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Traditional manufacturing models are heavily dependent on standardized processes, which makes 
it challenging to accommodate customized production needs. To address this limitation, this study 
presents an optimized mold digitalization system grounded in knowledge engineering. The proposed 
system integrates knowledge graphs with intelligent algorithms to support the development of a 
smart quality control framework tailored to personalized manufacturing. This study places particular 
emphasis on the knowledge engineering module within the digitalization system. It focuses on 
converting domain-specific expertise into computable models that can be applied in real-world 
manufacturing scenarios. Additionally, reinforcement learning and graph neural networks are used 
to efficiently extract and utilize manufacturing knowledge. The experimental results reveal two key 
findings: (1) Within the enhanced learning knowledge graph framework, the algorithm—optimized 
using a graph convolutional network—achieves consistently higher qualification rates across test 
samples. When actual qualification rates exceed 88.1%, the model’s regression fit also surpasses 
88.1%, indicating strong alignment between predicted and actual performance. (2) Compared with 
other algorithmic models, the proposed approach achieves a predictive accuracy of over 94.7%. 
Overall, the proposed system significantly improves the level of customization in mold manufacturing 
while enhancing production efficiency and maintaining quality standards. The outcomes offer a new 
direction for the digital transformation of the manufacturing sector. Moreover, the approach holds 
practical value for enabling intelligent, flexible production processes, helping manufacturers better 
meet the growing demand for personalized products.
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As technology advances and society evolves, consumer demand for personalized and customized products 
continues to grow1,2. These products not only align more closely with individual preferences but also increase 
product value and market competitiveness3. However, traditional supply chains and production models 
are increasingly unable to meet these evolving needs. They are often characterized by long lead times, high 
operational costs, limited flexibility, and slow adoption of new technologies—factors that limit their efficiency 
and adaptability in today’s competitive market environment4. To address the rising demand for personalization 
and respond to rapid market shifts, the mold design and manufacturing industry must adopt more flexible, 
digitalized, and intelligent production models5,6. These new models promise to enhance production efficiency, 
improve product quality, and increase an enterprise’s responsiveness to market changes—ultimately enabling 
more effective delivery of customized solutions7.
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While personalized recommendation systems have seen widespread use in domains such as e-commerce, 
social media, and content distribution—with notable successes—there remains a significant gap in their 
application to mold digitalization systems. Existing techniques, such as collaborative filtering and content-
based recommendation, often struggle with the complexity of industrial datasets and the demands of real-time 
performance. Consequently, they fall short in meeting the specific requirements of personalized customization 
in the mold manufacturing context8. Additionally, there is limited research on how emerging technologies—
such as reinforcement learning and knowledge graphs—can be effectively integrated into mold digitalization 
systems to improve recommendation outcomes9,10.

In response to this gap, the present study proposes a novel approach that integrates a lightweight Graph 
Convolutional Network (LightGCN) with a Q-learning reinforcement learning framework. This combination 
supports the construction of a dynamic knowledge graph capable of efficiently extracting and continuously 
updating manufacturing knowledge. Key elements such as process parameter relationships and defect pattern 
inference are included in this framework. At the theoretical level, the model incorporates a multi-layer graph 
convolutional embedding mechanism. This structure captures high-order collaborative signals from user–mold 
interactions, resulting in notable improvements in both recommendation coverage and quality prediction 
accuracy. In practical terms, the method is validated using a dataset of automotive components. The results 
showed that the proposed model achieved an average qualification rate prediction error of less than 3.5% 
across six test sample categories. This represents a performance improvement of more than 15% compared to 
traditional regression models. Overall, this approach provides a scalable and effective technological pathway for 
building a closed-loop optimization system that spans design, production, and quality inspection in the mold 
manufacturing industry.

Literature review
Personalized recommendation systems have been widely applied in e-commerce, social media, content 
distribution, and other fields. With the rapid development of big data and artificial intelligence (AI) technologies, 
research on personalized recommendation systems has made significant advances11. Collaborative filtering is 
one of the most classic and commonly used methods in personalized recommendation systems, which discovers 
similarities among users based on user behavior data to provide personalized recommendations. Nguyen et 
al. (2023) introduced latent semantic models and matrix factorization techniques to extract features from 
the hidden semantic information by decomposing the user-item interaction matrix, thereby enhancing the 
accuracy and computational efficiency of recommendation systems12. Content-based recommendation methods 
analyze not only users’ historical behaviors but also the intrinsic features of content such as text, images, or 
audio characteristics to recommend content similar to users’ demonstrated interests. de Campos et al. (2023) 
utilized content-based recommendation methods with advanced feature extraction techniques, such as natural 
language processing or image recognition, to precisely match user interests and needs, thereby achieving more 
accurate personalized recommendation services13. Moreover, Dudekula et al. (2023) suggested that integrating 
deep learning technologies, such as convolutional neural networks and recurrent neural networks, effectively 
learned complex feature representations of users and items, thereby improving the accuracy and personalization 
of recommendation systems14. Deep learning techniques automate the learning and extraction of high-order 
features from data, which are crucial for the effectiveness of personalized recommendation systems. Marinó 
et al. (2023) demonstrated that through deep neural networks, it was possible to more accurately map the 
feature spaces of users and items, significantly enhancing the effectiveness of recommendation systems15. 
Graph neural networks have gained attention in personalized recommendation in recent years. Li et al. (2023) 
constructed complex relational graph structures between users and items, leveraging graph neural networks 
for information propagation and feature extraction, providing a more precise and comprehensive solution for 
personalized recommendations16. Reinforcement learning techniques exhibit unique advantages in dynamic 
recommendation systems due to their ability to optimize decision strategies in dynamic environments. Sivamayil 
et al. (2023) proposed that using deep reinforcement learning algorithms, recommendation systems could 
model the recommendation process as a continuous sequence decision problem and adjust recommendation 
strategies based on real-time user feedback, significantly enhancing user satisfaction17. Knowledge graphs have 
gradually attracted attention in personalized recommendation systems. Zhao et al. (2023) discovered that by 
constructing knowledge graphs, it was possible to effectively capture multidimensional user interest information 
and correlate this information with item features, thereby improving the accuracy of recommendation systems18. 
Bhaskaran and Marappan (2023) improved traditional reinforcement learning algorithms, such as Q-learning 
and deep Q-networks, to enhance their performance in complex environments, such as mold quality prediction, 
further confirming the potential of reinforcement learning in optimizing recommendation systems19. Barata 
et al. (2023) employed enhanced digital engineering to deploy a hybrid customization and personalization 
strategy in traditional industries. By implementing key Industry 4.0 technologies such as cloud computing, 
mobile devices, augmented reality, and 3D printing, they transformed traditional home ceramic enterprises, 
achieving sustained customer interaction and data-driven design and marketing activities. Personalization is not 
the endpoint; exploring the synergistic advantages of mass customization and personalization through enhanced 
strategies offers significant benefits20. Huang et al. (2023) integrated deep learning and additive manufacturing 
technologies and successfully implemented a personalized conversion design for sofa models using the You 
Only Look Once version 4 (YOLOv4) algorithm21. Ruediger- Flore et al. (2023) proposed a deep learning-based 
industrial parts classification method. They discovered that, with deep learning and reinforcement learning 
techniques, complex features of parts could be automatically learned and extracted, enabling more accurate 
identification and classification of different types of parts. The method also continuously optimizes customized 
designs based on user needs and changing production environments, improving production efficiency and 
product quality22. Li et al. (2023) pointed out that the application of reinforcement learning and deep learning 
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in the manufacturing phase of the engineering lifecycle covered order selection, process planning, scheduling, 
process control, and quality control. These technologies, by providing adaptive and flexible solutions, are 
gradually becoming key factors driving smart manufacturing systems toward more cognitive and personalized 
directions. This application has promoted the development of industrial personalization, making manufacturing 
processes more precise and efficient while meeting the personalized needs of different customers23. Chen et 
al. (2024) proposed a personalized recommendation method based on reinforcement learning and multi-
objective evolutionary algorithms, which significantly improved the effectiveness and stability of personalized 
recommendations by dynamically selecting the optimal task splitting scheme24.

As intelligent manufacturing technologies continue to evolve, recommendation systems are increasingly 
being applied beyond consumer-facing domains and into industrial manufacturing. However, these systems must 
be significantly adapted to suit the unique requirements of industrial contexts. Unlike traditional e-commerce 
applications—which focus on straightforward “user–product” interactions—recommendation systems in 
mold manufacturing must process high-dimensional, interrelated industrial data while also supporting real-
time decision-making25. For instance, Sun et al. (2022) developed a recommendation system for industrial 
equipment maintenance using graph neural networks. Their approach constructed a relational network between 
fault patterns and maintenance strategies, enabling the dynamic generation of complex maintenance plans. This 
demonstrated the feasibility of using graph-based modeling in industrial applications26. In a similar vein, Fu et al. 
(2022) combined reinforcement learning with multi-objective optimization to recommend process parameters 
in real time for personalized production scheduling. Their system used a reward mechanism to dynamically 
balance production efficiency and quality constraints27. These studies underscore two essential capabilities for 
applying recommendation systems in manufacturing: the ability to model complex relationships and the ability 
to optimize strategies dynamically—capabilities that are largely absent in traditional mold production methods.

Despite substantial progress in personalized recommendation systems across domains such as e-commerce, 
social media, and digital content delivery, these systems face significant limitations when applied to industrial 
manufacturing. First, industrial settings—such as mold manufacturing—involve complex, heterogeneous data 
from multiple sources, including material properties, process parameters, and equipment conditions. Traditional 
collaborative filtering methods, which often assume feature independence, struggle to capture the high-
dimensional and nonlinear relationships within this data. Second, manufacturing environments are dynamic. 
Factors like equipment failures and fluctuating order priorities require real-time decision-making and adaptive 
system behavior. However, most content-based recommendation methods are static and lack the mechanisms 
for online learning or feedback-driven optimization. Third, industrial applications demand a high degree of 
domain knowledge integration. Effective recommendations must incorporate process rules and quality control 
standards through structured knowledge representations. Systems that rely solely on user behavior data fail to 
meet the reliability and interpretability requirements of engineering contexts. To overcome these challenges, 
this study proposes a novel framework that integrates knowledge graphs with reinforcement learning. Domain 
knowledge—such as process constraints and defect patterns—is encoded into computable graph structures. A 
Q-learning algorithm is then used to dynamically refine recommendation strategies based on real-time feedback. 
This integrated approach enables the delivery of accurate, interpretable, and adaptive recommendations, making 
it particularly well suited for the complex and rapidly evolving needs of modern industrial manufacturing.

Theoretical research and reinforcement learning in mold data systems
Mold data systems
To support intelligent and data-driven mold manufacturing, this section presents a lifecycle-oriented mold data 
system. The system consolidates data from multiple stages—including design, production, and maintenance—
and provides structured inputs to facilitate knowledge engineering and model development.

A mold data system is a system that utilizes information technology to integrate, manage, and analyze various 
data throughout the mold design, manufacturing, usage, and maintenance processes. These systems typically 
integrate functionalities such as Computer-Aided Design/Computer-Aided Manufacturing (CAD/CAM) 
technologies, Enterprise Resource Planning (ERP) system connections, remote monitoring, and maintenance, 
aiming to help enterprises enhance mold production efficiency, reduce costs, improve quality, and ensure stable 
operation and longevity of molds. By digitizing management and providing intelligent decision support in mold 
production processes, mold data systems offer essential tools for enterprises to maintain competitive advantages 
in fiercely competitive markets28. The characteristics and advantages of mold data systems are depicted in Fig. 129.

Based on mold data systems: knowledge engineering
Based on the various characteristics of the mold data system described above, this section introduces knowledge 
engineering techniques to transform domain expert knowledge and historical production data into computable 
rules and constraints. This process lays the semantic foundation for constructing the knowledge graph.

Knowledge engineering is an interdisciplinary field that combines theories and methods from computer 
science, AI, cognitive science, and knowledge management. Its primary goal is to develop and utilize computer 
systems to acquire, express, store, use, and manage knowledge. The core objective is to transform human 
knowledge and expertise into forms that computers can understand and process, facilitating the resolution 
of complex problems, decision-making, and automation30,31. In mold data systems, the key technologies and 
application characteristics of knowledge engineering are illustrated in Fig. 232.

The application of knowledge graphs in mold data systems
To better capture the complex relationships within the data, this section uses the output from the knowledge 
engineering module to build a multidimensional knowledge graph focused on the core elements of process, 
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parameter, and quality. This semantic network explicitly represents the relationships between entities in mold 
design, and serves as a foundation for intelligent algorithms to perform effective feature extraction and reasoning.

The application of knowledge graphs in mold data systems involves constructing structured knowledge 
representations based on semantic networks, effectively capturing and managing various entities and their 
complex relationships in mold design33. The basic framework and technological structure of knowledge graphs 
are illustrated in Fig. 334.

Knowledge graphs represent structured data as nodes and edges to facilitate the representation, storage, and 
inference of knowledge. Let X  and Y  be entities represented as vectors, X · Y  denotes the dot product of 
vectors X  and Y , ∥ X ∥∥ Y ∥ represents the norms of vectors X  and Y , |X ∩ Y | indicates the size of the 
intersection, and |X ∪ Y | denotes the size of the union. The similarity calculation is shown in Eqs. (1) and 
(2)35:

	
Similarity (X, Y ) = X · Y

∥ X ∥∥ Y ∥ � (1)

	
JS (X, Y ) = |X ∩ Y |

|X ∪ Y | � (2)

Equations (1) and (2) illustrate that cosine similarity closer to 1 indicates higher similarity, whereas closer to 
−1 indicates dissimilarity. Jaccard similarity measures the similarity between two sets and is commonly used to 

Fig. 1.  Characteristics and advantages of mold data systems.
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compare sets of neighboring nodes or attribute sets of entities, with values ranging between 0 and 1; values closer 
to 1 indicate greater similarity.

Enhancing learning algorithms to optimize knowledge graphs
Traditional knowledge graphs are static and thus have difficulty adapting to the rapidly changing conditions of 
production environments. To address this limitation, this section proposes a dynamic optimization framework 
that incorporates reinforcement learning. Specifically, the framework employs the Q-learning algorithm to 
evaluate inference results from the knowledge graph in real time. Based on this evaluation, it adjusts the weights 
within the graph structure, allowing for the adaptive and continuous updating of manufacturing knowledge.

Reinforcement learning is a machine learning method that enables intelligent systems to interact with their 
environment and learn through trial and error to maximize cumulative rewards. Unlike traditional supervised 
and unsupervised learning methods, reinforcement learning does not require labeled data but rather improves 
decision-making capabilities through iterative feedback36.

The process of optimizing knowledge graphs using reinforcement learning begins with the interaction 
between the intelligent mold system and the knowledge graph. Based on the current state, actions are chosen—
typically selecting new triples involving specific head entities from the knowledge graph. The system employs 
a retrieval function or random selection function to obtain a series of triples related to the selected head entity. 
Subsequently, a transformation model computes attribute vectors for each retrieved triple. These attribute vectors 
capture semantic associations between entities and relations, forming the basis for subsequent evaluations. The 
system assesses the relevance between new triples and known triples by calculating the similarity between 

Fig. 2.  Key technologies and application characteristics of knowledge engineering.

 

Scientific Reports |        (2025) 15:23970 5| https://doi.org/10.1038/s41598-025-08399-z

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


attribute vectors. During evaluation, if the similarity between a new triple and known triples is sufficiently 
high, the system adds it to the candidate set. Concurrently, based on evaluation results, the system may provide 
positive rewards to reinforce strategies for future action selection. As the system continues to interact with and 
learn from the knowledge graph, employing Q-learning update policies from reinforcement learning optimizes 
the accuracy and efficiency of action selection. This iterative process enhances the system’s understanding of 
complex knowledge graph structures, thereby improving and expanding its application effectiveness across 
various intelligent domains. Ultimately, through continuous evaluation and optimization, the intelligent system 
effectively enhances the quality and utility of the knowledge graph, providing users with more precise and 
efficient knowledge acquisition and application experiences.

Q-learning is a classic reinforcement learning algorithm used to learn optimal policies for decision-making 
in unknown environments. Its core involves updating a state-action value function known as Q-value to learn 
the optimal strategy. The basic process and algorithmic structure of Q-learning are depicted in Fig. 437.

According to the Bellman equation, the calculation of the Q-value update rule is shown in Eq. (3)38:

	 Q (n, m) ← Q (n, m) + β
[
δ + µ maxm′ Q

(
n′, m′) − Q (n, m)

]
� (3)

In Eq.  (3), Q (n, m) represents the Q-value when action m is taken in state n; β  is the learning rate, 
controlling the magnitude of each update. δ  is the immediate reward obtained after taking action m. µ  is 
the discount factor, measuring the importance of future rewards. n′ is the next state transitioned to after taking 
action m. maxm′ Q (n′, m′) denotes the maximum Q-value among all possible actions in state n′.

Data-driven system for mold design based on reinforcement learning knowledge graph 
recommendation algorithm
This section builds on the dynamic knowledge graph’s enhanced learning capabilities by introducing the 
LightGCN-Q recommendation algorithm. LightGCN-Q integrates the high-order feature propagation of 
graph convolutional network (GCN) with the real-time decision-making power of reinforcement learning. 
Together, these components form a closed-loop optimization system designed specifically for personalized mold 
production.

Fig. 3.  Basic framework and technological structure of knowledge graphs.
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In mold design, geometric features represent key position constraints and design parameters. Through 
knowledge engineering, feature-driven parameters can be altered to achieve parametric modeling of parts, 
including feature selection, parametric modeling, and design knowledge storage centered around features. Based 
on the reinforcement learning knowledge graph recommendation algorithm, this study initially utilizes the 
open application programming interface of the Nutanix nx platform to implement part modeling, ensuring the 
technical feasibility of feature-driven knowledge modeling methods. Subsequently, design rules are translated 
into programming languages to accurately express them. Starting from key parameters of dedicated and 
associated modules, with parameter changes and transfers, the modeling process is driven to generate dedicated 
modules that meet requirements.

To further enhance the performance of the knowledge graph recommendation algorithm, this study 
integrates LightGCN into the core of the reinforcement learning system, optimizing the representation of 
user and module features and recommendation decisions. LightGCN is a lightweight GCN model specifically 
designed for recommendation systems to efficiently capture collaborative signals between users and items. 
Compared to traditional graph neural networks, LightGCN simplifies the model structure by removing 
unnecessary operations and retaining only the core neighbor information aggregation operation, significantly 
improving computational efficiency and representational ability. Its multi-layer nested graph convolution design 
can capture higher-order collaborative relationships between users and items in the interaction graph, enabling 
the recommendation system to achieve a balance between accuracy and efficiency.

In the mold digitization system, the interaction behavior between users and modules forms a sparse user-
module interaction matrix. Based on this matrix, this study optimizes the construction of the user-module 
interaction graph using LightGCN, where the graph’s nodes include two categories: users and modules. The 
edges of the graph represent user operations on the modules, and the edge weights can be dynamically adjusted 
based on interaction frequency or importance. LightGCN aggregates neighborhood information of users 
and modules in the interaction graph through multiple layers of graph convolution, capturing higher-order 
collaborative signals. The specific calculation is as shown in Eqs. (4) and (5):

	
e(l+1)

u =
∑

i∈Nu

1
|Nu|e

(l)
i � (4)

	
e

(l+1)
i =

∑
u∈Ni

1
|Ni|

e(l)
u � (5)

e
(l+1)
u  represents the embedding of user u at layer l. Nu represents the set of neighboring modules of user u. 

e
(l)
i  represents the embedding of module i.

By stacking multiple layers of convolution, the representations of users and modules not only include 
information from direct neighbors but also capture second-order and higher-order collaborative signals.

In the reinforcement learning framework, the output of LightGCN is used as part of the state representation 
to improve the accuracy and generalization ability of policy decisions. Let the high-order embeddings of users 

Fig. 4.  Basic process and algorithm structure of Q-learning.
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and modules output by LightGCN, eu and em, be integrated into the state vector, and the state St is calculated 
as shown in Eq. (6):

	 St = [eu, em, E]� (6)

eu and em are the final embedding representations of the user and module, which more precisely describe the 
latent relationship between user demands and module features. E represents other modeling parameters.

In the reinforcement learning algorithm, the core task of the policy network is to generate an action based 
on the current state St. This action may include recommending a module or adjusting specific parameters to 
optimize the performance of the mold digitization system. Traditional policy networks might rely solely on simple 
historical behavior or static rules. However, after integrating LightGCN, by aggregating collaborative signals 
from user and item nodes, the policy network can obtain richer and more accurate contextual information. This 
enhanced signal allows the policy network to more accurately predict user preferences and select better actions. 
When the action chosen by the policy network is accepted by the user, the system provides positive rewards, 
encouraging the network to learn similar behaviors. Conversely, if the recommended action is not accepted 
or does not achieve the expected result, the system gives negative rewards to guide the policy network in 
optimizing the decision-making process. Through this reward-based feedback mechanism and combined with 
update algorithms such as Q-learning, the policy network can continuously adjust its decision-making strategy, 
gradually improving the accuracy and efficiency of action selection. Furthermore, the collaborative signals from 
LightGCN play an additional role in the reward mechanism, helping the system better understand complex 
user behavior patterns. This enhances its ability to adapt to user demands, thereby achieving comprehensive 
optimization of the mold digitization system. The process of the mold digitization system under the LightGCN-
optimized reinforcement learning knowledge graph recommendation algorithm is shown in Fig. 5.

The calculation of model prediction Accuracy, F1 score, P recision, and Recall under the knowledge 
graph recommendation algorithm based on LightGCN-Q is as shown in Eqs. (7)–(10):

	
Accuracy = T P + T N

T P + T N + F P + F N
� (7)

	
F 1 = 2 × P recision × Recall

P recision + Recall
� (8)

Fig. 5.  Process of mold digitization system under the knowledge graph recommendation algorithm based on 
LightGCN-Q.
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P recision = T P

T P + F P
� (9)

	
Recall = T P

T P + F N
� (10)

T P  is True Positive; T N  is True Negative; F P  is False Positive; F N  is False Negative.
The calculation of model Area Under the Receiver Operating Characteristic Curve (AUC-ROC), mean 

absolute error (MAE), and root mean square error (RMSE) under the knowledge graph recommendation 
algorithm based on LightGCN-Q is as shown in Eqs. (11)–(13):

	
AUC =

∫ 1

0
T P R (F P R) dF P R� (11)

	
MAE = 1

N

N∑
i=1

|yi − ŷi|� (12)

	

RMSE =

√√√√ 1
N

N∑
i=1

(yi − ŷi)
2� (13)

T P R is True Positive Rate; F P R is False Positive Rate; yi is the actual value; ŷi is the predicted value; N  
is the total number of data points.

Personalized product quality assessment algorithm
To validate the proposed model’s effectiveness in industrial personalized customization, this study uses multiple 
linear regression, stepwise regression, and Partial Least Squares (PLS) regression. These methods analyze the 
relationship between personalized part data and quality parameters. Multiple linear regression models the linear 
relationship between several independent variables—such as production parameters—and a dependent variable, 
like quality indicators. Regression coefficients are estimated using the least squares method, which minimizes 
the sum of squared errors to find the best-fit regression equation. PLS regression serves as a supplementary 
tool. Its main purpose is to verify the latent correlations between the LightGCN-Q model’s predictions and 
actual production parameters, thereby improving the recommendation system’s interpretability. Specifically, 
PLS extracts latent variables that represent the relationship between process parameters and the predicted 
qualification rates from LightGCN-Q. This method effectively quantifies complex, high-dimensional nonlinear 
interactions—for example, the combined influence of injection molding temperature and cooling time on 
qualification rates.

Let Y  denote the quality parameter to be predicted, X  represent the production parameters of personalized 
parts, β 0, β 1, β 2, . . . , β i denote regression coefficients indicating the impact of each independent variable 
on the dependent variable, and ϵ  represents the error term. The calculation of the multiple linear regression 
model is shown in Eq. (14)39:

	 Y = β 0 + β 1X1 + β 2X2 + . . . + β iXi + ε� (14)

Stepwise regression is a variable selection method aimed at finding the optimal regression model by iteratively 
introducing or removing variables based on their statistical significance. The basic idea is to initially establish 
an initial model and then incrementally add variables that have the greatest impact on the dependent variable 
according to statistical significance tests, while simultaneously removing variables with smaller effects, until no 
more variables can be introduced or removed.

Let MK  denote the model at step K , Xi denote the independent variable to be added, and F (Xi|MK) 
denote the F -statistic or other criteria for variable Xi given the model MK . The calculation for introducing 
variables is shown in Eq. (15)40:

	 MK+1 = MK + Arg [maxXiF (Xi|MK)]� (15)

The PLS Regression model combines the advantages of Principal Component Analysis and regression analysis, 
particularly suitable when there is multicollinearity among the independent variables. By reducing the 
dimensions of the independent variables, the original variables are transformed into a set of orthogonal principal 
components, thereby eliminating the multicollinearity issue. Subsequently, regression models are built using 
these principal components to predict the dependent variable.

Experimental data design
This study establishes a mold intelligent digitization system based on the knowledge graph recommendation 
algorithm optimized by LightGCN and reinforcement learning. It uses two datasets: the 50 Types of Car Parts 
Dataset and the Car Parts Classification Dataset. The datasets selected in this study cover a wide range of car 
part types, including engines, brake pads, drive shafts, etc., and effectively reflect the characteristic requirements 
and complexity of different components in mold manufacturing. Both datasets include high-resolution images 
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(224 × 224 × 3), providing clear feature information that facilitates model training and feature extraction. 
Additionally, the Car Parts Classification Dataset contains 14 categories of car parts, with a total of 16,600 high-
quality real images, approximately 50 images per category, ensuring the authenticity of the data and its relevance 
to actual mold manufacturing needs. In the experiment, the datasets are split into a training set and a test set in 
an 80:20 ratio. This split is based on a common rule of thumb in machine learning practice, designed to ensure 
that the model receives sufficient data for training while retaining a portion of unseen data for evaluation to test 
model performance. To enhance the rigor of the experiment, five-fold cross-validation is also employed to assess 
the model’s generalization ability. In cross-validation, the training set is further divided into five folds, with one 
fold used as the validation set and the remaining four folds used as the training set. Training and validation 
are alternated, and the final average value is taken as the performance evaluation metric of the model. This 
experimental design ensures the rationality of data distribution and strengthens the model’s applicability and 
generalization ability in a broader range of mold manufacturing fields.

Additionally, the specific data preprocessing steps employed in this study are illustrated in Fig. 6.
As illustrated in Fig. 6, the data preprocessing procedure comprises the following steps: For the automotive 

component image dataset, each 224 × 224 × 3 image is passed through the ResNet-50 network to extract 
1,024-dimensional deep features. These features are then reduced to 100 dimensions using Principal Component 
Analysis (PCA) to serve as the initial embedding representations of modules. The extracted image features are 
linked with process parameters using annotated files to establish a “module–parameter” entity relationship. For 
the user–module interaction dataset, an interaction matrix is constructed based on historical operation logs 
from engineers. Non-zero elements in the matrix indicate design preference intensities on a scale of 1 to 5. 
This matrix is then transformed into a user–module bipartite graph, where edge weights are determined by 
interaction frequency. This bipartite graph serves as the topological input structure for the LightGCN model. In 
summary, the preprocessing phase encodes both datasets into a unified graph structure to support the embedding 
propagation of LightGCN and the decision-making process of the reinforcement learning framework.

This study applies a standardized approach to parameter tuning across different models, while introducing 
customized adjustments based on the characteristics of each algorithm. The specific hyperparameter 
configurations are summarized in Table 1.

The settings for the number of graph convolution layers were determined through preliminary experiments. 
By evaluating performance across different layer configurations (1 to 5 layers), the model performed best with 
three layers. At this setting, both the hit rate and normalized discounted cumulative gain (NDCG) showed 
notable improvements, indicating that three layers effectively captured high-order interactions between 
users and modules. When fewer than three layers were used, limited information aggregation led to reduced 
recommendation accuracy. Conversely, using more than three layers resulted in over-smoothing, which 
diminished the discriminative power of the node features. Based on these findings, the final number of graph 

Fig. 6.  Data preprocessing workflow.
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convolution layers was set to three. L2 regularization is also applied to enhance the model’s generalization 
capability. In the collaborative filtering recommendation algorithm, the number of latent factors is set to 50, 
and cosine similarity is utilized for similarity computation. For the content-based recommendation algorithm, 
the feature dimension is set to 150, with Jaccard similarity used for similarity calculations. In the Bayesian 
recommendation algorithm, the Beta distribution (α = 1, β = 1) is adopted, with Gibbs sampling employed as 
the sampling method. Through the combination of standardized and differentiated parameter settings, this 
study ensures fairness in the comparative experiments while fully leveraging the performance characteristics of 
each model. This approach provides a valuable reference for selecting recommendation algorithms within mold 
digitization systems.

Evaluation and analysis of intelligent data-driven mold system based on 
reinforcement learning knowledge graph recommendation algorithm
Analysis of personalized custom part quality assessment results under the algorithm 
introduced in this study
This study selected six types of test samples (Samples 1–6) from an automotive component dataset, focusing 
on parts commonly associated with high complexity in mold manufacturing. Sample selection is guided by a 
composite score (1–10) reflecting structural complexity, variety of process parameters, and variability in historical 
qualification rates—where higher scores indicate greater production difficulty. The selected components include 
engine cylinder blocks, brake pad molds, drive shafts, turbine blades, interior door panels, and transmission 
gears. These samples span a spectrum of manufacturing scenarios, ranging from basic injection-molded parts 
to intricate precision components. Each category contains 100 to 150 data entries, ensuring that the evaluation 
results are representative of industry practice.

Figure 7 shows the quality evaluation results for personalized custom parts in the mold intelligent digitization 
system based on the LightGCN-Q knowledge graph recommendation algorithm.

As shown in Fig.  7, in Sample 1, the actual pass rate is 96.8%, while the predicted value based on the 
LightGCN-Q knowledge graph algorithm is 93.6%, with a 3.2% difference from the actual value. This discrepancy 
may arise from biases in the dataset or the model’s insufficient feature extraction ability for a small number of 
samples. In contrast, the multiple linear regression model’s fitted pass rate is 80.2%, significantly lower than the 
actual pass rate, indicating that the model fails to capture complex relationships accurately. On the other hand, 
the predicted value of the PLS regression model is close to the actual pass rate at 93.6%, indicating that PLS 
regression fits the data well within a smaller error range. In Sample 2, the actual pass rate is 98.5%, and the pass 
rates for the stepwise regression and PLS regression models are 95.1% and 95.6%, respectively, with predicted 
results that are relatively close to the actual value. Although stepwise regression performs slightly lower than 
PLS regression, the difference between the two models is minimal, suggesting that both models can adapt well to 
the complex dataset. However, the multiple linear regression model’s predicted value is only 80.3%, significantly 
lower than the actual pass rate, reflecting its poor adaptability to high-dimensional data. In Sample 3, the actual 
pass rate is 95.9%, but the multiple linear regression model’s predicted value is overly high at 101.3%, leading 
to a larger error. The PLS regression’s predicted value is 94.5%, closest to the actual value, demonstrating its 
advantage in handling complex nonlinear relationships. Additionally, the stepwise regression model’s pass rate 
is 93.7%, also within a close range to the actual pass rate. In Sample 4, the actual pass rate is 95.9%, and the 
multiple linear regression’s predicted value is low at only 88.4%. The stepwise regression and PLS regression 
models predict pass rates of 93.7% and 93.2%, respectively, which are closer to the actual value. This indicates 
that both models are effective in controlling errors when handling small sample sizes. In Sample 5, the predicted 
value from PLS regression is 95.6%, slightly higher than the actual pass rate, but still quite close, showcasing the 
model’s stability on more complex datasets. In contrast, the multiple linear regression model predicts 80.2%, 
showing a large error. In Sample 6, the actual pass rate is 98.8%, but the predicted values from multiple linear 
regression and stepwise regression are significantly lower, at 80.2% and 88.4%, respectively. The PLS regression 
model’s predicted value is 93.2%, which, while still having a gap from the actual value, performs the best among 

Parameter category LightGCN-Q parameters Reinforcement learning parameters

Embedding dimension 100

Batch size 5000

Distance metric L1 norm (distance = 1)

Learning rate 0.003

Regularization 0.02

Optimizer Adam

Early stopping Stop after 30 non-improving epochs

Neighborhood sample size 10 -

Number of GCN layers 3 -

Node weight decay 0.5 -

Reward discount factor - γ = 0.9

Exploration rate - Decreasing from 0.2 to 0.01

Table 1.  Hyperparameter settings for the models.
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all models. Overall, the LightGCN-Q knowledge graph algorithm performs well in predicting the actual pass 
rate for most samples, demonstrating high accuracy and stability.

Performance comparison of this study’s algorithm with other algorithms
Figure 8 shows the comparative results of the LightGCN-Q knowledge graph recommendation algorithm and 
other algorithms across three categories of performance metrics: prediction accuracy, model performance, and 
error analysis.

As shown in Fig. 8(a), the LightGCN-Q knowledge graph recommendation algorithm used in this study 
performs the best, excelling in several performance metrics such as prediction accuracy, F1-Score, precision, and 
recall. In terms of accuracy, LightGCN-Q achieves 96.3%, higher than the collaborative filtering recommendation 
algorithm at 80.1% and the Bayesian recommendation algorithm at 74.8%. In terms of F1-Score, LightGCN-Q 
reaches 95.5%, significantly outperforming the logistic regression recommendation algorithm at 76% and 
the content-based recommendation algorithm at 81.1%. Regarding precision, LightGCN-Q achieves 96%, 
far surpassing the collaborative filtering recommendation algorithm at 79.3% and the logistic regression 
recommendation algorithm at 77.2%. In terms of recall, LightGCN-Q reaches 92.8%, considerably higher 
than the collaborative filtering recommendation algorithm at 73.8% and the content-based recommendation 
algorithm at 69.8%. These results indicate that the LightGCN-Q algorithm provides more accurate and stable 
performance in the mold intelligent digitization system, with higher performance advantages and significant 
improvement over traditional algorithms.

Fig. 7.  Quality assessment results of personalized custom parts under the proposed algorithm.
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As shown in Fig.  8(b), the robustness of the LightGCN-Q knowledge graph recommendation algorithm 
is 96.5%, much higher than the collaborative filtering recommendation algorithm at 60.4% and the logistic 
regression recommendation algorithm at 74.9%. Compared to the knowledge graph recommendation algorithm 
with enhanced learning, it shows an improvement of 1.4%. In terms of recommendation coverage, LightGCN-Q 
reaches 91.2%, clearly outperforming the content-based recommendation algorithm at 65.3% and the Bayesian 
recommendation algorithm at 55.7%. In terms of computational complexity, LightGCN-Q also shows a good 
balance, achieving 72%, slightly higher than other algorithms but still within an acceptable range. These results 
suggest that the LightGCN-Q algorithm exhibits high performance advantages in robustness, recommendation 
coverage, and computational complexity, with significant improvements over other algorithms.

As shown in Fig.  8(c), in terms of error performance across models, the LightGCN-Q knowledge graph 
recommendation algorithm demonstrates significant advantages. Its AUC-ROC value is 0.98, indicating 
excellent classification performance, with a notable improvement compared to other algorithms such as 
the collaborative filtering recommendation algorithm at 0.86 and the logistic regression recommendation 
algorithm at 0.8. Additionally, the MAE value is 0.6 and the RMSE value is 0.4, both significantly lower than 
the collaborative filtering recommendation algorithm’s 1.5 and 1.1, the content-based recommendation 
algorithm’s 1.3 and 0.8, and the Bayesian recommendation algorithm’s 2 and 1.4. Compared to the knowledge 

Fig. 8.  Comparison of the LightGCN-Q Knowledge Graph Recommendation Algorithm with Other 
Algorithms.
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graph recommendation algorithm with enhanced learning before optimization, the LightGCN-Q knowledge 
graph recommendation algorithm outperforms in all error metrics. The AUC-ROC value of 0.98 is significantly 
higher than the knowledge graph recommendation algorithm with enhanced learning at 0.97, indicating more 
stable and accurate classification performance. Moreover, the MAE and RMSE values are 0.6 and 0.4, much 
lower than the enhanced learning-based knowledge graph recommendation algorithm’s 0.8 and 0.5. These 
findings demonstrate that the LightGCN-Q algorithm more effectively reduces prediction errors and enhances 
the accuracy and reliability of recommendation results. In practical applications, compared to the knowledge 
graph recommendation algorithm with enhanced learning, LightGCN-Q shows stronger robustness and higher 
performance advantages.

The LightGCN-Q knowledge graph recommendation algorithm effectively supports intelligent mold 
manufacturing by integrating lightweight GCNs with reinforcement learning. This combination enables both 
efficient knowledge extraction and real-time system updates. The algorithm demonstrates notable advantages in 
prediction accuracy, robustness, recommendation coverage, computational efficiency, and fault tolerance. These 
strengths are largely due to its ability to automatically extract complex features and model high-dimensional, 
nonlinear relationships within manufacturing data. As a result, LightGCN-Q is highly effective in addressing 
the personalized customization needs of mold production, offering clear performance improvements over 
traditional recommendation approaches.

Discussion
This study introduces the LightGCN-Q-based knowledge graph recommendation algorithm into the mold 
digitization system. By leveraging reinforcement learning and knowledge graph technologies, it significantly 
enhances the quality assessment of personalized custom parts. Compared to traditional collaborative filtering 
or content-based recommendation methods, the LightGCN-Q algorithm demonstrates significant advantages 
in handling complex mold data and real-time recommendation requirements. Traditional recommendation 
methods, such as collaborative filtering or content-based approaches, typically rely on user historical behavior 
and item features for recommendations. However, these methods face limitations when dealing with large, 
high-dimensional, or sparse data, especially when complex component information is involved in the mold 
digitization system, making it difficult to accurately extract complex features. In contrast, the LightGCN-Q-
based knowledge graph recommendation algorithm can automatically extract features and relationships 
associated with components through deep learning and graph structure mining, thereby significantly 
improving prediction accuracy, robustness, and recommendation coverage. The results show that the algorithm 
outperforms traditional methods in both prediction qualification rates and recommendation coverage across 
multiple test samples. When handling complex mold data, this algorithm captures complex relationships 
between data more effectively, enhancing the stability and accuracy of predictions. Although the computational 
complexity is slightly higher, it provides better performance and results in practical applications. Furthermore, 
the model in this study demonstrates high robustness, maintaining high accuracy even when data quality or 
quantity fluctuates. When sample sizes increase or data quality varies, the LightGCN-Q algorithm continuously 
improves prediction capabilities through optimized feature extraction and reinforcement learning mechanisms. 
This robustness enables the model to handle real-time demands and personalized customization needs more 
effectively in a more complex and dynamic mold design environment, thereby enhancing its practical application 
value. In summary, the predictive outputs generated by the LightGCN-Q and PLS methods play a crucial role in 
enabling personalized mold manufacturing. The LightGCN-Q algorithm accurately forecasts part qualification 
rates, allowing for timely adjustments to process parameters during production. When a low qualification rate 
is predicted, the system can proactively implement corrective measures to prevent potential quality issues. The 
PLS method complements this by uncovering latent relationships between process parameters and qualification 
outcomes. This provides engineers with an interpretable analytical tool to better understand and optimize the 
manufacturing process. Together, these methods improve production efficiency, reduce scrap rates, and deliver 
tangible economic benefits. By enabling real-time feedback and adaptive decision-making, both LightGCN-Q 
and PLS have demonstrated strong practical value in industrial settings.

Conclusion
This study analyzes the knowledge engineering module within the mold digitization system and designs 
dedicated models for knowledge representation. Additionally, it applies reinforcement learning algorithms to 
extract key information and features from the knowledge graph of the mold digitization system, and optimizes 
the reinforcement learning-based knowledge graph algorithm using the LightGCN algorithm. Finally, the study 
uses multiple linear regression models, stepwise regression models, and PLS regression models to evaluate 
the quality of personalized custom parts, comparing the performance of these models across three categories: 
prediction performance, model performance, and model error. The results show that the algorithm based on 
the LightGCN-Q knowledge graph performs excellently in terms of prediction ability, closely aligning with 
the actual qualification rate. For test sample 1, the actual qualification rate is 96.8%, while the PLS regression 
model predicts a qualification rate of 93.6%. For test sample 2, with an actual qualification rate of 98.5%, the 
predictions from the stepwise regression model and PLS regression model are close to the actual value. For 
test sample 5, the actual qualification rate is 92.1%, and the PLS regression model predicts a qualification rate 
of 95.6%. The algorithm based on reinforcement learning in the knowledge graph performs well in real-world 
applications, closely matching the actual qualification rate and demonstrating its strong predictive ability in 
personalized custom part quality evaluation. The LightGCN-Q knowledge graph recommendation algorithm 
used in this study achieves prediction accuracy, F1 score, precision, and recall rates of 96.3%, 95.5%, 96%, and 
92.8%, respectively. In terms of model performance, the LightGCN-Q knowledge graph recommendation 
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algorithm demonstrates robustness and recommendation coverage rates of 96.5% and 91.2%, both significantly 
outperforming other algorithms. Although its computational complexity is 72%, slightly higher than some 
algorithms, the algorithm’s outstanding performance across major metrics demonstrates its clear advantage 
in this study. In terms of error performance, LightGCN-Q achieves an AUC-ROC value of 0.98, an MAE of 
0.6, and an RMSE of 0.4, outperforming other algorithms in terms of both excellence and stability. The results 
indicate that the proposed LightGCN-Q algorithm can adapt to different manufacturing demands in complex 
mold systems, extracting key features and information, thereby improving the accuracy and stability of quality 
evaluation. Furthermore, despite the slightly higher computational complexity, the algorithm’s high robustness 
and high recommendation coverage enable it to demonstrate strong adaptability in various manufacturing 
scenarios. Therefore, the methods and algorithms proposed in this study have broad potential for application in 
other types of molds or manufacturing processes, contributing to the improvement of personalized custom part 
quality evaluation levels.

The limitations of this study include the lack of full automation in mold design and optimization, requiring 
engineers to manually make detailed adjustments. In certain samples, the prediction model’s performance still 
shows errors, which may be related to data preprocessing, feature selection, and the model’s generalization 
ability. Future research can optimize the system by developing automated optimization tools and introducing 
personalized recommendation strategies based on user group relationships. This will not only improve the 
accuracy of quality detection and recommendation systems but also enhance the automation level of mold 
design and optimization. Additionally, further improving the model’s robustness and reducing the impact of 
data noise on the results will help enhance the system’s stability and accuracy.

Data availability
All data generated or analysed during this study are included in this published article [and its supplementary 
information files].
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