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Abstract

Quality risks in digitalized equipment manufacturing processes are increasingly charac-
terized by multi-source coupling, chain-like transmission, and latent evolution, making it
difficult for single-method approaches alone to fully reveal their transmission mechanisms
and key driving factors. This study proposes a mixed-methods framework integrating
grounded theory, covariance-based structural equation modeling (CB-SEM), and XGBoost-
SHAP. First, grounded theory was applied to in-depth interview data to develop a five-
dimensional quality risk framework covering process design and transformation, data flow
and collaboration, production execution and process control, quality inspection and data
traceability, and personnel capability matching. Second, based on 420 valid questionnaire
responses, CB-SEM was used to validate the chain transmission path of risks along “process
design–data collaboration–production execution–inspection and traceability” and to reveal
the pervasive effect of personnel capability matching risk, with indirect effects accounting
for 43.5%. Finally, the XGBoost-SHAP framework was introduced to capture nonlinear
and item-level effects, identifying risk items with high predictive contributions, such as
the absence of pre-job certification, underlying control failures, and distorted simulation
boundary conditions. By integrating qualitative construction, linear validation, and non-
linear attribution, this study provides cross-method evidence for identifying the driving
factors and transmission mechanisms of quality risks in equipment digital manufacturing
processes. The findings deepen the understanding of how quality risks are formed and
transmitted across equipment digital manufacturing processes and provide decision sup-
port for agile and targeted digital quality control in equipment manufacturing enterprises.

Keywords: digitalized equipment manufacturing; quality risks; grounded theory; structural
equation modeling; XGBoost-SHAP; mixed methods

1. Introduction
With the rapid advancement of Industry 4.0 and intelligent manufacturing, the manu-

facturing paradigm of complex equipment in sectors such as aerospace, rail transportation,
and defense systems is accelerating its transition toward digitalization, networking, and
intelligence [1–3]. Digitalized equipment manufacturing, supported by key technologies
such as Model-Based Definition (MBD), Manufacturing Execution Systems (MES), and
the Industrial Internet of Things (IIoT), enables lifecycle data integration across product
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design, process planning, production execution, and quality inspection through the Digital
Thread [4–6]. While this paradigm improves system flexibility and machining precision,
it also profoundly reshapes the sources, transmission paths, and evolutionary patterns of
quality risks. Quality risks are thus shifting from physical-entity deviations toward sys-
temic and latent risks driven by data discontinuities, algorithmic distortion, cross-domain
collaboration failures, and human–machine interaction deviations [7,8]. Complex equip-
ment is typically characterized by deep structural hierarchies, strong functional coupling,
and lengthy manufacturing processes. As a result, even minor deviations in any link of the
digital chain may cascade and amplify along the Digital Thread, eventually leading to batch
quality incidents or even systemic failures [9,10]. Therefore, systematically identifying the
driving factors of quality risks in digitalized equipment manufacturing processes, revealing
the transmission and coupling relationships among risk elements, and pinpointing the key
factors affecting quality performance loss have become critical scientific issues for high-end
equipment manufacturers seeking to achieve precise process quality control and improve
product reliability.

Extensive studies have been conducted on manufacturing quality risk identification
and evaluation. Traditional quality management research has mainly relied on methods
such as statistical process control, Six Sigma, total quality management, quality function
deployment, and process capability analysis to systematically examine quality fluctuations,
defect formation mechanisms, and process stability [11–13]. Methods such as failure mode
and effects analysis, analytic hierarchy process, fuzzy comprehensive evaluation, gray
relational analysis, fault tree analysis, Bayesian networks, and evidential reasoning have
also been widely applied to risk identification, failure prioritization, and key factor evalua-
tion [14–19]. These methods provide effective tools for risk scenarios with clear structures
and sufficient expert knowledge. However, in digitalized manufacturing contexts charac-
terized by high cross-system coupling and multi-source heterogeneous data, their ability to
characterize complex interactions among risk elements and dynamic cross-stage risk trans-
mission remains limited. In recent years, with the development of industrial big data and
artificial intelligence, data-driven quality prediction and anomaly detection have become
important research topics. Techniques such as random forests, support vector machines,
gradient boosting trees, deep neural networks, and digital twins have been widely applied
to equipment condition monitoring, defect identification, and quality prediction [20–24].
Nevertheless, such studies often focus primarily on predictive performance, while paying
insufficient attention to the theoretical interpretation, causal mechanisms, and managerial
implications of risk factors. For multidimensional and multi-stage coupled quality risks
in digitalized equipment manufacturing, relying solely on “black-box” predictive models
makes it difficult to fully reveal the endogenous driving mechanisms. Consistent with
this concern, recent engineering studies emphasize that the value of data-driven models
lies not only in predictive accuracy but in auditable and transparent decision support, en-
abled by uncertainty quantification and explainable attribution [25]; yet explainable AI and
feature-attribution techniques remain among the least mature components of data-driven
industrial modeling, despite their growing importance for interpreting model outputs [26].

From the perspective of quality risk identification across the full process of digitalized
manufacturing, three major research gaps remain. First, at the level of dimensional con-
struction, a unified and systematic theoretical framework for quality risks in digitalized
manufacturing has not yet been established. Most existing studies focus on risk assessment,
quality prediction, or control strategy optimization, while insufficient attention has been
paid to the front-end identification, category refinement, and systematic construction of
risk-driving factors. As a result, they are unable to comprehensively capture emerging
risk elements in digitalized manufacturing environments. Second, at the level of transmis-
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sion mechanisms, the transmission paths and evolutionary mechanisms of quality risks
in digitalized manufacturing remain insufficiently understood. Existing studies usually
treat risk factors as static and isolated variables, overlooking the chain-like transmission,
cross-domain amplification, and system-wide penetration characteristics in digitalized
manufacturing, such as “upstream design defects → downstream data deviations → on-
site execution errors → inspection and traceability failures.” Consequently, they struggle
to explain the dynamic evolution of risks in real manufacturing scenarios. Third, at the
methodological level, single-method approaches have inherent explanatory limitations.
Covariance-based structural equation modeling (CB-SEM) can effectively test theory-driven
linear relationships and hypotheses, but it is limited in capturing nonlinear interactions
among micro-level elements [27]. Machine learning models have strong predictive capabili-
ties, but they often suffer from limited interpretability and lack sufficient mechanism-based
support [28,29]. At present, mixed-methods frameworks that integrate qualitative explo-
ration, mechanism validation, and nonlinear key factor mining remain relatively scarce in
the field of quality risk identification in digitalized manufacturing.

To clearly position this study relative to existing methodological approaches, Table 1
compares four representative research streams—FMEA/traditional methods, SEM-only
studies, ML-only prediction, and generic Industry 4.0 frameworks—with this study
across five dimensions: risk source and specificity, risk-transmission modeling, nonlin-
ear/interaction effects, interpretability, and primary contribution. The comparison high-
lights three distinctive features of this study: (1) a context-tailored risk framework derived
bottom-up from grounded-theory coding of empirical interviews; (2) an empirically val-
idated chain-transmission mechanism with full-process personnel risk penetration; and
(3) dual-layer interpretability at both the construct and item levels, enabled by XGBoost-
SHAP attribution.

Table 1. Comparison of methodological approaches for quality risk research in digitalized manufacturing.

Aspect FMEA/Traditional
Methods SEM-Only Studies ML-Only

Prediction
Generic Industry 4.0

Frameworks This Study

Risk source and
specificity

Expert-defined
generic failure modes

Literature-derived
latent constructs

Data-driven
automatic features

Generic
maturity/readiness

dimensions

Context-tailored risk
framework constructed

via grounded-theory
coding of empirical

interviews

Risk transmission
modeling

Static, isolated failure
modes

Partial paths, no
complete chain

Not modeled
(prediction only)

Conceptual proposals
without verification

Empirically validated
chain transmission +

full-process personnel
risk penetration

Nonlinear/interaction
effects Not captured Linear-only

constraints
Supported but

black-box Not captured
Captured via

XGBoost-SHAP
item-level attribution

Interpretability level Strong yet subjective Clear at construct
level Low (opaque) Moderate Dual-layer (construct +

item)

Primary contribution Failure risk ranking Latent path
significance testing

Boosted prediction
precision

Digital maturity
evaluation

Integrated framework:
qualitative construction +

linear validation +
nonlinear item attribution

To address these research gaps, this study focuses on three key issues: the identifica-
tion of risk dimensions, the elucidation of transmission mechanisms, and the mining of
key driving factors in quality risks within digitalized equipment manufacturing processes.
Accordingly, a mixed-methods framework integrating grounded theory, covariance-based
structural equation modeling (CB-SEM), and XGBoost-SHAP is developed. Specifically,
first, based on in-depth interview data, grounded theory and three-stage coding are em-
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ployed to extract a quality risk dimensional system tailored to digitalized manufacturing
contexts. Second, a theoretical model is constructed based on the qualitative findings, and
questionnaire data and CB-SEM are used to test the chain-like transmission paths among
risk dimensions and their linear effects on quality performance loss. Finally, XGBoost-
SHAP is introduced to address the limitations of linear models, identify core risk-driving
factors at the micro-item level, and reveal their nonlinear effects.

The main contributions of this study are threefold. First, in terms of theoretical con-
struction, this study develops a five-dimensional quality risk system for digitalized equip-
ment manufacturing processes based on first-hand empirical data, covering process design
and transformation, data flow and collaboration, production execution and process control,
quality inspection and data traceability, and personnel capability matching. This extends
the theoretical boundary of quality risk management research in digitalized manufacturing
contexts. Second, regarding transmission mechanisms, this study empirically validates
the chain-like transmission path of quality risks along “process design–data collaboration–
production execution–inspection and traceability” and reveals the system-wide penetration
and amplification effects of personnel capability matching risks throughout the entire
process. Third, in terms of methodological integration, this study operationalizes an empir-
ically grounded analytical framework that couples “qualitative identification–mechanism
validation–key factor mining.” By combining the macro-level path interpretation capability
of CB-SEM with the micro-level feature attribution capability of XGBoost-SHAP, the pro-
posed framework achieves cross-method triangulation and hierarchical complementarity
in explanatory granularity, thereby providing a transferable methodological reference for
risk identification research in complex manufacturing systems.

The remainder of this paper is organized as follows. Section 2 introduces the data
sources and core methods. Section 3 presents the grounded theory coding results and
research hypotheses. Section 4 reports the empirical analysis results. Section 5 discusses the
main findings, theoretical contributions, and managerial implications. Section 6 concludes
the paper.

2. Methodology
To systematically identify the driving factors of quality risks in digitalized equipment

manufacturing processes, this study adopts a mixed-methods research design of “qual-
itative exploration–quantitative validation–key factor mining” by integrating grounded
theory, CB-SEM, and the XGBoost-SHAP explainable machine learning approach. First,
quality risk dimensions in digitalized equipment manufacturing are extracted based on
semi-structured interviews and grounded theory coding. Next, measurement and structural
models are developed using questionnaire data, and CB-SEM is employed to examine the
influence paths of risk dimensions on overall quality performance loss. Finally, XGBoost-
SHAP is used to identify key risk factors at the item level and evaluate their nonlinear
predictive contributions. The overall technical route of this study is shown in Figure 1.

The three methods play complementary roles in this study. Grounded theory is used
to inductively derive quality risk dimensions from practical contexts, thereby addressing
the source and construction of the variable system. CB-SEM is used to test the theoretical
path relationships among latent variables, thereby examining whether and how different
risk dimensions significantly affect overall quality performance loss. XGBoost-SHAP is
used to identify key risk factors and their predictive contributions at the item level, thus
capturing the nonlinear and interaction effects that are difficult to reveal using traditional
linear path models.
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Figure 1. Technical route for identifying quality risk drivers in digitalized equipment manufacturing
processes. Dashed boxes indicate the three sequential research stages; solid downward arrows
indicate the workflow within each stage; and horizontal rightward arrows indicate transitions
between stages.

2.1. Data Sources and Research Subjects

The data used in this study consist of two parts: qualitative interview data and quanti-
tative questionnaire data. The qualitative data were mainly used to extract risk dimensions
and construct the theoretical model, whereas the quantitative data were used for measure-
ment model assessment, structural path validation, and machine learning-based analysis.

2.1.1. Qualitative Research Data

To ensure the authenticity and contextual relevance of the extracted quality risk dimen-
sions, this study adopted a combination of purposive sampling and theoretical sampling.
Typical digitalized equipment manufacturing enterprises in sectors such as aerospace,
defense and military equipment, and high-end equipment manufacturing were selected as
research subjects. The interviewees included frontline technical and managerial person-
nel from different functional positions, including process design, production execution,
quality inspection, equipment operation and maintenance, and data management. Re-
spondents were included according to three criteria: (1) direct involvement in digitalized
manufacturing activities; (2) at least three years of relevant practical experience; and (3) cov-
erage of heterogeneous functional roles across the manufacturing chain, so as to capture
complementary risk perceptions.

First-hand qualitative data were collected through semi-structured in-depth interviews.
The interview protocol was designed based on the core stages of digitalized equipment
manufacturing and focused on key issues such as quality problems, risk scenarios, data
deviations, and human-related influences in digitalized manufacturing. Specifically, the pro-
tocol began with a basic-information section (enterprise equipment domain, respondent’s
functional role, years of experience, and the digitalized stages covered by the enterprise),
followed by a set of open-ended questions organized around the natural stages of the digi-
talized manufacturing workflow—from process design and virtual verification, through
data transfer and cross-system collaboration, intelligent production execution, and digi-
talized quality inspection and traceability, to personnel operation within human–machine
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environments. For each stage, interviewees were encouraged to recall specific quality
problems, data-related deviations, and human-related influences they had encountered,
without being constrained by any predefined risk categories. A concluding open block
invited respondents to report any additional risks and to prioritize the issues most in need
of resolution. The critical incident technique was used to guide interviewees in describing
typical quality risk events that they had personally experienced.

A total of 24 semi-structured in-depth interviews were conducted, with each inter-
view lasting approximately 30–60 min. After confidential information was removed, the
interviews were transcribed into approximately 150,000 Chinese characters of valid textual
data. Interviewing continued until no new concepts or categories emerged, indicating that
theoretical saturation had been reached. Among them, 20 interview transcripts were used
for open coding, axial coding, and selective coding, while the remaining four interview
transcripts, which were not involved in model construction, were used for theoretical
saturation testing.

2.1.2. Quantitative Research Data

To ensure that the qualitative categories could be transformed into observable vari-
ables for quantitative analysis, this study developed quantitative measurement items and
designed a questionnaire based on the grounded theory coding results. The questionnaire
consisted of 24 measurement items for quality risks, three measurement items for overall
quality performance loss, and four items related to respondents’ basic information.

All scale items were measured using a five-point Likert scale, where 1 indicates
“strongly disagree,” and 5 indicates “strongly agree.” A higher score indicates a higher
perceived level of the corresponding risk or performance loss. The detailed scale develop-
ment process, latent variable settings, and correspondence between latent variables and
observed variables are further described in Section 3.2 in conjunction with the grounded
theory coding results.

To facilitate consistent notation in the subsequent CB-SEM and XGBoost regression
models, this study adopted a unified coding system for latent variables and their observed
items. The specific coding rules are presented in Table 2.

Table 2. Coding rules for research variables.

Variable Type Variable Name Variable Symbol Item Code Number of Items

Quality risk variables

Process design and transformation risk A A1–A6 6
Data flow and collaboration risk B B1–B4 4

Production execution and process
control risk C C1–C4 4

Quality inspection and data
traceability risk D D1–D6 6

Personnel capability matching risk E E1–E4 4

Quality performance
loss variable Overall quality performance loss Y Y1–Y3 3

Note: A1–A6, B1–B4, C1–C4, D1–D6, and E1–E4 denote the 24 observed variables of quality risks. These variables
are used to measure their corresponding latent variables in the structural equation model and serve as input
features in the XGBoost model. Y1–Y3 denote the observed variables of overall quality performance loss and are
used to construct the continuous output variable in the XGBoost model.

The questionnaire was distributed in a targeted manner to enterprises engaged in
digitalized equipment manufacturing using a combination of online and offline approaches.
A total of 536 questionnaires were collected. After excluding invalid questionnaires with
abnormal response patterns, excessively short completion times, and missing key infor-
mation, 420 valid samples were obtained, yielding an effective response rate of 78.36%.
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The questionnaire was distributed across a broad range of digitalized equipment manu-
facturing enterprises rather than being concentrated in a few firms, with only a limited
number of respondents from each enterprise. Because the respondents were dispersed
across many firms, the influence of any single organization on the overall sample was
limited. In addition, the risk-perception items were designed to capture individual-level
operational experiences rather than firm-level policies, which further mitigates concerns
regarding observation independence in CB-SEM estimation. The valid sample size meets
the basic requirements for subsequent structural equation model estimation and machine
learning modeling. The distribution of the basic sample information is shown in Table 3.

Table 3. Distribution of basic sample information.

Statistical Variable Category Frequency Percentage (%)

Manufacturing sector

Aerospace 157 37.38
Defense and military equipment 126 30.00

High-end machine tools/precision equipment 93 22.14
Other equipment manufacturing 44 10.48

Respondent position type

Process design and planning personnel 91 21.67
Production/workshop management personnel 60 14.29

On-site operation and execution personnel 134 31.90
Quality inspection and control personnel 99 23.57

Digital system operation and maintenance/data
management personnel 36 8.57

Relevant work experience

3 years or less 68 16.19
4–6 years 169 40.24

7–10 years 125 29.76
More than 10 years 58 13.81

Main routine participation links

MBD modeling and process design 201 47.86
Cross-departmental data collaborative circulation 229 54.52

Production-site execution and process control 279 66.43
Digital quality inspection and data traceability 267 63.57

Full-process quality system management 150 35.71

Note: The item “Main routine participation links” is a multiple-response item; therefore, the sum of percentages
exceeds 100%.

Given that the questionnaire data in this study were mainly derived from subjective
evaluations by the same respondents, common method bias may be present. To mitigate its
potential influence, both procedural controls and statistical diagnostics were adopted. At
the questionnaire design stage, several procedural remedies were implemented: respondent
anonymity was guaranteed to reduce evaluation apprehension; neutral and non-leading
wording was adopted to minimize response tendencies; and the items were organized into
clearly separated dimensional blocks, such that the predictor (risk) items and the outcome
(quality performance loss) items were presented in distinct sections to weaken respondents’
implicit associations between them. At the data analysis stage, two complementary statis-
tical approaches were employed to assess common method bias: Harman’s single-factor
test and a confirmatory factor analysis-based common latent factor (CLF) test. For the
former, common method bias is considered unlikely to seriously affect the conclusions
if the first unrotated common factor explains less than 40% of the total variance. For the
latter, an unmeasured common latent factor is added to the CFA model and connected
to all indicators, with its loadings constrained to be equal and its variance fixed at one; if
the absolute differences in standardized loadings before and after its inclusion are below
0.2 and the average variance explained by the CLF is below 25%, common method bias is
deemed not to constitute a serious threat.
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2.2. Core Methods and Mathematical Models
2.2.1. Grounded Theory

Grounded theory is a qualitative research method that develops theory inductively
from empirical data through systematic coding procedures [30]. Its core idea is to derive
concepts, categories, and theoretical frameworks from primary empirical materials, such as
original interview transcripts, field observation records, and practical experience, through
a systematic and standardized stepwise coding process. In this study, NVivo 12 was used
to conduct three-level coding of the interview transcripts.

First, in the open coding stage, the interview transcripts were analyzed line by line
to extract initial concepts related to quality risks in digitalized equipment manufacturing,
while retaining the original expressions of the interviewees as much as possible. Second, in
the axial coding stage, the initial concepts were integrated into a set of main categories and
subcategories according to the logical relationships among risk sources, affected process
stages, manifestation forms, and consequences. Finally, in the selective coding stage, the
relationships among the main categories were integrated around the core category, thereby
forming the dimensional structure and theoretical explanatory framework of quality risks
in digitalized equipment manufacturing. To examine the stability of the coding results,
four interview transcripts that were not involved in model construction were reserved for
theoretical saturation testing.

The five risk dimensions reported in this study were not predefined but emerged
inductively from the coding process. The coding was conducted independently by two
researchers with backgrounds in quality management and digitalized manufacturing,
both trained on a shared coding protocol before formal coding. To ensure reliability,
a consensus-based procedure was adopted: the two coders first coded the transcripts
independently, and their results were then compared category by category. The initial
coding showed a high level of agreement across the main categories. Discrepancies in
concept extraction and category assignment were resolved through iterative discussion
until consensus was reached; for the few cases that could not be readily reconciled, a senior
researcher supervising the study served as an adjudicator to reach a final decision. This
independent double-coding and negotiated-agreement procedure enhanced the objectivity
and consistency of the resulting dimensional structure.

2.2.2. Covariance-Based Structural Equation Modeling

Structural equation modeling can simultaneously handle the measurement relation-
ships between latent variables and their observed indicators, as well as the structural
relationships among latent variables, making it suitable for testing the influence paths
of multidimensional quality risk factors on overall quality performance loss [31]. In this
study, covariance-based structural equation modeling was adopted, and AMOS 29.0 was
used for model estimation and hypothesis testing. The CB-SEM analysis included two
components: measurement model assessment and structural model assessment. The mea-
surement model was used to examine whether the observed items effectively reflected their
corresponding latent variables, whereas the structural model was used to test the path
relationships among latent variables and the proposed research hypotheses.

Before conducting confirmatory factor analysis, the Kaiser–Meyer–Olkin test and
Bartlett’s test of sphericity were used to determine whether the sample data were suitable
for factor analysis. Exploratory factor analysis was then performed to preliminarily ex-
amine the dimensional structure of the scale and item-to-factor allocation. Subsequently,
confirmatory factor analysis was conducted to further evaluate the reliability, convergent
validity, and discriminant validity of the measurement model. The measurement model was
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primarily assessed using standardized factor loadings, Cronbach’s α coefficients, composite
reliability, and average variance extracted.

In general, standardized factor loadings, Cronbach’s α coefficients, and composite
reliability values should be greater than 0.700, while the average variance extracted should
exceed 0.500. If the square root of the AVE for each latent variable is greater than its
correlation coefficients with other latent variables, the scale is considered to have good
discriminant validity [32].

The basic form of the measurement model is expressed as follows:

x = Λxξ + δ (1)

y = Λyη + ε (2)

where x denotes the vector of exogenous observed variables; y denotes the vector of
endogenous observed variables; ξ denotes the exogenous latent variables; η denotes the
endogenous latent variables; Λx and Λy denote the factor loading matrices of the observed
variables on their corresponding latent variables; and δ and ε denote the measurement
error terms.

The structural model is used to characterize the path relationships among latent
variables. Its basic form is given by:

η = Bη + Γξ + ς (3)

where B is the path coefficient matrix among endogenous latent variables; Γ is the path
coefficient matrix from exogenous latent variables to endogenous latent variables; and ς

denotes the structural residual term.
In this study, model parameters were estimated using the maximum likelihood (ML)

method. Maximum likelihood estimation obtains optimal parameter estimates by mini-
mizing the discrepancy between the sample covariance structure and the model-implied
covariance structure. The ML fit function can be written as:

FML = ln
∣∣∑(θ)

∣∣+ tr
{

S
[
∑(θ)

]−1
}
− ln|S| − m (4)

where S denotes the sample covariance matrix; ∑(θ) denotes the model-implied covariance
matrix; m denotes the number of observed variables; tr(·) denotes the matrix trace; and
[∑(θ)]−1 denotes the inverse matrix of the model-implied covariance matrix.

The goodness of fit of the structural model was evaluated using multiple categories
of fit indices, including absolute fit indices, incremental fit indices, and parsimonious fit
indices. Following commonly used criteria, the model fit was considered acceptable when
χ2/d f < 3, RMSEA and RMR were less than 0.08, and GFI, AGFI, CFI, TLI, and IFI were
greater than 0.90 [33]. The path hypotheses were mainly evaluated based on standardized
path coefficients, critical ratios, and significance levels. A path relationship was considered
statistically significant when the absolute value of the critical ratio, C.R., was greater than
1.96 and p < 0.05.

Considering that the questionnaire data were measured using Likert scales and may
therefore exhibit a certain degree of non-normality, this study used the bias-corrected
bootstrap method to test the indirect effects in the structural model. Compared with
the traditional Sobel test, the bootstrap method does not require the indirect effect to
follow a normal distribution and is therefore more suitable for assessing the significance
of mediation effects in complex path models [34]. In this study, the number of bootstrap
resamples was set to 5000, and the significance of indirect effects was determined based on
whether the bias-corrected 95% confidence interval contained zero.
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To further compare the cumulative effects of different risk variables on overall quality
performance loss, direct effects, indirect effects, and total effects were calculated based on
the standardized effect matrix output by AMOS. Specifically, the direct effect reflects the
immediate influence of a risk variable on the outcome variable; the indirect effect reflects
the influence transmitted through other risk variables; and the total effect is the sum of the
direct and indirect effects.

2.2.3. XGBoost Regression Model

The structural equation model can test theoretical paths among latent variables; how-
ever, it mainly focuses on linear relationships and prespecified model structures. Quality
risks in digitalized equipment manufacturing are characterized by multi-factor coupling
and nonlinear superposition. Therefore, relying solely on a linear path model may be
insufficient to fully reveal the differences in key risks. To address this limitation, this study
further employed the XGBoost regression model to characterize the nonlinear predictive
relationships between quality risk items and overall quality performance loss.

The 24 quality risk items from A1 to E4 were used as input features to construct the
input matrix:

X =
(
xij

)
n×24, j = 1, 2, . . . , 24 (5)

where Xi = (xi1, xi2, . . . , xi24) denotes the input feature vector of the i-th sample, and xij

denotes the score of the i-th sample on the j-th risk item.
Because XGBoost is a supervised learning model, it requires an observable continuous

output variable. Following the common practice of using composite scores to represent
the construct level of a latent variable, the average score of the three observed items of
overall quality performance loss, namely Y1, Y2, and Y3, was used as the continuous
output variable:

yi =
Y1i + Y2i + Y3i

3
(6)

y = (y1, y2, . . . , yn)
T (7)

XGBoost is an ensemble learning model based on the gradient boosting framework [35].
Its basic idea is to improve predictive performance by sequentially adding multiple regres-
sion trees. The model output is expressed as:

ŷi =
K

∑
k=1

fk(Xi), fk ∈ H (8)

where ŷi denotes the predicted value of overall quality performance loss for the i-th sample,
K denotes the number of regression trees, fk denotes the k-th regression tree, and H denotes
the function space of all possible regression trees. To control model complexity and reduce
the risk of overfitting, XGBoost introduces a regularization term into the objective function:

Obj =
n

∑
i=1

l(yi, ŷi) +
K

∑
k=1

Ω( fk) (9)

where

Ω( fk) = γT +
1
2

λ
T

∑
j=1

ω2
j + α

T

∑
j=1

∣∣ωj
∣∣ (10)

l(yi, ŷi) = (yi − ŷi)
2 (11)

The loss function l(yi, ŷi) denotes the discrepancy between the observed and predicted
values; γ controls the penalty on the number of leaf nodes; λ is the L2 regularization
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coefficient; α is the L1 regularization coefficient; T denotes the number of leaf nodes; and
ωj represents the weight of the j-th leaf node.

The samples were randomly split into a training set and a test set, with 80% of the
samples used for model training and hyperparameter optimization and the remaining 20%
used to evaluate the model’s generalization performance. The random seed was set to 42
to ensure reproducibility. If missing values were present in the data, they were imputed
using the median imputation method. To avoid data leakage, the test set was not involved
in model training, missing-value imputation parameter estimation, cross-validation, or
hyperparameter search.

Considering that the predictive performance of the XGBoost model is strongly affected
by hyperparameters such as the number of trees, maximum depth, and learning rate, this
study defined the search ranges for each hyperparameter based on empirical rules (see
Table 4). To balance computational efficiency and global search capability, hyperparameter
tuning was conducted using a random search strategy combined with five-fold cross-
validation. Specifically, five-fold cross-validation was implemented on the training set, and
50 combinations of hyperparameters were randomly sampled from the predefined search
space. Each combination was evaluated using the cross-validated root mean squared error
(RMSE), and the parameter set with the lowest RMSE was selected. The final model was
then refitted using the selected parameter combination on the full training set. The optimal
hyperparameter values identified through this procedure are reported in the ‘Selected
value’ column of Table 4. Model performance was subsequently evaluated on both the
training set and the independent test set using the coefficient of determination (R2), RMSE,
and mean absolute error (MAE), as defined below:

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2 (12)

RMSE =

√
1
n∑n

i=1(yi − ŷi)
2 (13)

MAE =
1
n∑n

i=1|yi − ŷi| (14)

where yi is the observed value of overall quality performance loss for the i-th sample, ŷi is
the corresponding predicted value,

-
y is the mean of the observed values, and n is the total

number of samples included in the evaluation. A value of R2 closer to 1 indicates stronger
explanatory power for the variation in overall quality performance loss, whereas lower
RMSE and MAE values indicate smaller prediction errors.

Table 4. Hyperparameter search space and selected values for the XGBoost model.

Hyperparameter Code Name Search Range Selected Value Description

Number of decision
trees n_estimators 100, 200, 300, 500, 800 100

Number of regression trees
in the XGBoost ensemble

model

Maximum tree depth max_depth 2, 3, 4, 5, 6 4
Maximum depth of a

single tree, used to control
model complexity

Learning rate learning_rate 0.01, 0.03, 0.05, 0.08, 0.10 0.03
Contribution weight of

each tree to the final
prediction
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Table 4. Cont.

Hyperparameter Code Name Search Range Selected Value Description

Subsample ratio subsample 0.6, 0.7, 0.8, 0.9, 1.0 0.9
Proportion of samples
randomly selected for

training each tree

Feature subsample
ratio colsample_bytree 0.6, 0.7, 0.8, 0.9, 1.0 0.7

Proportion of features
randomly selected for

training each tree

Minimum child weight min_child_weight 1, 2, 3, 5, 7 3
Minimum sum of instance
weights required for a child

node to be further split

Minimum loss
reduction for splitting gamma 0, 0.01, 0.05, 0.1, 0.2 0.1

Minimum loss reduction
required to make a further

split on a leaf node

L1 regularization
coefficient reg_alpha 0, 0.001, 0.01, 0.05, 0.1 0 Controls model sparsity

and reduces overfitting

L2 regularization
coefficient reg_lambda 0.5, 1, 2, 5, 10 5

Controls model complexity
and enhances

generalization ability

2.2.4. SHAP-Based Explainability Analysis Framework

XGBoost has strong nonlinear fitting capability; however, its ensemble tree structure
makes the internal decision-making process of the model difficult to interpret directly.
To improve model transparency, this study introduced the SHAP method to conduct
explainability analysis of the XGBoost prediction results. SHAP is based on the concept
of Shapley values in cooperative game theory, in which each input feature is regarded
as a “participant” in model prediction. By calculating the marginal contribution of a
given feature to the model output under different feature combinations, SHAP quantifies
the importance of that feature to the prediction results [36]. Compared with traditional
feature-importance measures, SHAP not only provides a global importance ranking but
also explains the positive or negative contribution of each feature to the predicted value for
individual samples.

For a given sample i, let P denote the set of input features. The local SHAP value of
feature j can be expressed as:

ϕij = ∑
S⊆P\{j}

|S|!(M − |S| − 1)!
M!

[ fi(S ∪ {j})− fi(S)] (15)

where P denotes the complete set of input features; M = |P| denotes the total number
of features; S denotes an arbitrary subset of features that does not include feature j; | S |
denotes the number of features contained in subset S; fi(S) denotes the predicted output
for sample i when only the feature subset S is considered; fi(S ∪ {j})− fi(S) denotes the
marginal contribution of feature j to the prediction result of sample i after it is added to the
model; and ϕij denotes the local SHAP value of feature j for sample i.

SHAP decomposes the prediction result of a complex model into the sum of a baseline
value and the contribution values of all features:

g
(
z′
)
= ϕ0 +

M

∑
j=1

ϕij (16)

where ϕ0 denotes the baseline value of the model output, that is, the expected value of
the sample predictions; ϕij denotes the contribution of feature j to the prediction result for
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sample i. When ϕij > 0, the feature increases the predicted overall quality performance loss
above the baseline value; when ϕij < 0, the feature decreases the predicted value below the
baseline value.

Based on the above SHAP values, this study interpreted the XGBoost results at three
levels. First, at the item level, the key risk items that contributed more strongly to the
prediction of overall quality performance loss were identified using the mean absolute
SHAP values. Second, at the directional level, SHAP summary plots and the color distri-
bution of feature values were used to examine the relationship between variations in the
values of different risk items and the positive or negative direction of SHAP values, thereby
determining whether higher risk scores tended to increase the predicted value of overall
quality performance loss. Third, at the dimension level, the global SHAP importance
values at the item level were aggregated by latent risk dimension to compare the overall
contributions of different risk dimensions in the nonlinear prediction model. These results
were further compared with the CB-SEM path coefficients to reveal the consistency and
differences between linear path effects and nonlinear predictive contributions.

At the global level, the importance of each risk item was measured using the mean
absolute SHAP value:

Ij =
1
n

n

∑
i=1

∣∣ϕij
∣∣ (17)

where Ij denotes the global SHAP importance of feature j, n denotes the number of samples
used for SHAP interpretation, and ϕij denotes the local SHAP value of feature j for the i-th
sample. A larger Ij indicates a stronger average contribution of this feature to the XGBoost
prediction of overall quality performance loss. Because Ij is calculated based on | ϕij |, it
reflects contribution magnitude rather than effect direction.

Let Gg denote the set of items corresponding to the g-th risk dimension. The total
SHAP contribution of this dimension is calculated as:

Isum
g = ∑

j∈Gg

Ij (18)

The contribution share of this dimension is calculated as:

Shareg =
Isum
g

∑G
h=1 Isum

h

(19)

Considering that different risk dimensions contain different numbers of items, the
average contribution at the dimension level is further calculated as:

Iavg
g =

1∣∣Gg
∣∣ ∑

j∈Gg

Ij (20)

where | Gg | denotes the number of items included in the g-th risk dimension, and G denotes
the total number of risk dimensions. Isum

g reflects the overall predictive contribution of
a given risk dimension, Shareg is used to compare the relative proportion of each risk
dimension in the total predictive contribution of the model, and Iavg

g is used to compare the
average contribution intensity of individual items after controlling for differences in the
number of items across dimensions.

It should be noted that XGBoost and SHAP analyses reflect the explanatory contribu-
tions of risk items to model predictions rather than causal effects in a strict sense. Therefore,
this study does not interpret SHAP importance as the strength of causal paths among
variables. Instead, it is used as a methodological complement to CB-SEM-based linear path
testing to identify key predictive factors at the item level, potential nonlinear influence pat-
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terns, and the relative contributions of different risk dimensions to model prediction. The
CB-SEM results were mainly used to validate the theoretical hypotheses and latent-variable
path relationships, whereas the XGBoost-SHAP results were primarily used to reveal the
predictive contributions of key risk factors and their managerial priorities.

3. Grounded Theory Coding Results and Research Hypotheses
3.1. Grounded Theory Coding Results
3.1.1. Open Coding

With the assistance of NVivo 12 qualitative data analysis software, the original tex-
tual materials were decomposed line by line to extract initial concepts with independent
meanings. Concepts with similar semantics and consistent orientations were then merged,
screened, and summarized to form initial categories. After sentence-by-sentence analysis of
the 20 interview transcripts, 106 valid initial concepts were extracted and further clustered
into 24 initial categories. Owing to space limitations, Table 5 presents selected examples of
the open coding process.

Table 5. Examples of open coding.

Original Interview Excerpt Initial Concept Initial Category

“The MBD model transferred from the design
stage sometimes shows missing geometric
features when imported into our process
software, or the three-dimensional PMI

annotations, such as tolerances and roughness,
are lost or unclear.”

Missing geometric features in the model;
loss of three-dimensional PMI

annotations
Loss of model semantics

“The dimensions measured using the
three-coordinate measuring machine were
clearly qualified, but because the process

parameters were not properly set, the residual
stress inside the part was not released. The part

soon experienced fatigue fracture after
installation.”

Focusing only on geometric dimensional
conformity; neglecting physical

performance indicators; residual internal
stress

Detachment of physical properties

“The cutting simulation in the software uses the
standard machine tool and tool library, which
differs greatly from the aging condition and

clamping method of the actual workshop
equipment. The simulation appears fine, but tool
interference and collision can easily occur during

machining.”

Idealized simulation boundary
conditions; neglect of actual equipment
conditions; gap between virtual and real

operating conditions

Distortion of simulation boundary
conditions

“The data interfaces between upstream and
downstream systems were not fully connected.
The MES program issuing process was delayed,
and the workers did not notice it, so they called a
discarded NC program from the previous local

version.”

Heterogeneous system interfaces not
fully connected; delay in data issuing;

incorrect invocation of an outdated
program

Version synchronization delay

“After several years of use, the guideway
accuracy of the high-end five-axis machine tool
deteriorated. However, the control system did

not issue an alarm, and the machining trajectory
deviated slightly by several hundredths of a

millimeter, which could not be detected by the
naked eye.”

Hidden degradation of equipment
accuracy; no early warning from the

underlying control system; slight
deviation of the machining trajectory

Equipment accuracy degradation
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Table 5. Cont.

Original Interview Excerpt Initial Concept Initial Category

“Key parameters such as heat-treatment furnace
temperature and spindle load sometimes

fluctuate greatly. When the system monitoring is
disconnected or data acquisition is delayed,

hidden defects such as burns and microcracks
are likely to occur.”

Instantaneous fluctuation of key
parameters; blind spots in data

acquisition; no early warning from the
monitoring system

Failure of condition monitoring

“If the three-coordinate measuring machine and
online visual inspection equipment are not

calibrated for a long time, accuracy drift may
occur. Sometimes the algorithm fitting has errors,
leading to missed detection or misclassification,
where nonconforming products are judged as

qualified.”

Fitting errors in vision algorithms;
uncalibrated inspection equipment;
release of nonconforming products

Algorithmic fitting misjudgment

“On-site data on processes, equipment, and
personnel are incompletely collected, and

QR-code binding is not standardized. When
quality problems are found later, it is sometimes
impossible to determine which machine tool or

which operator was responsible.”

Incomplete collection of production
elements; non-standardized

identification-code binding; inability to
trace root causes backward

Failure of root-cause traceability

3.1.2. Axial Coding

Axial coding aims to establish relationships among different levels of categories and
further synthesize the initial categories into more abstract subcategories and main cate-
gories. Through continuous comparison, semantic clustering, and logical integration of
fragmented initial categories, those with similar meanings and originating from related
business scenarios were grouped into 12 subcategories. These subcategories were then
further aggregated, according to the full process of digitalized equipment manufacturing,
into five main categories representing quality risks in digitalized equipment manufactur-
ing processes: process design and transformation risk, data flow and collaboration risk,
production execution and process control risk, quality inspection and data traceability risk,
and personnel capability matching risk. Selected results of the axial coding process are
presented in Table 6.

Table 6. Selected results of axial coding.

Main Category Subcategory Included Initial Categories Category Connotation

Process design and
transformation risk

Design–
manufacturing data

transfer risk

Loss of model semantics;
design intent interpretation

deviation

When the MBD model is parsed across
heterogeneous software platforms, geometric

features and PMI data may be lost. In
addition, process engineers may have

cognitive deviations in interpreting design
intent, resulting in defective input at the

source of manufacturing.

Data flow and
collaboration risk

Virtual–physical
disconnection and

data version disorder

System data incompatibility;
version synchronization delay

Due to data-interface barriers among the
PLM system, MES, and shop-floor

equipment, engineering changes may not be
issued in real time, causing operators to

mistakenly invoke outdated
three-dimensional models or NC programs.
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Table 6. Cont.

Main Category Subcategory Included Initial Categories Category Connotation

Production execution
and process control

risk

Intelligent
manufacturing

equipment and flexible
tooling defects

Equipment accuracy
degradation; underlying

control failure

High-end CNC equipment may undergo
latent accuracy degradation, such as

guideway wear and thermal drift, due to
long-term high-load operation. Alternatively,

transient failures may occur in the
underlying servo-control logic, while the

CNC system fails to trigger alarms or
compensation mechanisms, resulting in
microscopic deviations in the machining

trajectory.

Quality inspection and
data traceability risk

Digital inspection
system reliability risk

Inspection accuracy drift;
Algorithmic fitting

misjudgment

Automated inspection equipment, such as
online visual inspection systems and
coordinate measuring machines, may

experience accuracy drift due to long-term
high-frequency use or lack of regular

calibration. In addition, image-recognition
algorithms may have fitting limitations,

leading to missed detection or misjudgment
of marginal quality defects.

3.1.3. Selective Coding

Through in-depth abstraction and logical relationship analysis of the five main cate-
gories and twelve subcategories, the core category was identified as “the generation and
transmission mechanism of quality risks in digitalized equipment manufacturing pro-
cesses.” A theoretical storyline was constructed around this core category: in digitalized
equipment manufacturing processes, process design and transformation risk constitutes
the source input of quality risks. Semantic deviations in MBD models, missing process pa-
rameters, or distorted simulation boundaries may propagate into downstream stages along
the Digital Thread. Data flow and collaboration risk serves as a cross-domain transmission
carrier, amplifying upstream risks through system interface barriers, delayed version syn-
chronization, and insufficient data consistency. Production execution and process control
risk materializes these risks on the manufacturing shop floor, transforming early-stage risks
into machining deviations and quality fluctuations. Quality inspection and data traceability
risk directly determines the capability for defect interception and closed-loop correction; its
failure allows latent quality hazards to escape into the finished product stage. Personnel
capability matching risk, as an environmental variable permeating the entire process, exerts
a global amplification effect on the four aforementioned risk dimensions through cognitive
biases, non-standardized operations, and insufficient proficiency in system use.

Based on the above categorical logic and theoretical storyline, a model of the genera-
tion and transmission mechanism of quality risks in digitalized equipment manufacturing
processes was constructed, as shown in Figure 2. Vertically, the model presents a hierar-
chical structure comprising the core category, main categories, and subcategories, thereby
forming a complete quality risk indicator system. Horizontally, logical arrows are used
to depict the transmission paths and coupling relationships among different risk dimen-
sions, visually characterizing the generation process and internal evolution mechanism of
quality risks.
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Figure 2. Generation and transmission mechanism of quality risks in digitalized equipment manufac-
turing processes.

3.1.4. Saturation Test

To ensure the completeness of the theoretical model, this study conducted an indepen-
dent theoretical saturation test using four reserved in-depth interview transcripts that had
not been involved in the previous coding process, following standard procedures [37]. The
results showed that no new initial concepts emerged from the reserved samples, and that
the connotative boundaries of each category and the logic of risk transmission were fully
encompassed by the existing framework.

On this basis, ten recent real-world cases of typical digital quality failures that occurred
in the frontline workshop of an aviation equipment manufacturing enterprise were further
introduced for secondary mapping validation. Examples include “assembly interference
caused by the absence of a complete tool-magazine simulation model” and “milling de-
formation exceeding tolerance due to unreleased cutting stress.” The comparison results
indicated that the main risk drivers of these actual quality defect events could be well
explained and covered by the proposed theoretical framework. Accordingly, the theoretical
model of quality risks in digitalized equipment manufacturing processes was judged to
have reached theoretical saturation.

3.2. Measurement Scale Development

Based on the grounded theory coding results, this study transformed the five main cat-
egories extracted through axial coding into latent variables in the quality risk measurement
model, namely process design and transformation risk, data flow and collaboration risk,
production execution and process control risk, quality inspection and data traceability risk,
and personnel capability matching risk. Meanwhile, overall quality performance loss was
specified as the outcome variable to characterize the comprehensive performance losses
caused by quality risks in digitalized equipment manufacturing processes.

With respect to the specification of observed variables, the measurement items were
developed according to the core connotations of the subcategories and initial categories
under each main category, thereby ensuring consistency between the measurement indi-
cators and the qualitative coding results. To ensure the content validity and clarity of the
initial measurement items, a panel of five experts in equipment manufacturing, quality
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management, and digital manufacturing was invited to evaluate the items. Each expert
rated the relevance of each item using a 4-point scale (1 = not relevant, 4 = highly relevant).
The item-level content validity index (I-CVI) was calculated for each item; items with I-CVI
below 0.78 were revised or eliminated. After revision, all I-CVI values ranged from 0.80 to
1.00, and the scale-level average content validity index (S-CVI/Ave) reached 0.93, demon-
strating excellent content validity. The final scale retained 24 risk items and 3 outcome items.
Subsequently, a pilot test was conducted with 45 participants from the target population
who did not participate in the formal survey, in order to examine item clarity and face
validity. Minor wording revisions were performed based on pilot feedback to optimize
semantic expression. The original questionnaire was compiled in Chinese. The English
version shown in Appendix A underwent standard translation and back-translation by two
independent bilingual researchers to guarantee cross-linguistic semantic equivalence. The
correspondence between the latent variables and their observed variables is presented in
Table 7, and the complete wording of the measurement items is provided in Appendix A.

Table 7. Correspondence between latent and observed variables.

Latent Variable Abbreviation (Code) Observed Variable (Code)

Process design and transformation risk Process design risk (A)

Loss of model semantics (A1)
Design intent interpretation deviation (A2)

Detachment of physical properties (A3)
Missing key parameters (A4)

Distortion of simulation boundary conditions (A5)
Detachment of verification conditions (A6)

Data flow and collaboration risk Collaboration risk (B)

System data incompatibility (B1)
Version synchronization delay (B2)

Distortion of outsourced models (B3)
Data format barriers (B4)

Production execution and process control risk Execution risk (C)

Equipment accuracy degradation (C1)
Underlying control failure (C2)

Failure of condition monitoring (C3)
Lagged control response (C4)

Quality inspection and data traceability risk Inspection risk (D)

Inspection accuracy drift (D1)
Algorithmic fitting misjudgment (D2)
Discontinuity in data collection (D3)
Failure of root-cause traceability (D4)

Loss of data access control (D5)
Unauthorized modification of records (D6)

Personnel capability matching risk Personnel risk (E)

Unfamiliarity with software operation (E1)
Lack of pre-job certification (E2)

Fatigue-induced negligence errors (E3)
Non-compliant step-skipping operation (E4)

Overall quality performance loss Overall loss (Y)
Internal quality loss (Y1)

External quality feedback (Y2)
Batch quality fluctuation (Y3)

Note: To maintain concise expression, subsequent tables uniformly use the form “abbreviation (code)” to denote
latent variables.

3.3. Research Hypotheses

Based on the grounded-theory coding results, quality risks in digitalized equipment
manufacturing processes can be divided into five dimensions: process design and transfor-
mation risk, data flow and collaboration risk, production execution and process control risk,
quality inspection and data traceability risk, and personnel capability matching risk. Model
semantic deviations, missing parameters, or simulation distortions in the process design
stage may become risk inputs for subsequent stages. Barriers to data flow and collabora-
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tion may further amplify risk transmission across systems and processes. Deficiencies in
production execution and process control may transform latent risks into actual quality
deviations. Insufficient quality inspection and data traceability capabilities may weaken
defect identification, problem localization, and closed-loop corrective effects. Inadequate
personnel capability matching may permeate the entire digitalized manufacturing process
and exert a system-wide impact.

Therefore, this study takes the five quality risk dimensions as antecedent variables
and overall quality performance loss as the outcome variable, constructs a theoretical path
model of quality risks in digitalized equipment manufacturing processes, and proposes the
following research hypotheses.

3.3.1. Hypotheses on the Direct Effects of Risk Dimensions on Overall Quality
Performance Loss

From the perspectives of total quality management, Quality 4.0, and the reliability of
complex manufacturing systems [38], local quality failures in digitalized manufacturing
systems, if not identified, isolated, and corrected in a timely manner, tend to spread to
the system level through the process chain, data chain, and execution chain, ultimately
resulting in quality performance loss. Accordingly, the following hypotheses are proposed:

H1: Process design and transformation risk has a significant positive effect on overall
quality performance loss in digitalized equipment manufacturing processes.

H2: Data flow and collaboration risk has a significant positive effect on overall quality
performance loss in digitalized equipment manufacturing processes.

H3: Production execution and process control risk has a significant positive effect on
overall quality performance loss in digitalized equipment manufacturing processes.

H4: Quality inspection and data traceability risk has a significant positive effect on overall
quality performance loss in digitalized equipment manufacturing processes.

H5: Personnel capability matching risk has a significant positive effect on overall quality
performance loss in digitalized equipment manufacturing processes.

3.3.2. Hypotheses on Chain Transmission Relationships Among Risk Dimensions

Based on information processing theory and the Digital Thread concept [39,40], the
essence of digitalized manufacturing lies in the data-flow-driven physical-flow process.
Data deviations or information asymmetry generated in upstream stages may be trans-
mitted downstream along the Digital Thread, resulting in cross-domain cascading failure
effects. Inherent defects in process design may increase the complexity and distortion
rate of data flow. Data collaboration barriers among heterogeneous systems may directly
lead to deviations in production execution instructions on the shop floor. Instability in
the production process may further increase the identification and closed-loop pressure in
quality inspection and traceability. Accordingly, the following hypotheses are proposed:

H6: Process design and transformation risk has a significant positive effect on data flow
and collaboration risk.

H7: Data flow and collaboration risk has a significant positive effect on production
execution and process control risk.
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H8: Production execution and process control risk has a significant positive effect on
quality inspection and data traceability risk.

3.3.3. Hypotheses on the Domain-Wide Penetrating Effects of Personnel Capability
Matching Risk

According to socio-technical systems theory [41], digitalized equipment manufactur-
ing systems are not composed solely of digital equipment, software platforms, and data
links; rather, they are formed through the coupling of technical subsystems and personnel
subsystems. The risk of inadequate personnel capability matching is manifested not only
as individual operational errors but may also affect multiple stages, including process
transformation, data collaboration, shop-floor execution, and quality traceability, through
deviations in intent understanding, improper system operation, non-standardized data
processing, and insufficient abnormality-handling capability. This risk therefore perme-
ates the entire digitalized manufacturing process. Accordingly, the following hypotheses
are proposed:

H9: Personnel capability matching risk has a significant positive effect on process design
and transformation risk.

H10: Personnel capability matching risk has a significant positive effect on data flow and
collaboration risk.

H11: Personnel capability matching risk has a significant positive effect on production
execution and process control risk.

H12: Personnel capability matching risk has a significant positive effect on quality inspec-
tion and data traceability risk.

Based on the above hypotheses, a CB-SEM-based hypothesized path model of quality
risks in digitalized equipment manufacturing processes is constructed, as shown in Figure 3.

 

Figure 3. CB-SEM-based hypothesized path model of quality risks in digitalized equipment manufac-
turing processes.
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4. Empirical Results and Analysis
Based on the theoretical model and research hypotheses developed above, this study

empirically examined 420 valid questionnaire responses using SPSS 27.0, AMOS 29.0, and
Python 3.9.2. The analytical procedure comprised data quality assessment, measurement
model evaluation, CB-SEM structural model testing, and XGBoost-SHAP-based nonlin-
ear explainability analysis, with the aim of validating the transmission paths and key
influencing factors of quality risks in digitalized equipment manufacturing processes.

4.1. Data Quality and Common Method Bias Tests

A normality assessment was performed on the sample data. The results showed that
the mean values of all items ranged from 3.019 to 4.010, and the standard deviations ranged
from 1.210 to 1.443, indicating that the sample responses exhibited a certain degree of
dispersion and no obvious extreme concentration. The skewness statistics of all items
ranged from −1.057 to −0.014, while the kurtosis statistics ranged from −1.367 to 0.058.
The absolute skewness values of all items were less than 2, and the absolute kurtosis values
were less than 7, satisfying the basic distributional requirements for CB-SEM analysis under
maximum likelihood estimation.

Harman’s single-factor test and the common latent factor (CLF) test were used to
diagnose common method bias [42]. Harman’s single-factor test showed that the first
common factor explained 28.91% of the total variance, below the 40% threshold. The
CLF test showed that the standardized loadings changed marginally after introducing the
CLF, with an average difference of 0.028 and a maximum of 0.033, both below 0.2, while
the variance explained by the CLF was only 4.5%, well below the 25% threshold. These
results indicate that common method bias was unlikely to exert a serious influence on the
research conclusions.

4.2. Measurement Model Evaluation
4.2.1. Exploratory Factor Analysis

Given that the five risk dimensions and the overall quality performance loss construct—
corresponding to the six latent factors in the theoretical model—were derived from
grounded theory coding, EFA was first performed to preliminarily examine whether this
theoretically established structure held in the questionnaire data. Principal component
extraction with varimax rotation was applied to the 27 items. The KMO measure was 0.903,
and Bartlett’s test of sphericity was significant (χ2 = 8247.358, df = 351, p < 0.001), confirm-
ing the suitability of the data for factor analysis. Six factors with eigenvalues greater than 1
were extracted, accounting for 76.878% of the total variance, and the extracted structure
was consistent with the six-latent-variable specification of the theoretical model. The total
variance explained by each factor is presented in Table 8, and the rotated factor loadings
are presented in Table 9. All items loaded above 0.700 on their theoretically assigned
factors, with no substantial cross-loadings, indicating satisfactory construct validity at the
exploratory stage.

Table 8. Total variance explained by the extracted factors.

Factor Initial
Eigenvalues % of Variance Cumulative % Rotation Sums of

Squared Loadings (%)

1 7.805 28.907 28.907 17.474
2 4.118 15.253 44.160 16.207
3 2.896 10.727 54.887 11.910
4 2.451 9.076 63.963 11.705
5 2.247 8.322 72.285 11.277
6 1.240 4.592 76.878 8.032
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Table 9. Rotated factor loading matrix.

Latent Variable Items Factor Loading Range Cross-Loading Status

Process design risk (A) A1–A6 0.792–0.883 No obvious
cross-loading

Collaboration risk (B) B1–B4 0.787–0.872 No obvious
cross-loading

Execution risk (C) C1–C4 0.835–0.891 No obvious
cross-loading

Inspection risk (D) D1–D6 0.837–0.886 No obvious
cross-loading

Personnel risk (E) E1–E4 0.818–0.897 No obvious
cross-loading

Overall loss (Y) Y1–Y3 0.783–0.801 No obvious
cross-loading

4.2.2. Confirmatory Factor Analysis

Following the EFA, a confirmatory factor analysis was conducted using AMOS 29.0
to formally validate the measurement model. Model fit was evaluated using multiple fit
indices. As shown in Table 10, all indices met or exceeded the recommended thresholds
(χ2/df = 1.212, RMSEA = 0.022, CFI = 0.992, TLI = 0.991), indicating that the hypothesized
six-factor measurement model achieved a good fit to the observed data.

Table 10. Fit indices of the CFA measurement model.

Fit Index χ2/df RMSEA RMR GFI AGFI CFI TLI IFI

Recommended <3 <0.08 <0.08 >0.90 >0.90 >0.90 >0.90 >0.90
CFA model 1.212 0.022 0.052 0.939 0.925 0.992 0.991 0.992

4.2.3. Reliability and Convergent Validity

Based on the CFA results, the reliability and convergent validity of the scale were
further assessed. As summarized in Table 11, all standardized factor loadings exceeded
0.700 and were statistically significant. Cronbach’s α coefficients for the six latent variables
ranged from 0.880 to 0.945, with an overall α of 0.903. Composite reliability (CR) values
ranged from 0.882 to 0.945, and average variance extracted (AVE) values ranged from 0.657
to 0.742, all surpassing the recommended thresholds (α > 0.70, CR > 0.70, AVE > 0.50).
These results demonstrate satisfactory internal consistency and convergent validity.

Table 11. Results of reliability and convergent validity.

Latent Variable Items Standardized Factor Loading Cronbach’s α CR AVE

Process design risk (A) A1–A6 0.744–0.876 0.918 0.92 0.657
Collaboration risk (B) B1–B4 0.729–0.863 0.885 0.888 0.665

Execution risk (C) C1–C4 0.790–0.902 0.915 0.916 0.733
Inspection risk (D) D1–D6 0.828–0.900 0.945 0.945 0.742
Personnel risk (E) E1–E4 0.786–0.880 0.898 0.901 0.694

Overall loss (Y) Y1–Y3 0.810–0.888 0.88 0.882 0.713
Overall scale — — 0.903 — —

4.2.4. Discriminant Validity

Discriminant validity was assessed using the Fornell–Larcker criterion [43], and the
results are presented in Table 12. The square roots of the AVE values for all latent variables
ranged from 0.811 to 0.861, and each was greater than the correlation coefficients between
the corresponding latent variable and the other latent variables. This indicates that the
latent variables exhibited satisfactory discriminant validity.
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Table 12. Results of discriminant validity.

Variable Process Design
Risk (A)

Collaboration
Risk (B)

Execution
Risk (C)

Inspection
Risk (D)

Personnel
Risk (E)

Overall Loss
(Y)

Process design risk (A) 0.811
Collaboration risk (B) 0.233 0.815

Execution risk (C) 0.12 0.239 0.856
Inspection risk (D) 0.127 0.128 0.31 0.861
Personnel risk (E) 0.221 0.22 0.24 0.294 0.833

Overall loss (Y) 0.416 0.39 0.38 0.399 0.473 0.844

Note: Diagonal elements represent the square roots of AVE, whereas off-diagonal elements represent the correla-
tions between latent variables.

4.3. Structural Model and Hypothesis Testing
4.3.1. Overall Model Fit

The structural equation model was estimated using the maximum likelihood method.
The overall model fit results are presented in Table 13. All fit indices met the recommended
thresholds, indicating that the structural model fitted the sample data well.

Table 13. Fit indices of the structural model.

Fit Index χ2/df RMSEA RMR GFI AGFI CFI TLI IFI

Recommended <3 <0.08 <0.08 >0.90 >0.90 >0.90 >0.90 >0.90
Model value 1.204 0.022 0.058 0.939 0.926 0.992 0.991 0.992

To ensure that the well-fitting model was not an artifact of an overly permissive speci-
fication, four additional diagnostics were examined. First, no modification indices were
used to respecify the model; all paths were specified a priori from the grounded-theory
storyline, thereby avoiding the risk of capitalizing on chance through data-driven modifi-
cation. Second, multicollinearity among the latent predictors was assessed by computing
the mean indicator score for each construct and conducting a linear regression in SPSS; all
variance inflation factors (VIF) did not exceed 1.16—well under the common threshold of 5—
indicating no problematic collinearity, consistent with the low inter-construct correlations
reported in Table 12. Third, inspection of the standardized residual covariances showed
a maximum absolute value of 2.278, below the 2.58 criterion, indicating no substantial
local misfit. Fourth, the hypothesized model was compared with a constrained alternative
that excluded the personnel-penetration paths (H9–H12); this constrained model yielded a
significantly poorer fit (∆χ2 = 64.194, ∆df = 4, p < 0.001), confirming that the retained paths
make a substantive contribution rather than being trivially significant. Taken together,
these diagnostics support the robustness of the hypothesized structural model and the
validity of its chain-transmission specification.

4.3.2. Direct Effect Testing

The results of the structural path testing are presented in Table 14 and Figure 4.
The results show that all 12 hypothesized paths reached statistical significance, and thus
H1–H12 were all supported. The five types of quality risks all exerted significant positive
effects on overall quality performance loss. Among them, Personnel risk (E) had the largest
standardized path coefficient (β = 0.269, p < 0.001), followed by Process design risk (A)
(β = 0.264, p < 0.001), Inspection risk (D) (β = 0.209, p < 0.001), Collaboration risk (B)
(β = 0.203, p < 0.001), and Execution risk (C) (β = 0.173, p < 0.001).

https://doi.org/10.3390/app16147094

https://doi.org/10.3390/app16147094


Appl. Sci. 2026, 16, 7094 24 of 39

Table 14. Hypothesized path testing results.

Hypothesis Path Relationship Standardized Path Coefficient S.E. C.R. p Value Conclusion

H1 Process design risk (A) →
Overall loss (Y) 0.264 0.049 5.764 *** Supported

H2 Collaboration risk (B)
→ Overall loss (Y) 0.203 0.055 4.279 *** Supported

H3 Execution risk (C)
→ Overall loss (Y) 0.173 0.046 3.694 *** Supported

H4 Inspection risk (D)
→ Overall loss (Y) 0.209 0.046 4.512 *** Supported

H5 Personnel risk (E)
→ Overall loss (Y) 0.269 0.053 5.592 *** Supported

H6 Process design risk (A) →
Collaboration risk (B) 0.195 0.051 3.575 *** Supported

H7 Collaboration risk (B)
→ Execution risk (C) 0.197 0.063 3.648 *** Supported

H8 Execution risk (C)
→ Inspection risk (D) 0.254 0.051 4.94 *** Supported

H9 Personnel risk (E)
→ Process design risk (A) 0.223 0.054 4.201 *** Supported

H10 Personnel risk (E)
→ Collaboration risk (B) 0.177 0.052 3.241 ** Supported

H11 Personnel risk (E)
→ Execution risk (C) 0.197 0.059 3.696 *** Supported

H12 Personnel risk (E)
→ Inspection risk (D) 0.234 0.057 4.519 *** Supported

Note: → indicates the hypothesized direction of the path. S.E. and C.R. were calculated based on unstandardized
estimates; ** indicates p < 0.01, and *** indicates p < 0.001.

Figure 4. Path diagram of the CB-SEM model with standardized coefficients. Note: Single-headed
arrows indicate the directions of the structural paths; values on the arrows are standardized path
coefficients; ** indicates p < 0.01, and *** indicates p < 0.001.
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The transmission paths among risk dimensions were also significant. Process design
risk (A) had a significant positive effect on Collaboration risk (B) (β = 0.195, p < 0.001);
Collaboration risk (B) had a significant positive effect on Execution risk (C) (β = 0.197,
p < 0.001); and Execution risk (C) had a significant positive effect on Inspection risk (D)
(β = 0.254, p < 0.001). In addition, Personnel risk (E) had significant positive effects on
Process design risk (A), Collaboration risk (B), Execution risk (C), and Inspection risk (D),
indicating that insufficient personnel capability matching not only directly increases overall
quality performance loss but also amplifies quality risks through multiple process stages.

4.3.3. Mediation Effect Testing

A bootstrap bias-corrected method with 5000 resamples was used to test the indirect
effects along the risk transmission paths [34], and the results are presented in Table 15. The
95% confidence intervals of all six core indirect paths did not include zero, and all p values
were less than 0.001, indicating that the mediation effects were significant.

Specifically, the total indirect effect of Personnel risk (E) on Overall loss (Y) was 0.207,
with a bootstrap 95% confidence interval of [0.162, 0.307] and p < 0.001. This indicates
that Personnel risk not only exerts a direct effect but also generates indirect transmission
through process stages such as process design, data collaboration, production execution,
and quality inspection.

The total indirect effects of Process design risk (A), Collaboration risk (B), and Ex-
ecution risk (C) on Overall loss (Y) were 0.048, 0.045, and 0.053, respectively, and their
confidence intervals did not include zero, indicating that quality risks exhibit evident
chain-like transmission characteristics. In addition, the indirect effect of Personnel risk
(E) on Inspection risk (D) was 0.081, while the indirect effect of Process design risk (A) on
Inspection risk (D) was 0.013, further suggesting that front-end risks can affect downstream
inspection and traceability capabilities through process transmission.

Table 15. Mediation effect testing results based on the bootstrap method.

No. Indirect Effect
Transmission Path

Total Indirect
Effect

Bootstrap 95%
Confidence Interval p Value Conclusion

1 Personnel risk (E)
→ Overall loss (Y) 0.207 [0.162, 0.307] <0.001 Significant

2 Process design risk (A)
→ Overall loss (Y) 0.048 [0.023, 0.094] <0.001 Significant

3 Collaboration risk (B)
→ Overall loss (Y) 0.045 [0.022, 0.096] <0.001 Significant

4 Execution risk (C)
→ Overall loss (Y) 0.053 [0.025, 0.093] <0.001 Significant

5 Personnel risk (E)
→ Inspection risk (D) 0.081 [0.036, 0.113] <0.001 Significant

6 Process design risk (A)
→ Inspection risk (D) 0.013 [0.004, 0.024] <0.001 Significant

Note: → indicates the direction of the indirect effect transmission path.

4.3.4. Total Effect Decomposition

To compare the cumulative impacts of different quality risk dimensions on overall
quality performance loss, the direct, indirect, and total effects were decomposed based on
the standardized effect matrix output by AMOS. The results are presented in Table 16. The
total effects of all five risk dimensions on overall quality performance loss were significantly
positive, which is consistent with the theoretical expectations of H1–H5. In descending
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order, the total effects were Personnel risk (β|0.476), Process design risk (β|0.312), Collabo-
ration risk (β|0.247), Execution risk (β|0.226), and Inspection risk (β|0.209).

Table 16. Decomposition of standardized effects of risk dimensions on overall quality performance loss.

Independent Variable Direct
Effect

Indirect
Effect Total Effect Proportion of Indirect

Effect (%)

Personnel risk (E) 0.269 0.207 0.476 43.5
Process design risk (A) 0.264 0.048 0.312 15.4
Collaboration risk (B) 0.203 0.045 0.247 18.2

Execution risk (C) 0.173 0.053 0.226 23.5
Inspection risk (D) 0.209 — 0.209 —

From the perspective of effect structure, the indirect effect of Personnel risk accounted
for 43.5%, which was substantially higher than those of the other four risk dimensions. This
indicates that Personnel risk not only directly affects quality performance but also generates
a significant cumulative transmission effect through intermediate stages such as process
design, collaboration, and execution. By contrast, the remaining four risk dimensions were
dominated by direct effects, with relatively limited indirect effects.

4.4. XGBoost Regression Results and SHAP Analysis
4.4.1. Predictive Performance of the XGBoost Model

Based on the hyperparameter search space specified in Table 4, the XGBoost model
achieved an R2 of 0.693 on the training set and 0.361 on the test set. Under 10 × 5 repeated
cross-validation, the model yielded a mean R2 of 0.324, an RMSE of 0.977, and an MAE
of 0.806, with the single-split test-set values falling within one standard deviation of the
cross-validation means, confirming that the reported performance is not an artifact of
a particular data partition. The detailed results are presented in Table 17. Considering
that the target variable was measured as the mean value of a five-point Likert scale, the
test-set RMSE of approximately 1.02 indicates that the prediction error remained within an
acceptable range. The gap between the training-set and test-set R2 values can be attributed
to the discreteness of cross-sectional Likert-scale data and individual heterogeneity, which
is a common phenomenon in machine-learning modeling based on survey data [44]. As
further verified by the baseline comparison in Section 4.4.2, this level of explanatory power
reflects the intrinsic predictive ceiling of cross-sectional Likert-scale data rather than a
limitation specific to the XGBoost algorithm.

Table 17. Predictive performance indicators of the XGBoost model.

Dataset R2 RMSE MAE

Training set 0.693 0.651 0.536
Test set 0.361 1.024 0.859

Repeated CV (10 × 5) 0.324 0.977 0.806

It should be particularly noted that this study positions XGBoost as a methodolog-
ical complement to CB-SEM path testing. Its primary purpose is not to pursue optimal
predictive accuracy, but to use SHAP to reveal the nonlinear contribution structure of ques-
tionnaire items and the complex interaction effects among variables. Under the premise
that the model maintains reasonable predictive capability, the internal attribution results
provide valuable references for identifying key risk items and supporting managerial
decision-making.
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4.4.2. Baseline Model Comparison and the Predictive Ceiling

To verify whether the moderate R2 reflects a limitation specific to XGBoost or an
intrinsic property of the data, six additional algorithms—Elastic Net, Linear Regression,
SVR, Random Forest, LightGBM, and CatBoost—were compared under identical features
(A1–E4) and target (Y = mean of Y1–Y3). All models were evaluated using 10 × 5 repeated
cross-validation (50 estimates each), with results reported in Table 18.

Table 18. Baseline model comparison via 10 × 5 repeated cross-validation.

Model R2

(Mean ± SD) R2 95% CI RMSE
(Mean ± SD) RMSE 95% CI MAE

(Mean ± SD)

Elastic Net 0.350 ± 0.076 [0.328, 0.372] 0.958 ± 0.062 [0.940, 0.976] 0.787 ± 0.056
Random Forest 0.346 ± 0.074 [0.325, 0.368] 0.960 ± 0.058 [0.944, 0.977] 0.786 ± 0.053

CatBoost 0.334 ± 0.083 [0.310, 0.358] 0.969 ± 0.058 [0.952, 0.986] 0.786 ± 0.053
XGBoost

(this study) 0.324 ± 0.081 [0.301, 0.347] 0.977 ± 0.064 [0.958, 0.995] 0.806 ± 0.056

SVR 0.315 ± 0.093 [0.289, 0.342] 0.982 ± 0.065 [0.963, 1.001] 0.790 ± 0.058
Linear Regression 0.314 ± 0.099 [0.286, 0.343] 0.983 ± 0.067 [0.963, 1.002] 0.801 ± 0.060

LightGBM 0.221 ± 0.124 [0.185, 0.256] 1.046 ± 0.073 [1.025, 1.067] 0.840 ± 0.063
Note: All models use identical features (A1–E4) and target (Y = mean of Y1–Y3). RepeatedKFold (n_splits = 5,
n_repeats = 10) yields 50 estimates per model; 95% CIs are computed via the t-distribution. Models are sorted by
mean R2 in descending order.

Except for LightGBM (R2 = 0.221), the remaining six models cluster tightly between
R2 = 0.314 and 0.350, with substantially overlapping 95% confidence intervals. The best
model, Elastic Net (R2 = 0.350), exceeds XGBoost (R2 = 0.324) by only 0.026—well within
one standard deviation—while XGBoost ranks fourth of seven. This convergence indicates
that an R2 of approximately 0.32–0.35 constitutes the intrinsic predictive ceiling of subjective
Likert-scale ratings under a cross-sectional design, where unmeasured contextual factors,
respondent heterogeneity, and measurement error bound the explainable variance. Since
flexible ensembles and regularized linear models converge to nearly identical performance,
additional model complexity yields diminishing returns. XGBoost is therefore a competitive
choice within the feasible performance envelope and, given its native compatibility with
TreeSHAP, the most appropriate vehicle for the subsequent interpretability analysis.

4.4.3. SHAP Global Feature Importance Analysis

Based on the trained XGBoost model, the TreeSHAP algorithm was used to calculate
the contribution of the 24 observed variables to the model predictions. The global feature
importance of each item was measured by the mean absolute SHAP value. The SHAP
global feature importance ranking is shown in Figure 5, and the top 10 quality risk items
are listed in Table 19.

The results show that Lack of pre-job certification (E2) and Non-compliant step-
skipping operation (E4) under Personnel risk ranked first and second, respectively, indicat-
ing that personnel qualification control and compliance with operational procedures are the
items with the highest predictive contributions to overall quality performance loss. Under-
lying control failure (C2) under Execution risk ranked third, suggesting that abnormalities
in the equipment control layer make a relatively strong explanatory contribution to quality
loss. Distortion of simulation boundary conditions (A5) under Process design risk ranked
fourth, reflecting that inconsistencies between simulation models and actual manufacturing
boundary conditions in digitalized manufacturing scenarios may substantially weaken
quality stability.
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Figure 5. SHAP global feature importance ranking.

Table 19. SHAP contributions of the top 10 quality risk items.

Rank Item Code Risk Connotation Dimension Mean |SHAP|

1 E2 Lack of pre-job certification Personnel risk 0.124
2 E4 Non-compliant step-skipping operation Personnel risk 0.110
3 C2 Underlying control failure Execution risk 0.098
4 A5 Distortion of simulation boundary conditions Process design risk 0.093
5 B1 System data incompatibility Collaboration risk 0.083
6 D5 Loss of data access control Inspection risk 0.067
7 C3 Failure of condition monitoring Execution risk 0.064
8 B4 Data format barriers Collaboration risk 0.057
9 A6 Detachment of verification conditions Process design risk 0.056
10 A3 Detachment of physical properties Process design risk 0.052

In addition, System data incompatibility (B1) and Data format barriers (B4) under
Collaboration risk also entered the top 10, indicating that cross-system data connectivity
and data standardization are important factors affecting quality performance. Loss of data
access control (D5) also showed a relatively high SHAP contribution, suggesting that data
governance and permission control play important roles in the quality traceability system.

4.4.4. Stability Analysis of SHAP Rankings

Given the model’s moderate predictive accuracy reported in Section 4.4.1, the robust-
ness of the SHAP-based rankings was verified before any item was interpreted as influential.
The XGBoost model was retrained under ten different random seeds {0, 1, 7, 21, 42, 100,
123, 2024, 3407, 9999} using the fixed optimal hyperparameters, and the resulting SHAP
importance rankings were compared across seeds. The overall ranking showed strong
consistency, with a mean pairwise Spearman rank correlation of 0.912 and a Kendall‘s
coefficient of concordance (W) of 0.921, both well above the 0.80 threshold conventionally
regarded as indicating high stability.
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As shown in Table 20, the five top-tier items—E2, E4, C2, A5, and B1—were excep-
tionally stable, each exhibiting a rank standard deviation below 0.6 and never falling
outside the top five across any seed. E4 and E2 formed a virtually tied leading pair, with
the identity of the single top item depending on the metric used; the paired robustness,
however, was invariant. By contrast, the mid-tier ordering fluctuated markedly—two items
in the single-model top ten (C3 and A3) were displaced by others (B2 and D1)—indicating
that the fine-grained ranking of mid-tier items is sensitive to modeling randomness. As a
further check against sampling variability, 100 bootstrap resamples were examined; the
mean pairwise Jaccard index of the resulting Top-10 item sets was 0.425, corresponding
to an average overlap of about six items, confirming that the top-tier ranking is preserved
under sample perturbation while the mid-tier ordering is not.

Table 20. Stability of SHAP item rankings across ten random seeds (Top-10 items).

Item Code Risk Connotation Dimension Mean Rank Rank SD Best–Worst Rank

E2 Lack of pre-job certification Personnel risk 2.1 0.57 1–3

E4 Non-compliant step-skipping
operation Personnel risk 1.1 0.32 1–2

C2 Underlying control failure Execution risk 2.9 0.57 2–4

A5 Distortion of simulation
boundary conditions Process design risk 4 0.47 3–5

B1 System data incompatibility Collaboration risk 4.9 0.32 4–5
D5 Loss of data access control Inspection risk 6.8 1.93 6–12
B4 Data format barriers Collaboration risk 8.9 1.66 6–11
B2 Version synchronization delay Collaboration risk 8.9 2.13 6–12

A6 Detachment of verification
conditions Process design risk 9.9 1.37 8–13

D1 Inspection accuracy drift Inspection risk 10.6 2.5 8–15

Note: The top five items are ordered as in Table 19; mid-tier order reflects average rank across seeds. The mid-tier
composition differs slightly from Table 19 (C3 and A3 are replaced by B2 and D1), reflecting the sensitivity of
mid-tier ordering to modeling randomness.

Accordingly, the subsequent discussion and managerial recommendations are an-
chored on the five top-tier items. Mid- and lower-tier items are treated as supplementary
rather than definitive evidence, ensuring that SHAP attributions are reported as robust
predictive contributions rather than as causal drivers.

4.4.5. Directional Interpretation Based on SHAP

To further identify the direction of influence of key risk items on model predictions,
a SHAP beeswarm plot was generated, as shown in Figure 6. In the plot, each point
represents one sample, the horizontal axis denotes the SHAP value, and the color indicates
the value level of the corresponding item. A SHAP value greater than 0 indicates that the
item increases the predicted overall quality performance loss, whereas a SHAP value less
than 0 indicates that the item reduces the predicted overall quality performance loss.

The results show that key items such as Lack of pre-job certification (E2), Non-
compliant step-skipping operation (E4), Underlying control failure (C2), Distortion of
simulation boundary conditions (A5), and System data incompatibility (B1) were more
frequently distributed in the positive SHAP value region when their values were high,
indicating that higher levels of these risks generally increase the predicted overall quality
performance loss. Conversely, when these items had lower values, the corresponding sam-
ple points were more frequently distributed in the negative SHAP value region, suggesting
that effective risk control helps reduce the predicted level of quality loss.
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Figure 6. SHAP beeswarm plot.

Specifically, high-value samples of E2 and E4 were clearly concentrated in the posi-
tive SHAP region, indicating that insufficient personnel qualifications and non-compliant
operations substantially increase the predicted quality loss. High-value samples of C2
also showed a strong positive contribution, suggesting that failures in the underlying con-
trol layer may intensify quality risks through equipment execution deviations, abnormal
process parameters, and unstable control responses. The directional results for A5 and
Detachment of verification conditions (A6) indicate that distorted simulation boundaries
and mismatches between verification and actual operating conditions weaken the effec-
tiveness of digital design verification, thereby increasing the risk of subsequent quality
fluctuations. The results for B1 and Data format barriers (B4) further suggest that System
data incompatibility and data format barriers impede cross-stage collaboration and the
closed-loop flow of quality information.

Meanwhile, the SHAP value distributions of some items exhibited non-monotonic
characteristics, indicating that the effects of quality risks on performance loss are not simply
linear, but may be jointly influenced by combinations of risk factors, firm-specific contextual
differences, and threshold effects. This finding suggests that XGBoost-SHAP can provide a
more fine-grained nonlinear interpretation beyond the linear path testing of CB-SEM.

4.4.6. Risk-Dimension-Level SHAP Aggregation Analysis

To align the SHAP results with the latent-variable-level path results obtained from
CB-SEM, the SHAP values of the 24 observed variables were aggregated according to the
five quality risk dimensions. The total contribution percentage and the mean absolute
SHAP contribution were then calculated for each dimension. The results are shown in
Figure 7.
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Figure 7. SHAP aggregation results at the risk-dimension level: (a) total SHAP contribution percent-
ages of different risk dimensions; (b) mean SHAP contributions of different risk dimensions.

In terms of the total contribution percentage, personnel capability matching risk and
process design and transformation risk made the largest contributions, indicating that
these two dimensions constitute the main explanatory sources for predicting overall quality
performance loss. In terms of the mean absolute SHAP contribution, personnel capability
matching risk still ranked first, suggesting that its internal items have stronger average
marginal explanatory power. Although process design and transformation risk showed
a relatively high total contribution percentage, its average contribution was lower than
those of data flow and collaboration risk and production execution and process control risk,
indicating that its predictive contribution is more attributable to the cumulative effects of
multiple items rather than the dominant effect of a single item.

4.4.7. Comparison and Complementarity Between CB-SEM and SHAP Results

CB-SEM and XGBoost-SHAP reveal the effects of quality risks on overall quality per-
formance loss from different analytical levels. The CB-SEM results indicate that personnel
capability matching risk and process design and transformation risk exert relatively strong
direct effects on overall loss. The SHAP results further show that several observed items, in-
cluding Lack of pre-job certification (E2), Non-compliant step-skipping operation (E4), Dis-
tortion of simulation boundary conditions (A5), Detachment of verification conditions (A6),
and Detachment of physical properties (A3), make relatively high predictive contributions.

The CB-SEM results also verify the significant roles of data flow and collaboration
risk, production execution and process control risk, and quality inspection and data trace-
ability risk in the risk transmission chain. The SHAP results further identify several key
observed items, including System data incompatibility (B1), Data format barriers (B4),
Underlying control failure (C2), Failure of condition monitoring (C3), and Loss of data
access control (D5).

Overall, CB-SEM validates the theoretical paths at the latent-variable level, whereas
XGBoost-SHAP reveals nonlinear predictive contributions at the item level. The two sets
of results are consistent in terms of the major risk dimensions and complementary in
terms of explanatory granularity. It should be emphasized that the two methods are not
directly equivalent: CB-SEM estimates theory-driven structural associations among latent
constructs, whereas SHAP quantifies the item-level predictive contributions within a super-
vised model and is therefore inherently model-dependent. Accordingly, their agreement
is interpreted as cross-level corroboration of the dominant risk dimensions rather than as
mutual causal confirmation, and the SHAP results are used as item-level supplementary
evidence to the CB-SEM path testing rather than as independent causal claims.
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5. Discussion
5.1. Main Findings

Through cross-validation using a mixed-methods approach, this study systematically
deconstructs the evolutionary patterns of quality risks in digitalized equipment manufac-
turing processes. Three main findings are obtained.

First, quality risks in digitalized equipment manufacturing exhibit a structural charac-
teristic of five-dimensional synergistic driving. The qualitative analysis constructed, in a
bottom-up manner, a five-dimensional risk structure comprising Process design risk, Col-
laboration risk, Execution risk, Inspection risk, and Personnel risk, and the CB-SEM results
statistically confirmed the explanatory validity of this structure. Compared with simply
adopting FMEA checklists from traditional discrete manufacturing or broadly applying
generic Industry 4.0 risk frameworks [45], this study demonstrates that, in digitalized
equipment manufacturing scenarios, risks are no longer confined to the failure of a single
physical entity. Instead, they are deeply embedded in a complex system involving the inter-
action among physical entities, the Digital Thread, and human factors. If potential hazards
in any subsystem are not intercepted in a timely manner, they may accumulate along the
Digital Thread and eventually evolve into system-level quality performance losses.

Second, quality risks follow a dual-layer evolutionary mechanism characterized by
Digital Thread-based chain transmission and full-domain penetration of Personnel risk. The
mediation and total effect analyses based on CB-SEM reveal two pathways of risk evolution.
On the one hand, the empirical results support the theoretical expectation that upstream
deviations are cascaded and amplified downstream along the Digital Thread. Specifically,
source risks at the process design stage are transmitted through data collaboration and
production execution, ultimately forming a significant chain transmission effect toward
the inspection stage. On the other hand, this study finds that Personnel risk has evolved
from a “localized operational error” in traditional manufacturing into a “root hub variable”
running through the entire digitalized manufacturing process. Personnel risk not only
directly leads to quality losses but also exerts significant full-domain penetration and
amplification effects on the other four categories of technical and process risks. This finding
is highly consistent with the core proposition of socio-technical systems theory, which
emphasizes the deep coupling between technical and social subsystems [41].

Third, the driving factors of quality risks exhibit characteristics of dominance by a
few key factors and nonlinear threshold effects. CB-SEM and XGBoost-SHAP show a high
degree of cross-method consistency in the importance ranking of risk dimensions, namely
Personnel risk > Process design risk > Collaboration risk > Execution risk > Inspection risk,
thereby confirming the robustness of the proposed risk structure. More importantly, SHAP
analysis overcomes the limitations of linear assumptions and identifies several items with
substantial predictive contributions at the fine-grained item level, including Lack of pre-job
certification (E2), Non-compliant step-skipping operation (E4), Underlying control failure
(C2), and Distortion of simulation boundary conditions (A5). These factors contribute the
main explanatory power of the model predictions, and their SHAP value distributions
exhibit evident non-strictly monotonic patterns. This indicates that the impact of quality
risks on performance loss involves complex threshold effects and factor-combination effects.

5.2. Theoretical Contributions

First, this study extends the dimensional construction of quality risks in the context of
complex digitalized equipment manufacturing. Existing studies on quality risk have mainly
focused on traditional manufacturing or generalized intelligent manufacturing contexts [46],
with insufficient attention to equipment manufacturing scenarios characterized by high
complexity, high discreteness, and high digitalization. Based on first-hand qualitative data,
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this study extracts and validates a contextualized and measurable five-dimensional risk
indicator system. This effectively addresses the limitations of existing literature, in which
risk dimensions are often insufficiently adapted to specific contexts and Personnel risk is
frequently marginalized.

Second, this study reveals the dynamic coupling and cascading transmission mecha-
nisms of multidimensional quality risks. Existing studies have mostly examined the static
effects of single risk factors [47], lacking an in-depth investigation of cross-domain risk
transmission in digitalized contexts. This study quantitatively demonstrates a dual-layer
transmission pattern characterized by “personnel-rooted driving and upstream chain am-
plification.” It empirically opens the black box of quality risk evolution along the Digital
Thread and provides a new explanatory framework for research on quality reliability in
complex digitalized manufacturing systems.

Third, this study integrates and empirically applies a mixed-methods analytical
framework of “qualitative construction–parametric testing–nonparametric attribution” [48].
Specifically, this study innovatively integrates grounded theory, CB-SEM, and XGBoost-
SHAP. Grounded theory addresses the contextual authenticity of “where variables come
from”; CB-SEM verifies the hypothesized structural paths among macro-level dimensions;
and XGBoost-SHAP compensates for the limitations of traditional statistical models in
nonlinear pattern capture and micro-level feature attribution. This methodological trian-
gulation and hierarchical complementarity in explanatory granularity provide a reference
framework for complex-system research in engineering management and quality control.

5.3. Managerial Implications

First, human–machine collaborative capability should be established as the strategic
starting point for quality risk prevention and control. Given the dominant role of Per-
sonnel risk in both total effects and SHAP contributions, enterprises must abandon the
technology-over-people and equipment-centric bias when advancing digital transformation.
Management should incorporate mandatory pre-job certification for digital tools, fatigue
management in human–machine collaboration, and strict enforcement of operational stan-
dards into core assessment criteria, thereby cutting off the penetration path through which
Personnel risk spreads into technical systems at its source.

Second, enterprises should build a full-chain, hierarchical risk interception system
along the Digital Thread. In view of the chain-like transmission characteristics of quality
risks, enterprises should move beyond siloed thinking centered on department-level point
optimization. At the front end, namely process design and collaboration, emphasis should
be placed on strengthening the alignment verification between MBD models and actual
operating conditions and on breaking down cross-system data barriers. At the middle and
back ends, namely production execution and inspection, data permission governance and
algorithm reliability assessment should be strictly implemented to prevent source-stage
deviations from being infinitely amplified at terminal stages, thereby enabling the early
detection and early isolation of quality risks.

Third, agile resource allocation and precise early warning based on SHAP thresholds
should be implemented. Enterprises can draw on the key risk items identified above,
namely E2, E4, C2, and A5, to implement Pareto-oriented precise control and allocate
limited quality management resources to risk points with high marginal contributions.
Meanwhile, by leveraging the nonlinear patterns revealed by SHAP, enterprises can set
dynamic early-warning thresholds in MES/QMS systems. Once key indicators approach
critical thresholds, the system can automatically trigger cross-departmental coordinated
intervention, thereby substantially improving the agility and input–output efficiency of
quality risk response.
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To provide preliminary empirical grounding for the above implications, the ten real-
world digital quality-failure cases collected from a frontline aviation-equipment work-
shop (Section 3.1.4) were mapped against the identified high-contribution risk items. The
root causes documented in these cases—including the absence of pre-job certification,
non-compliant step-skipping operations, and distorted simulation boundary conditions—
corresponded to the top-tier SHAP items (E2, E4, A5), indicating that the proposed control
priorities are consistent with actual failure patterns. A full experimental or longitudinal
validation of intervention effects is left to future work.

6. Conclusions and Future Research
6.1. Conclusions

Focusing on the complex quality risk issues in digitalized equipment manufactur-
ing processes, this study innovatively applied a mixed-methods framework integrating
grounded theory, CB-SEM, and XGBoost–SHAP to systematically examine the formation
logic and transmission mechanisms of quality risks. The main conclusions are as follows.

First, this study constructed a five-dimensional quality risk structure tailored for
digitalized equipment manufacturing, comprising Process design risk, Collaboration risk,
Execution risk, Inspection risk, and Personnel risk. This structure effectively captures
the complex characteristics arising from interactions among physical entities, the Digital
Thread, and human factors.

Second, this study revealed a dual-layer mechanism underlying the evolution of
quality risks. Technical and process-related risks exhibit significant cascade amplification
and chain transmission effects along the Digital Thread, whereas Personnel risk functions
as a root hub, exerting pervasive and amplifying effects across the entire risk system.

Third, this study identified the nonlinear threshold effects of key risk items with
high SHAP contributions. Quality performance loss is substantially influenced by a small
number of items with high SHAP contributions, such as Lack of pre-job certification (E2)
and Distortion of simulation boundary conditions (A5). Once these factors exceed certain
thresholds, they may exert nonlinear and destructive impacts on system quality.

6.2. Limitations and Future Research

Although this study provides a rigorous theoretical and methodological investigation,
several limitations remain and warrant further exploration.

First, there are limitations in capturing the dynamic evolution of risks using cross-
sectional data. The quantitative analysis in this study mainly relies on cross-sectional data.
Although the proposed theoretical paths were validated, such data cannot fully characterize
the dynamic evolution of risks across the lifecycle of digital transformation. Future research
could introduce longitudinal panel data or cross-lagged models to track the intertemporal
evolution of risk structures. Moreover, the managerial implications were corroborated only
through retrospective case mapping rather than prospective intervention trials; future work
should empirically test the effectiveness of the proposed control measures via longitudinal
or quasi-experimental designs.

Second, the sample has certain industrial and regional boundaries. The sample in
this study focuses on typical high-end equipment manufacturing enterprises in China,
including aerospace and ordnance manufacturing firms. Given the differences in digital
infrastructures across manufacturing sectors, future studies could conduct cross-industry
and cross-cultural investigations to examine the generalizability of the proposed risk
transmission model.

Third, there remains a gap between machine-learning-based interpretability and causal
inference. By introducing SHAP, this study successfully achieved nonlinear predictive
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attribution; however, SHAP essentially reflects marginal explanatory contributions rather
than strict statistical causality. Future research could integrate causal machine learning
or digital twin technologies to conduct counterfactual inference on risk interventions in
virtual simulation environments, thereby further enhancing intelligent decision-making in
quality risk management.
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Appendix A
The questionnaire was originally developed in Chinese. The English version of the

measurement items is provided for publication and reference purposes, and the semantic
consistency between the Chinese and English versions was carefully verified by the authors.

All measurement items were assessed using a five-point Likert scale. Respondents
were asked to evaluate the extent to which each statement reflected the actual situation
in digitalized equipment manufacturing processes. The scale ranged from 1 to 5, where
1 = strongly disagree, 2 = disagree, 3 = neutral, 4 = agree, and 5 = strongly agree.

Table A1. Measurement items used in the questionnaire.

Latent Variable (Code) Observed Variable (Code) Measurement Item

Process design risk (A)

Loss of model semantics (A1)

During the conversion of enterprise
MBD-based 3D models across different
software platforms, geometric features or
PMI annotations are often lost.

Design intent interpretation deviation (A2)

Process engineers may misinterpret the
functional intent of design drawings,
resulting in process plans that deviate
from design requirements.
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Table A1. Cont.

Latent Variable (Code) Observed Variable (Code) Measurement Item

Detachment of physical properties (A3)

Digital process planning may place
excessive emphasis on toolpath
generation while neglecting the influence
of machining parameters on the residual
stress of parts.

Missing key parameters (A4)

Control limits for key process parameters,
such as heat-treatment temperature and
holding time, are not clearly specified in
digital process documents.

Distortion of simulation boundary conditions
(A5)

The boundary conditions of virtual
machining simulation, such as
machine-tool stiffness, differ substantially
from the actual operating conditions on
the shop floor.

Detachment of verification conditions (A6)

The boundary settings for simulation
verification do not cover extreme
operating conditions, leading to
unanticipated interference, collision, or
out-of-tolerance problems in actual
production.

Collaboration risk (B)

System data incompatibility (B1)

Engineering changes in the PLM system
cannot be synchronized with the MES
system in real time, resulting in data
inconsistencies on the shop floor.

Version synchronization delay (B2)

After design drawings are updated,
inadequate version control of shop-floor
CNC programs may cause the programs
in use to remain inconsistent with
updated engineering requirements.

Distortion of outsourced models (B3)

The 3D models provided by external
suppliers are not standardized or
compliant with relevant specifications,
leading to misinterpretation in process
design and inconsistencies with actual
machining requirements.

Data format barriers (B4)

The data formats used by external
suppliers are incompatible with the
enterprise’s internal systems, requiring
manual conversion, which may reduce
collaboration efficiency and introduce
manual errors.

Execution risk (C)

Equipment accuracy degradation (C1)

After long-term operation of CNC
equipment, wear of core components
may lead to latent degradation in
machining accuracy.

Underlying control failure (C2)

Transient failures may occur in the
machine-tool servo system, while the
CNC system neither issues alarms nor
performs automatic compensation.

Failure of condition monitoring (C3)

Key machining process parameters
during production, such as spindle load
and cutting temperature fluctuations,
lack effective real-time monitoring and
anomaly warning mechanisms.

Lagged control response (C4)
CNC machining parameters cannot be
adaptively adjusted in response to
deviations in the workpiece state.
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Table A1. Cont.

Latent Variable (Code) Observed Variable (Code) Measurement Item

Inspection risk (D)

Inspection accuracy drift (D1)

Due to long-term high-frequency use or
insufficient calibration, coordinate
measuring machines may experience
drift in measurement accuracy.

Algorithmic fitting misjudgment (D2)

The recognition algorithms of visual
inspection systems may generate false or
missed detections for small defects or
edge features on complex surfaces.

Discontinuity in data collection (D3)

Incomplete collection of human, machine,
material, method, and environment data
on the shop floor may lead to
discontinuities in digital quality records.

Failure of root-cause traceability (D4)

When quality defects occur, it is difficult
to identify the specific process
responsible for the defect through the
digital traceability chain.

Loss of data access control (D5)
Insufficient access control over shop-floor
terminal devices may create the risk of
unauthorized export of key process data.

Unauthorized modification of records (D6)

Quality inspection records can be
modified in the system without proper
authorization, undermining the
authenticity of quality data.

Personnel risk (E)

Unfamiliarity with software operation (E1)
Some employees are not proficient in
operating digital process-planning
software.

Lack of pre-job certification (E2)

Some employees have not obtained the
required qualification certification for
operating digital equipment before
taking their posts.

Fatigue-induced negligence errors (E3)

In digital production, operators may fail
to identify and respond to equipment
abnormalities in a timely manner or may
make recording errors due to fatigue and
negligence.

Non-compliant step-skipping operation (E4)

To improve efficiency, some employees
violate operating rules by bypassing the
error-proofing verification steps
embedded in the system.

Overall loss (Y)

Internal quality loss (Y1)

Overall, the effectiveness of internal
quality control on the shop floor is below
expectations, and internal quality losses,
such as rework, repair, and
nonconforming product disposition, still
occur relatively frequently.

External quality feedback (Y2)

After products are transferred to
subsequent processes or finally delivered,
external feedback on assembly
coordination failures or quality problems
related to manufacturing process
deviations may still occur.

Batch quality fluctuation (Y3)

The robustness of the digitalized
manufacturing process is insufficient, and
key quality characteristics show
substantial fluctuations across production
batches.
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