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Abstract: In the digital era, technological catch-up is inevitable for firms confronted with
intensified competition, rapid technological advancements, and customers’ upgrade re-
quirements. By strengthening their cooperation with external parties and integrating
internal knowledge, firms can better absorb internal and external resources, accelerating
their technological catch-up performance (TCP). This study mainly explores the influence
of collaboration and knowledge networks on the TCP of firms based on machine learning
algorithms. First, patent data from the Chinese AI industry from 2013 to 2022 were used
to construct collaboration and knowledge networks. Then, the hierarchical clustering
algorithm was applied to categorize firms based on six network characteristics. Finally, the
classification and regression trees (CART) algorithm was employed to analyze the nonlinear
relationship between dual networks and firm TCP. The findings show that firms exhibit
distinct network configurations and that the drivers of TCP vary across firm groups. For
firms lagging behind, prioritizing knowledge network integration proves more effective
than expanding collaborations. Leading firms perform best when maintaining balanced
collaboration strategies. This study contributes to both theory and practice by identifying
the optimal mix of network characteristics and providing empirically grounded strategies
for different firm types.

Keywords: collaboration networks; knowledge networks; technological catch-up performance;
CART algorithm

1. Introduction
In the context of accelerating global technological and industrial transformations,

technological catch-up has become critical for latecomer nations and regions striving for
economic and technological advancement [1]. Previous studies have extensively explored
the catch-up mechanisms of state-led industries, such as high-speed rail service and satellite
manufacturing in China, from a meso-level perspective [2,3]. However, with the rise of
artificial intelligence (AI), firms like OpenAI, Tesla, Intel, and Huawei have emerged as
pivotal forces in technological innovation. As key drivers of innovation, firms play a central
role in national technological catch-up efforts, prompting growing scholarly attention to
their micro-level mechanisms.

Collaboration networks and knowledge networks are two key channels through
which firms access external knowledge and strengthen their internal innovation capability.
Collaboration networks facilitate knowledge exchange and synergistic innovation with
external partners. Prior research suggests that occupying structural holes and central
positions in collaboration networks can enhance firms’ access to diverse knowledge and
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critical resources, thereby promoting technological innovation [4–6]. Knowledge networks
are formed by the connections among knowledge elements, and their structures vary
significantly across firms [7,8]. Whether through cross-border mergers and acquisitions
or technological collaborations, the restructuring and evolution of internal knowledge
networks accelerate knowledge flows and technology spillovers. Characteristics such as
network density and clustering coefficients have been shown to significantly influence the
speed and quality of technological innovation [9,10].

Some researchers have investigated the interaction between knowledge networks and
collaboration networks in innovation [11]. However, the effect mechanism of this interaction
on the TCP of firms remains unclear. Although prior studies acknowledge that both
networks influence innovation, there is no consensus on the precise mechanisms through
which they interact to inspire innovation. In addition, the current research regarding the
relationship between networks and firms’ TCP primarily relies on linear regression methods,
assuming that network characteristics exert uniform effects across firms. However, this
assumption overlooks firm heterogeneity. In fact, different firms may experience distinct
influences from collaboration and knowledge networks depending on their structural
positions and strategic orientations.

This study argues that firms are heterogeneous and that it is necessary to examine
the characteristics of the collaboration and knowledge networks that influence the TCP
of different firms. To this end, this study mainly focuses on the following three questions:
(1) What are the collaboration and knowledge network characteristics among different
firms? (2) Which network characteristics are the main influencing factors of firm TCP?
(3) How do the characteristics of collaboration networks and knowledge networks jointly
influence firm TCP?

Given the fact that traditional linear approaches struggle to capture contextual varia-
tions and threshold effects caused by firm heterogeneity, this study employs the two-step
machine learning approach: first, hierarchical clustering is used to identify distinct firm
groups based on network characteristics, and the CART algorithm is then employed to
uncover the primary and secondary factors driving TCP within each firms group. This
combined application of two algorithms not only considers firm heterogeneity but also
provides comprehensive, in-depth, and interpretable insights for firm TCP research, which
can help firms develop more effective TCP strategies. That is, this study contributes to both
theory and practice. Theoretically, it advances research on knowledge and collaboration
networks by revealing their nonlinear and context-dependent effects on TCP. Practically, it
offers tailored managerial insights for firms seeking to optimize their network positions for
technological advancement.

This study is organized as follows. Section 2 provides a review of the relevant literature.
Section 3 introduces the research framework and two related machine learning algorithms
and measures the related variables. Section 4 scientifically divides firms based on the
collaboration and knowledge network characteristics and further identifies the influence of
network characteristics on firm TCP. Section 5 describes the conclusions and discusses the
managerial implications and future directions.

2. Literature Review
To explore the factors affecting firms’ TCP, this study reviews the relevant literature.

2.1. Collaboration Networks and Technological Catch-Up

The existing studies regarding the relationship between collaboration networks and
innovation are mostly founded on the knowledge-based view [12], the proximity the-
ory [13,14], the strong and weak relationship theory [15,16], and the embeddedness the-
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ory [17]. They argue that elements like partner selection, partner relationship, and net-
work embeddedness (measured by network centrality, structural holes, and local aggre-
gation coefficients) are critical in shaping innovation outcomes [18]. For example, Zhao
et al. [19] and Guan and Liu [20] demonstrate that the presence of structural holes and
a high degree of centrality can enrich the resource base of firms, stimulating innovative
technological combinations.

Although the relationship between the characteristics of collaboration networks and
the performance of firms has been widely discussed, research on how these characteristics
affect firm TCP is limited. Although R&D collaboration is widely regarded as the core
factor influencing TCP [21], the existing literature largely contains arguments on whether
to collaborate or not, rather than providing clear guidance on how to structure such
networks to accelerate catch-up progress [22–24]. This study seeks to address this gap by
focusing explicitly on the network configurations that differentiate high TCP from low
TCP outcomes.

2.2. Knowledge Network and Technological Catch-Up

The current research on the relationship between knowledge networks and innovation
mainly focuses on how firms’ internal knowledge combinations drive future innovation [7].
The field mainly employs two modes: One is to construct knowledge networks based on
industry-level patent data and further assess measures like degree centrality and structural
holes [20,25]. The other is to use firm-level patent data to evaluate the network density
and global clustering coefficient [10,11,26]. These studies suggest that a well-connected
knowledge network with abundant combination opportunities can confer a competitive
technological advantage [5,27]. Yet, while industry-level analyses reveal that latecomers
struggle in knowledge-complex and diverse environments [28], few studies have investi-
gated the role of internal knowledge recombination at the firm level or how these internal
structures interact with external collaboration networks to influence TCP.

In summary, while it is widely acknowledged that collaboration serves as a vital
resource for firms engaged in the technology catch-up process, empirical evidence on their
specific influences on TCP remains limited, and the mechanisms underlying their interplay
are not fully understood [29]. To address these gaps, this study adopted machine learning
methods—specifically, the hierarchical clustering and CART algorithms are employed to
explore the complex nonlinear relationships between the collaboration and knowledge
network characteristics and the TCP of firms. This approach allows us not only to classify
firms into meaningful groups based on network characteristics but also to derive decision
rules that shed light on the precise mechanisms driving technological catch-up performance.

3. Methodology and Variables
This section introduces a research framework and two machine learning algorithms.

3.1. Research Framework

In order to specifically identify the influence of the collaboration and knowledge
network characteristics on the TCP of different types of firms, this study designs a research
framework. The framework consists of three main steps. Step 1 is to process the patent data
from the Incopat database and further select six network characteristics (structural hole,
local clustering coefficient, degree centrality, network density, average path length, and
global clustering coefficient) from the constructed collaboration and knowledge networks
of firms. Step 2 is to classify firms based on the six network characteristics, using the
hierarchical clustering algorithm [30,31]. This step aims to reveal the differences in network
characteristics among various firm groups, laying the foundation for subsequent targeted
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research in Step 3. Step 3 is to identify the factors influencing the TCP of different types
of firms. Taking network characteristics as conditional attributes and TCP as the decision
attribute, the corresponding decision rules and influence factors for each firm group are
obtained by employing the CART algorithm [32,33]. At this time, targeted strategic recom-
mendations for different types of firms to enhance their TCP can be provided. The research
framework is depicted in Figure 1.
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3.2. Machine Learning Methods
3.2.1. Hierarchical Clustering Algorithm

To examine the heterogeneous characteristics of collaboration and knowledge net-
works across different firms, this study employs an unsupervised learning technique, the
hierarchical clustering algorithm [30,31], which was chosen for three key reasons. First, it
does not require the number of clusters to be specified beforehand, making it particularly
suitable for exploratory research in which the optimal number of clusters is unknown [34].
This flexibility helps prevent biases that might arise from manually predefining clusters.
Second, hierarchical clustering produces a dendrogram that provides a visual representa-
tion of the relationships between different data points, allowing for better interpretation of
the underlying structure within collaboration and knowledge networks. Third, this study
applies the complete linkage method, which defines the distance between clusters based
on the maximum pairwise distance between points in different clusters. This method tends
to create more compact and well-separated clusters, enhancing the interpretability of the
clustering results. This study follows an agglomerative (bottom-up) clustering approach in
which each data point starts as an individual cluster and the algorithm iteratively merges
the two most similar clusters until a termination condition is met.

Based on the hierarchical clustering algorithm, this study systematically categorizes
firms based on the structural characteristics of their collaboration and knowledge networks,
providing a foundation for further comparative analysis.
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3.2.2. CART Algorithm

The classification and regression trees (CART) algorithm is a decision-tree-based
predictive model that systematically splits a dataset into smaller subsets to maximize
the homogeneity of the target variable within each subset [32]. It identifies key factors
influencing the outcome and clarifies their impact mechanisms [33]. In a decision tree,
internal nodes represent decision criteria (conditional attributes), branches indicate possible
outcomes, and leaf nodes correspond to final classifications. The model iteratively partitions
the data based on attribute values, forming a tree-like structure where each pathway from
the root to a leaf node represents a decision rule. This hierarchical organization makes the
results easy to interpret and provides insight into how different attributes jointly determine
the outcome.

This study uses the CART algorithm to analyze the relationships between the char-
acteristics of collaboration and knowledge networks and firm TCP. Specifically, decision
rules for the TCP of firms are extracted by setting the characteristics of knowledge and
collaboration networks as conditional attributes and TCP as the decision attribute. The
CART algorithm is chosen due to its ability to model nonlinear relationships and provide
an interpretable hierarchical structure, which helps to uncover how different network
attributes together contribute to TCP. Compared with other classification methods such as
logistic regression or SVM, CART offers transparent decision rules that align with manage-
rial decision-making and policy implications. In addition, the effectiveness of the CART
algorithm in analyzing complex, multi-factorial relationships in innovation research has
been confirmed by recent studies. For example, Zhou and Li [35] employed a decision
tree approach to investigate how configurations of R&D team networks and knowledge
diversity jointly influence breakthrough innovation in the Chinese biopharmaceutical man-
ufacturing industry. Their findings demonstrate that decision trees are particularly useful
for identifying the combined effects and threshold conditions under which network and
knowledge attributes drive innovation performance.

To optimize the model and reduce overfitting, post-pruning was applied based on the
Gini impurity index, where branches with insufficient purity gain were pruned. Addition-
ally, this study applied a minimum support threshold of 60%, ensuring that only rules with
sufficient representativeness were retained.

3.3. Measurement of Variables
3.3.1. Technological Catch-Up Performance

Technological catch-up performance (TCP) is defined as the extent to which a firm
has narrowed the gap between its technological capacity and the technological forefront
of the industry [36]. In reality, many latecomer firms have narrowed this technological
gap through technology learning, innovation, and resource integration, rising rapidly to
occupy a leading market position. For example, although LONGi started relatively late in
the photovoltaic industry, it has reduced silicon wafer costs through process improvement
and economies of scale, achieving global leadership. In existing studies, the procedure
for calculating the TCP often comprises two steps: the first is to assess the technology
capability (TC) of the firm, and the second is to calculate the firm’s technology gap, which
is the gap between the firm’s TC and the technological frontier of the industry overall. To
present TCP scientifically, this study defines it as 1 minus the technology gap. Obviously, if
a firm’s TCP is close to 1, then it demonstrates better catch-up performance.

This study uses patent data to measure TC, an approach that has been widely used in
previous studies because patent data can reflect a firm’s technological output. Referring
to Wu et al. [37], the technology gap for firm k is calculated as the ratio of the firm’s
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technological capability (TCk) to the maximum technology capability of the industry (TCmax).
Therefore, the calculation formula for the TCP of firm k is defined as follows:

TCPk= 1 − lnTCk
lnTCmax

(1)

In line with previous studies, the measurement of TC in this study incorporates three
dimensions: patent quantity, patent quality, and patent contribution [38]. Patent quality
(PQ) is assessed via five common indicators used in patent value assessment: inventors [39],
patent citations [29], IPCs [40], patent holders, and patent claims [41]. Table 1 gives detailed
information on these metrics. Based on the weight of each indicator calculated by the
entropy weight method [42], the corresponding PQ of each patent is defined as follows:

PQi =
5
∑

j=1
xij × wj (2)

where xij is the value of patent i on the patent quality indicator j and wj is the weight of

j, wj =
1−ej

∑5
j (1−ej)

, ej = − 1
ln n ∑n

i=1
(

pijlnpij
)
, pij =

xij

∑n
i=1 xij

, xij ≥ 0, ∑n
i=1 xij > 0.

The patent contribution (PC) is defined as the inverse of the number of applicants of a
patent. If a patent has m applicants, then each applicant’s PC is 1/m. Obviously, the more
applicants in a patent, the lower each applicant’s contribution is.

Based on the above definition, the technology capability (TC) of a firm is defined as
the sum of the product of each firm’s PQ and PC in all patents. That is, the formula for a
firm’s technology capability is as follows:

TCk =
n

∑
j=1

PQi × PCi (3)

where n is the total number of patents of firm k, PQi is the patent quality of patent i, and
PCi is the contribution of firm k to patent i.

Table 1. Definition of patent quality indicators.

Indicators Formula

Inventor The number of inventors in patent applications

Patent Citation The number of existing patents, books, and periodicals cited in the
process of patent research and development

International Patent
Classification (IPC) The number of different IPCs assigned to the patent application

Patent Holder The number of patentees
Patent Claims The number of claims regulates the rights owned by the patentee

3.3.2. Characteristics of Collaboration Networks

➀ A collaboration network’s degree centrality (CDC) measures the node’s direct connec-
tion in the collaboration network [43]. It represents a quick overview of local influence
and collaborative relationships. Its calculation formula is as follows:

CDCi = ∑
j

Xij (4)

where j is the node except i. When there is a connection between i and j, the value of
Xij is 1; otherwise, it is 0.

➁ A collaboration network’s structural hole (CSH) refers to a bridging position that
can connect two unconnected nodes. Firms with more structural holes enjoy greater
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diversity in information and corporate ties. The structural hole is related to the
constraint index Ci [44]. It is often defined as follows:

CSHi = 1 − Ci (5)

Ci = ∑
j

(
pij + ∑

k,k ̸=i,k ̸=j
pik pkj

)2

(6)

where Ci is the total constraint of node i in the network, j is the node directly connected
to i, k is the node directly connected to i and j, pij is the proportion of total investment
that node i has directly invested in node j, and pik and pkj represent the proportion of
the total investment of node i and node j to node k.

➂ A collaboration network’s local clustering coefficient (CLCC) measures the possibility
of a firm’s neighbors forming groups, reflecting the aggregation degree of firms. A
high CLCC means that neighbors are connected directly, forming a tight collaborative
relationship with more opportunities and synergies [45]. Its calculation formula is
defined as follows:

CLCCi =
Ei

[k i(ki − 1)]/2 + 0.5
=

2Ei
ki(ki − 1) + 1

(7)

where Ei is the actual number of edges between adjacent nodes of node i and ki is the
number of adjacent nodes of node i. When node i has only one adjacent node, the
maximum possible number of edges between its adjacent nodes is 1. To avoid the
denominator being 0, add 0.5 to the denominator.

3.3.3. Characteristics of Knowledge Networks

➀ A knowledge network’s network density (KND) measures the ratio of actual connec-
tions to potential connections in knowledge networks, indicating the compactness of
the network [4]. Its calculation formula is as follows:

KND = 2m
n(n−1) (8)

where n is the node count and m is the actual connection in the knowledge network.
➁ A knowledge network’s global clustering coefficient (KGCC) measures the closeness

between nodes in a knowledge network. It mirrors the internal knowledge correlation
and the firm’s technology integration capability. The global clustering coefficient is
calculated as the average of local clustering coefficients across all nodes [43]. That is,
KGCC can be calculated by the following:

KGCC =
1
n

n

∑
i=1

LCCi (9)

where LCCi is the local clustering coefficient of node i.
➂ A knowledge network’s average path length (KAPL) measures the average shortest

distance between any two nodes in knowledge networks, reflecting the efficiency of
information flow in the entire network [46]. Its calculation formula is as follows:

KAPL =
2

n(n − 1)

n

∑
i≥j

dij (10)

where dij is the shortest distance between nodes i and j.
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4. Experimental Analysis
To verify the feasibility of the research method, this section describes an experimental

analysis based on patent data from the Chinese artificial intelligence (AI) industry.

4.1. Data Source and Processing
4.1.1. Data Source

The experimental data in this study primarily come from the Chinese AI industry’s
patent data in the Incopat database. Patent data are chosen for the research because they are
commonly used to reflect a firm’s technological capability and collaborative activities [21].
There are three reasons for selecting the Chinese AI industry as the sample: (1) The high
R&D intensity of AI industry implies that technological capability is of importance, making
the research findings representative. (2) Firms in the AI industry actively apply for patents
for technology protection, which allows us to trace their technological capability. (3) The
AI industry is characterized by intensive technology collaboration and a high level of
technological sophistication. Therefore, it is significant to set the AI industry as the sample
to explore the relationship between collaboration and knowledge networks and the TCP
of firms.

4.1.2. Data Processing

A total of 252,641 authorized patent data samples from the AI industry between 2013
and 2022 were collected from the Incopat database, including 18,260 collaborative patents,
encompassing information such as patent title, International Patent Classification (IPC),
patent owners, and so on.

Following the research of Yang et al. [18], firms without collaborative patents were
excluded and firms with at least three collaborative patents were treated as focal firms.
After integrating firms with name changes, the final dataset comprised 1436 focal firms and
10,444 collaborative patents. Based on these data and the research of Chen et al. [28], the
knowledge network of each focal firm was constructed by treating the IPC subclass (the first
four digits of the IPC number) as the node and connecting two nodes with co-occurrence
relationships. Ultimately, a total of 1436 knowledge networks were constructed, and there
was a total of 37,189 target patents across all firms. Similarly, a collaboration network
can also be constructed by treating the focal firm as the node and connecting two nodes
with co-occurrence relationships. In addition, to discuss the influence of characteristics
of knowledge and collaboration networks on firm TCP, this study assigns labels to firms
based on their TCP. Firms with a TCP above the median are labeled as “high-performance”,
while those below are labeled as “low-performance”.

It should be noted that this study uses the cloud model for calibration and maps
the data to membership values ranging from 0 to 1 to reduce the influence of uneven
data distribution and outliers on the cluster analysis [47]. The correlation results between
variables are shown in Figure 2. Obviously, there is no significant linear relationship
between network characteristics and firm TCP. Meanwhile, the VIF value of each variable
is less than 5, which proves that there is no serious multicollinearity among variables.

4.2. Firm Group Categorization and Characteristic Analysis

This study categorizes focal firms based on their knowledge and collaboration network
characteristics. Using a hierarchical clustering algorithm, firms were grouped into three
clusters according to six key network indicators: CSH, CDC, CLCC, KND, KGCC, and
KAPL. The cluster labels were assigned based on the overall structural characteristics of
the knowledge and collaboration networks of each group. As shown in Table 2, the mean
values of key indicators for each group illustrate distinct structural patterns in knowledge
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and collaboration networks. Additionally, the distribution of TCP within each cluster was
analyzed. This study used the median TCP value within each cluster as the threshold. Firms
with TCP values above the median were classified as having high TCP, while those below
the median were categorized as having low TCP. From Figure 3, it can be observed that
Clusters 2 and 3, which exhibit higher TCP levels, share common network characteristics.
They both have high densities and short paths in their knowledge networks, as well as
moderate degree centrality and structural holes in their collaboration networks. This
suggests that the firms in these groups benefit from a well-connected knowledge structure
and an optimized collaboration strategy. The detailed characteristics for each cluster are
as follows.
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Table 2. The mean value of variables and firm TCP distribution in each cluster.

Cluster Number CSH CDC CLCC KND KGCC KAPL TCP
TCP

High (%) Low (%)

Cluster 1 447 0.58 0.78 0.62 0.22 0.46 0.92 0.18 13.9 86.1
Cluster 2 483 0.47 0.47 0.66 0.57 0.16 0.33 0.68 71.6 28.4
Cluster 3 506 0.48 0.48 0.63 0.76 0.85 0.34 0.58 61.3 38.7

Firms in Cluster 1 have characteristics of “Dispersive Knowledge & Broad Collabo-
ration”, as they exhibit the longest average path length (KAPL) and the lowest network
density (KND) in their knowledge networks, suggesting a relatively fragmented knowledge
structure. Meanwhile, they have high degree centrality (CDC) and structural hole (CSH)
levels in their collaboration networks, indicating that they are well positioned to access
diverse information sources and act as key connectors in the network.

Firms in Cluster 2 exhibit “Multiple Knowledge & Balanced Collaboration” charac-
teristics. Their knowledge networks have the lowest global clustering coefficient (KGCC)
and shortest average path length (KAPL), showing that their knowledge elements are
distributed yet efficiently connected. Additionally, their collaboration network indicators
are close to the industry average, reflecting a balanced collaboration strategy.

Firms in Cluster 3 are characterized by “Centralized Knowledge & Balanced Collabo-
ration”, as they have the highest network density (KND) and global clustering coefficient
(KGCC) and shorter average path length (KAPL) in their knowledge networks. Namely,
their knowledge networks have typical characteristics of small-world networks. In addition,
similar to Cluster 2, firms in this cluster also have a balanced collaboration strategy because
of their moderate collaboration network characteristics.

4.3. Factors Affecting Firms’ TCP

The CART algorithm was employed to identify the key influencing factors of TCP in
the different groups. With six network characteristics (CDC, CSH, CLCC, KND, KGCC,
and KAPL) as conditional attributes and TCP as the decision attribute, a total of ten
decision rules, shown in Table 3, were generated. The decision rule confidence ranges from
60% to 96%, indicating that the prediction results of the decision rule are reliable. The
network characteristics that contribute to the differences in intra-group performance vary
across groups, suggesting that the contribution of knowledge and collaboration network
characteristics to performance varies in different contexts. Next, decision rules will be
analyzed by combining decision trees from each group with the confidence level of the
decision rules in Table 3.

Table 3. Decision rules of TCP for each group.

Cluster CDC CSH CLCC KND KGCC KAPL Support
Degree (%)

Confidence
Degree (%) TCP

Dispersive Knowledge & Broad
Collaboration Group

≤0.492 ≤0.708 5.4 75 High
>0.492 ≤0.708 4.9 77.3 Low

>0.708 89.7 90.3 Low

Multiple Knowledge &
Balanced Collaboration Group

≤0.716 82.4 77.6 High
>0.716 ≤0.762 5.2 96 Low
>0.716 >0.762 12.4 60 High

Centralized Knowledge &
Balanced Collaboration Group

≤0.542 78 69.4 High
≤0.504 >0.542 8.9 91 Low

≤0.508 >0.504 >0.542 6.3 71.8 High
>0.508 >0.504 >0.542 6.7 73.5 Low

4.3.1. Decision Rules Analysis of “Dispersive Knowledge & Broad Collaboration” Group

As shown in Figure 4, for firms in the “Dispersive Knowledge & Broad Collaboration”
group, TCP is impacted by both the KAPL and KGCC of knowledge networks. Specifically,
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when the average path length is high (KAPL > 0.708), firms have a 90.3% probability of
achieving low TCP. This result suggests that a longer average path length may hinder
technological innovation by increasing the cognitive and coordination costs associated
with knowledge diffusion. Prior research indicates that when knowledge elements are
highly dispersed across different modules, firms may struggle with efficient knowledge
recombination, ultimately hindering innovation processes [20].
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Conversely, when the average path length is low (KAPL ≤ 0.708), TCP outcomes vary
based on the global clustering coefficient (KGCC). When the average path length is low
(KAPL ≤ 0.708), firms with a low global clustering coefficient (KGCC ≤ 0.492) have a 75%
probability of achieving high TCP, whereas those with a high global clustering coefficient
(KGCC > 0.492) have only a 22.7% probability.

4.3.2. Decision Rules Analysis of “Multiple Knowledge & Balanced Collaboration” Group

As shown in Figure 5, for firms in the “Multiple Knowledge & Balanced Collaboration”
group, TCP is associated with the CDC and CLCC of collaboration networks. When
the degree centrality is low (CDC ≤ 0.716), firms have a 77.6% probability of achieving
high TCP. However, when the degree centrality is high (CDC > 0.716), the likelihood of
achieving high TCP drops to just 4%. Notably, this probability can increase to 60% if the
local clustering coefficient is raised to 0.762, suggesting that the structural properties of
collaboration networks play a critical role in technological advancement.

Moreover, enhanced local clustering—by fostering stronger communication among
adjacent partners—facilitates more efficient information exchange and enables firms to
make timely strategic adjustments. This, in turn, allows firms to swiftly respond to market
changes and maintain their competitive edge.

From a managerial perspective, firms in the “Multiple Knowledge & Balanced Collabo-
ration” group should focus on cultivating high-quality partnerships rather than maximizing
the number of connections. This entails systematically evaluating partners’ contributions
to innovation and discontinuing collaborations that yield limited benefits. Additionally,
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strengthening interactions among neighboring partners can enhance network synergies
and improve innovation efficiency.
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4.3.3. Decision Rules Analysis of “Centralized Knowledge & Balanced
Collaboration” Group

As shown in Figure 6, for firms in the “Centralized Knowledge & Balanced Collabora-
tion” group, TCP is mainly affected by the KAPL and KND of knowledge networks and
the CSH of collaboration networks. The detailed findings are as follows:

At the first level of decision tree, the average path length (KAPL) serves as the initial
determinant. firms with a low average path length (KAPL ≤ 0.542) have a 69.4% probability
of achieving high TCP, highlighting that the average path length of a knowledge network
may again be important for achieving high performance.

At the second level of the decision tree, the probability of firms with a low knowledge
network density (KND ≤ 0.504) achieving low TCP is up to 91%, indicating that a lower
network density is associated with weaker catch-up performance. Meanwhile, firms with
KND >0.504 proceed to the next decision node based on the structure holes of collaboration
networks (CSHs).

At the third level of the decision tree, there is a higher proportion of high TCP firms
when CSH ≤ 0.508, while firms with CSH > 0.508 exhibit a greater likelihood of having
low TCP. This suggests that within firms already possessing higher knowledge novelty, a
more homogeneous collaboration structure may be conducive to technological catch-up. A
possible explanation is that, although the connectivity between knowledge modules may
not be optimal, the rich combinations of knowledge elements within each module enhance
internal innovation. Additionally, the heterogeneous knowledge brought by the external
structural holes inspires new technological paths and ensures the innovativeness of the
intra-module knowledge recombination [16].

However, the results also reflect that excessive structural holes have negative impacts
on TCP. This could be attributed to the increased R&D costs associated with coordinating
and integrating technological domains across diverse disciplinary boundaries [48]. When
the costs of managing external collaborations outweigh the benefits of structural holes,
firms may experience diminished innovation efficiency, ultimately leading to weaker
catch-up performance.
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Therefore, firms in this group can enhance their TCP by shortening the average path
length (KAPL) or increasing knowledge network density (KND) while avoiding overly
broad and loosely structured collaborative partnerships. This can be achieved by prior-
itizing the identification of novel knowledge combinations rather than repetitive recom-
binations of existing knowledge. Regarding the construction of collaboration networks,
firms should strategically select partners from technologically relevant fields and establish
stable, deep collaborations to facilitate the effective integration of their core technologies
into emerging domains. By fostering targeted and stable partnerships, firms can optimize
knowledge exchange efficiency while mitigating the coordination costs associated with
excessive structural holes.
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4.4. Discussion
4.4.1. Result Analysis

One of the most consistent findings across firm groups is the dominant role of average
path length (KAPL) in predicting technological catch-up performance (TCP). In the CART
decision tree across three groups, KAPL frequently appears as the first-level decision node,
highlighting its strong explanatory power across different network configurations. For
example, the shorter knowledge path lengths (i.e., faster access to dispersed knowledge)
and higher recombination flexibility collectively form the structural basis for successful
catch-up. Obviously, it can be interpreted through the small-world network theory [49],
which posits that networks with short path lengths and high clustering coefficients facilitate
both efficient information diffusion and effective knowledge recombination. Prior studies
confirm that such small-world configurations facilitate faster product improvement in
leading firms by supporting rapid information flow and tighter knowledge integration [50].
A low KAPL reflects a compact and navigable knowledge structure, allowing firms to access
and integrate distributed knowledge elements with minimal cognitive and coordination
burden [51]. Its high predictive power across firm groups suggests that global structural
compactness is especially critical for firms pursuing technological catch-up.

Although the small-world network theory emphasizes the important role of short
paths and high agglomeration in promoting firm technological catch-up, our results suggest
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that high agglomeration may not always be a necessary condition for innovation in the
catch-up context. As small-world networks mature, they may become increasingly closed
and less accessible to new knowledge elements. High agglomeration often results in
repeated interactions within tightly knit subgroups, which leads to information redundancy
and limits exposure to novel or diverse ideas [52]. For firms focused on exploratory
innovation, such structural closure can constrain knowledge diversity and learning agility.
To mitigate these risks, some firms may deliberately reduce clustering in their networks to
preserve openness and avoid lock-in. In this regard, strategically loosening local density
can serve as an effective approach to sustain innovation dynamism in uncertain and rapidly
changing environments

For latecomer firms, a less clustered but globally efficient knowledge structure may
be more suitable. A lower global clustering coefficient (KGCC) reflects looser coupling
among knowledge modules, which enhances flexibility and expands the search space for
novel combinations. When paired with short path length, such structures enable firms
to navigate across diverse knowledge domains quickly, without being trapped in dense
local clusters. This may represent a form of “lean recombination” strategy—agile, broad,
and less burdened by the coordination demands typical of tightly clustered networks.
Overall, our findings refine the application of small-world theory by suggesting that in
catch-up contexts, the optimal knowledge network structure may diverge from the classic
small-world ideal. Instead, strategically sparse yet efficiently connected network systems
may better support innovation speed and structural adaptability.

In addition to the internal knowledge network, our results reveal a nonlinear rela-
tionship between degree centrality (CDC) in collaboration networks and TCP. This finding
echoes Guan and Liu [20], who identified an inverted U-shaped relationship between
the number of direct collaborative ties and innovation performance. Moderate levels
of direct collaboration can enhance innovation by enabling knowledge synergy through
complementary partnerships. Collaborators from diverse backgrounds provide access to
heterogeneous knowledge, technologies, and expertise, allowing firms to combine and
recombine ideas to support technological advancement [53]. These interactions also help
firms stay attuned to emerging trends and developments, thereby improving innovation
efficiency and responsiveness.

However, excessive direct collaboration may diminish these benefits. As the number
of direct ties grows, managing the network becomes more complex, requiring greater in-
vestments in coordination and relationship governance. This leads to resource dilution and
reduces innovation output [52]. Moreover, large networks may cause information overload
and misalignment of goals, ultimately increasing managerial burden and collaboration
risks that hinder innovation performance [54].

4.4.2. Theoretical Contributions and Managerial Implications

This study contributes to the literature on innovation networks and technological
catch-up in several important ways. First, previous studies have predominantly viewed
knowledge network characteristics as moderators or mediators of the relationship between
collaboration network positions and innovation outcomes [55]. In contrast, our findings
suggest that in the context of technological catch-up, the configuration of internal knowl-
edge networks—particularly average path length and network density—plays a more
fundamental and direct role in shaping firm performance than collaboration networks.
This highlights the context-dependent salience of network structures, emphasizing that
for latecomer firms, the efficiency of internal knowledge integration may be a necessary
foundation for realizing the benefits of external collaborations. This insight calls for a
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rethinking of the hierarchical importance and interplay of different types of networks in
innovation research, especially under dynamic or resource-constrained conditions.

Second, this study makes a methodological contribution by employing a novel two-
step machine learning framework that combines hierarchical clustering with the CART
algorithm. Unlike traditional linear models that assume homogeneity across firms, this
approach allows us to capture nonlinear, interactive, and context-specific relationships
between network characteristics and firm TCP. It thus opens new possibilities for under-
standing how innovation drivers vary across firm types.

Third, our findings underscore the heterogeneity of firms and the non-universality
of innovation strategies. Different firms experience distinct configurations of knowledge
and collaboration networks that lead to high or low TCP. This challenges the notion of
“one-size-fits-all” best practices and instead supports the development of more adaptive,
cluster-specific strategies for network management.

Finally, the study reveals a nuanced role for collaboration networks—not as primary
drivers, but as moderators that can enhance or compensate for knowledge network weak-
nesses. For example, structural holes in collaboration networks can mitigate the negative
effects of fragmented internal knowledge structures, contributing to a more dynamic un-
derstanding of how exploration and exploitation strategies co-evolve in complex network
environments. Taken together, these contributions deepen the theoretical understanding of
technological catch-up by emphasizing the dynamic, layered, and interdependent nature
of internal and external network structures.

5. Conclusions
This study systematically explores the interplay between collaboration networks,

knowledge networks, and firm TCP in the Chinese AI industry. The key findings generated
are as follows:

First, firms exhibit distinct network configurations. High TCP is associated with high-
density, short-path knowledge networks and moderate collaboration strategies. Conversely,
low TCP correlates with fragmented knowledge structures and overly broad collaboration
networks. This signifies the importance of balancing external partnerships with internal
knowledge integration.

Second, the drivers of TCP vary across firm groups. For the “Dispersive Knowledge &
Broad Collaboration” group, optimizing knowledge network cohesion (e.g., reducing path
length) is critical. In contrast, the “Multiple Knowledge & Balanced Collaboration” group
benefits from prioritizing partner quality over quantity. The “Centralized Knowledge &
Balanced Collaboration” group must balance structural holes in collaboration networks to
avoid coordination costs while maintaining knowledge novelty.

Third, while knowledge networks dominate TCP outcomes, collaboration networks
act as moderators. For instance, structural holes in collaboration networks can mitigate the
negative effects of fragmented knowledge structures. This synergy highlights the need for
firms to align external partnerships with internal knowledge strategies.

This study has some limitations. The first limitation is that this study only focused
on technological catch-up, leaving marketing catch-up unexplored. Research regarding
the effect of network characteristics on the marketing performance of firms is necessary to
construct comprehensive catch-up strategies, because some network structures may not be
conducive to technological innovation but can help firms capture a greater proportion of
the market share. A second limitation may arise from the fact that this study focuses on
firms from a single industry. AI provides a representative context in which to examine the
role of knowledge networks; however, caution is required when generalizing the results.
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Different industries may differ in collaboration patterns and knowledge network structures.
To test the applicability of our results, evidence from different industry settings is required.
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