovation sources, KMP and the use of IP are positively correlated with innovation activities, which 
are positively correlated with new product performance (NPP) (see Figure 2). The KMP also affects 
NPP indirectly by interacting with innovation activities (See Figure 4). Hypotheses 1ab, 2ab, 3ab and 
4b are supported, whereas 2c, 3c and 4a are not supported. NPP is directly affected by innovation 
activities but not KMP and the use of IP, whilst KMP imposes a moderation effect on the relationship 
between innovation activities and NPP. Thus, the results show that investment in KMP may not directly 
affect NPP. Instead, KMP significantly affects innovation activities, which, in return, affects NPP. 

Among the factors in the proposed model, KMP is the only factor that directly affects innovation 
activities and a moderation effect. Simultaneously, KMP imposes the highest coefficient of significance 
towards both innovation sources and innovation activities. The dual effect by KMP shows that KMP 
is indispensable in the entire new product innovation process. Furthermore, KMP was marginally 
significant to moderate the relationship between product innovation activities and performance in 
general. Still, such moderation is highly substantial for high-tech firms but not low-tech firms. These 
findings are reasonable as high-tech firms tend to deal with higher levels of market uncertainties 

Figure 6 Simple slope analysis of KMP moderation effect (low-tech firms only)
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and technological complexities in product innovation, so KMP would be more important for them to 
build different types of internal and externally diverse knowledge for product innovation (Buenechea-
Elberdin et al., 2018; Martinez et al., 2017). 

5.2. Difference Between High-Tech and Low-Tech
KMP was found to have moderating effects on the relationships between innovation activities and 
new product performance. It is also interesting to note that the moderating effect of KMP is highly 
significant among high-tech firms, while innovation sources also significantly affect NPP directly. 
However, for low-tech firms, the direct effects of KMP on innovation sources and activities are not 
significant, and the moderating effect of KMP on the relationship between innovation activities and 
NPP is only marginally supported (Figure 3).

Regarding high-tech firms only, the sources of innovation have no significant effect on innovation 
activities. In contrast, both KMP and IP use have substantial effects on innovation activities and 
impose significant direct effects on new product performance (b=0.44). However, it is different 
among low-tech firms, where innovation activities are solely affected by sources of innovation that 
are positively affected by IP use. However, no significant correlation between innovation activities 
and new product performance is shown. This implies that most investments in KMP do not have 
much effect or just an indirect effect (via sources of innovation) on the innovation activities, similar 
to the use of IP practices. The phenomenon found that KMP and IP usage may not be very effective 
for low-tech firms in China manufacturing.

The difference in results found in high-tech and low-tech firms is likely due to the potential ‘firm’ 
culture, nature of products and the ‘acceptance and adoption’ of knowledge management practices. 
Understandably, low-tech firms may not legitimately accept KMP and its formal adoption in accordance 
with the ‘low-tech’ nature. It may be because low‐tech firms do not depend on formal (internal) R&D 
activities, but activities such as design, the use of advanced machinery and training as well as external 
sources of knowledge and information, whilst high-tech firms may adopt in-house innovation (Cheung, 
2010). In some previous studies, internal knowledge was found exerting a significant influence on 
product innovation of low‐tech enterprises, but not external knowledge (Grillitsch, 2015); this may 
be the reason for the effect of KMP is found insignificant among low-tech firms.

6. CONCLUSION

This paper presents an empirical study on the exploration of how knowledge management practices, 
including the sources of knowledge management, affect the product innovation performance in the 
context of China, in both the low- and high- tech industries. Specifically, we examine how sources 
of knowledge management and relevant practices affect product innovation performance.

KMP is the only factor having a direct effect on innovation activities and a moderating effect and 
imposes the highest coefficient significance towards both innovation sources and innovation activities. 
The dual effect of KMP is thus indispensable in the entire new product innovation process, and the 
moderating effect of KMP is highly significant among high-tech firms. However, both the direct and 
indirect effects of KMP are insignificant among low-tech firms.

6.1 Contributions
This study confirms the positive influence of innovation activities on new product performance (H1). 
The results confirm the effect of KMP and the use of IP on innovation activities and performance (H2, 
H3) and the moderating effect of KMP (H4). This empirical study thus marks significant progress in 
research on the moderating effect of KMP in the relationship between innovation activities and new 
product performance. More importantly, we show the significant difference between high-tech and 
low-tech firms regarding the direct and moderating effects of KMP on product innovation activities 
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and performance. The focus on the issue of high- and low- tech companies and their comparison in 
the context of China is the novelty of this study.

Our finding is consistent with recent studies that innovation activities are closely related to 
knowledge linkages and internal R&D intensity (OECD, 2002; Ringle, Sarstedt, & Straub, 2012; Cao, 
Zeng, Teng, & Si, 2018). Compared to high‐tech firms, the effect of KMP among low‐tech firms is 
found insignificant (Cheung, 2010). This may imply that low‐tech firms have a more urgent need to 
construct a close relationship with their suppliers, customers and competitors for external knowledge 
sources and as well as internal KMP activities (Wu & Wang, 2017; Kanchana, Law, Comepa, 
Malitjhong, & Phusavat, 2011). Besides, the KMP and IP uses are found a significant difference 
between high- and low-tech firms. Interestingly, IP uses among low-tech firms are insignificant in 
product innovations. The results bring about implications to the IP uses in low-tech firms, and thus 
it may be unnecessary to have a high IP level among low-tech firms.

Furthermore, since low-tech firms constitute a significant part of the sector, our findings suggest 
that low‐tech firms need an industrial environment that favours cooperation, communication and 
interactions among firms (Wu & Wang, 2017; Phusavat, Kess, Law, & Kanchana, 2010). 

Future research can focus more on the low-tech sector in different cultural contexts, such as 
geographical areas and product types. While the current sample size is sufficient for the PLS analysis, 
more empirical data is preferred. Further studies should collect more empirical data in China, which 
can be difficult due to the sensitivity of company innovation data.

6.2 Limitation of The Study
Similar to other empirical studies, there are several limitations and opportunities for further studies. 
First, this study is limited to the use of a single key informant approach for data collection. While we 
believe that the respondents were knowledgeable in answering the questions, further research may 
adopt the multiple informant approach, which can be challenging to complete in developing countries 
like China. Since our survey data is limited to 152 Chinese manufacturers, the generalizability of 
our findings is limited to China manufacturers in the sampled industries. While our measurement is 
valid, the sample population is relevant to our study, and the number of data is sufficient for the PLS 
modelling and meets the effect size requirements, a more extensive scaled empirical studies would 
be recommended to replicate our research. The cross-sectional data used in the present study cannot 
validate causal relationships among the variables. The common method bias issues could not be 
ignored even if our post-hoc statistical results suggest no significant bias in the empirical findings. 
Furthermore, the limited sample size in this study does not allow us to conduct more complex 
moderated mediation models (say, decomposing innovation activities as a single factor into a list of 
activities, each of which is tested to affect innovation performance in the model). Finally, this study 
is limited with a relatively low response rate of an industrial survey in China manufacturing sectors. 
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APPENDIX

Table 4. PLS Measurement Model and Measurement Items

Items Outer 
loading*

Sources of innovation 
What are the sources of knowledge and technology of your company? 
(7-point Likert scales, 1= least frequent, 7= most frequent)

Competitors 0.79

Customers 0.84

Universities, higher education institutes, government, public research institutes, private non-profit research institutes 0.77

Patent disclosures 0.75

Professional conference, meetings, exhibitions, professional bodies, associations, trade unions 0.79

Innovation activities
How often does your company perform the following innovation activities? 
(7-point Likert scales, 1= least, 7= most frequent)

In-house R&D: Creative work undertaken on a systematic basis within the enterprise in order to increase the stock 
of knowledge and use it to devise new applications.

0.84

Acquisition of extramural R&D: Same activities as in-house R&D, but purchased from public/private research 
institutes or enterprises.

0.85

Acquisition of other external knowledge: Acquisition of rights to use patents & non-patented inventions, 
trademarks, know-how& other types of knowledge from other enterprises & institutions.

0.78

Acquisition of machinery, equipment and other capital goods: Acquisition of advanced machinery, equipment, 
computer hardware/software, and land& buildings. 

0.84

Other preparations for product & process innovations: related to the development & implementation of product 
and process innovations, such as design, planning & testing and market introduction, etc.

0.87

Knowledge management practices
How often does your company use the knowledge management practices for innovation?  
(7-point Likert scales, 1= least, 7= most frequent)

Develop databases of worker “best practices” 0.82

Provide regular education or training programmes 0.85

Promote informal and formal work teams that promote worker communication and interaction 0.87

Integrate employee activities, which promotes interactions among employees from different areas 0.84

Use of IP practices
How often does your company use the IP practices to secure innovation?  
(7-point Likert scales, 1= least, 7= most frequent)

Patents/copyrights 0.82

Trademarks 0.78

Complexity of product design 0.82

Lead time advantage over competitors 0.79

New product performance
Sales turnover due to innovation (estimated percentage share of total turnover in the last 3 years): 
1. <5%, 2. 5-10%, 3. 10-15%, 4. 15-20%, 5. 20-30%, 6. >30%

New or significantly improved goods and services introduced (new to the market) 0.88

New and significantly improved goods and services introduced (new to the firm, though not new to the market) 0.87
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