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Abstract

Accidents in process industries continue to cause severe casualties, and a small number
of events account for a large share of fatalities. This study proposes a Topic-Hierarchy
Coincidence Analysis (T-H CNA) framework to identify condition combinations associated
with high-fatality outcomes by integrating BERTopic, Human Factors Analysis and Clas-
sification System (HFACS), and Coincidence Analysis (CNA). The framework is applied
to 121 Chinese investigation reports of serious-or-above chemical accidents from 2015 to
2025. BERTopic is used to extract 25 causal semantic themes from accident-cause texts,
which are then mapped by expert classification onto eight second-level HFACS categories
(Fleiss’k = 0.7118). On this basis, CNA identifies minimally sufficient configurations (MSCs)
and traces their cross-level transmission pathways. Six three-condition MSCs are obtained,
with consistency values ranging from 0.750 to 0.923; the broadest pathway covers 28.3% of
high-fatality cases. Deficient organizational climate and failure to correct known problems
recur as the main upstream endpoints and remain stable under stricter fatality thresholds.
Although operational errors appear in 88.43% of cases, they do not enter any sufficient
configuration. The results indicate that high-fatality outcomes are more closely associated
with coupled upstream organizational and supervisory failures than with terminal errors
alone, supporting upstream-oriented process safety governance.

Keywords: chemical accident; high-fatality outcomes; BERTopic; HFACS; Coincidence
Analysis; configurational causation; process safety

1. Introduction

In recent years, severe chemical accidents continue to occur in major industrial coun-
tries worldwide. Although chemical accidents are not highly frequent overall, once they
occur, they can rapidly cause substantial casualties and serious property losses [1,2]. In
terms of outcome distribution, such accidents exhibit a pronounced unevenness, in which
a small number of events account for the bulk of casualties and losses [2,3]. For example,
typical scenarios such as chemical releases in confined spaces, runaway reactions, and
cascading explosions show extremely high fatality rates, far exceeding those of routine
accidents in other industrial sectors [4].

The core task of safety science research lies not only in explaining how accidents have
occurred, but also in identifying and mitigating the systemic risks capable of triggering
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catastrophic events, so as to reduce casualties, environmental damage, and socioeconomic
losses. In the context of chemical accidents, this task points to a question that still requires
deeper examination: under similar institutional constraints and compliance requirements,
why do some serious chemical accidents remain limited to a few fatalities, whereas others
result in multiple deaths and catastrophic consequences [5]? The formation of severe
accident outcomes is more likely the result of the coupling of multiple conditions under
specific circumstances [6]. Identifying the condition combinations associated with high-
fatality outcomes in serious chemical accidents has become an urgent scientific issue in
chemical safety management [7,8]. In the process industry, frontline operators are not only
at the forefront of system operation, but also the most direct victims of accident disasters.
Protecting their lives is not only a basic requirement of occupational health and process
safety management, but also a central concern for the sustainable development of the
chemical industry.

Accident analysis is an important part of process safety research [9]. Theories of
accident causation have undergone a paradigmatic shift from single-factor linear models,
such as the Heinrich domino model and the Swiss Cheese Model [10], to systems-based
models, such as STAMP, AcciMap, and the 24Model [11,12]. Subsequent research generally
recognizes that, in complex sociotechnical systems, accidents result from the combined
effects of failures across multiple levels, including organization, supervision, preconditions,
and execution. However, this theoretical consensus has long been constrained in empirical
practice by bottlenecks in the large-scale processing of accident text data and in coding
efficiency. A large amount of accident information is recorded in investigation reports
as unstructured narrative text, and traditional manual coding is not only costly, but also
subject to coder bias and variation in inter-rater consistency [13].

In recent years, NLP and text mining methods have been gradually introduced into
safety science to ease the bottleneck in large-sample coding [14,15]. Existing studies have
used keyword co-occurrence, TF-IDF-LDA, and BERT-based pretrained models to mine
accident causes from investigation reports [16]. Among these methods, BERTopic is built
on Transformer-based pretrained embeddings and uses a modular architecture consisting
of embedding, UMAP dimensionality reduction, HDBSCAN clustering, and c-TF-IDF
reweighting to generate topics with strong contextual sensitivity and semantic interpretabil-
ity [17]. Compared with classical LDA, it shows clear advantages in both topic coherence
and topic diversity [18,19]. Recent studies in civil aviation and construction further demon-
strate that BERTopic can reveal fine-grained risk scenarios that conventional bag-of-words
models fail to capture [18,20,21].

The core advantage of BERTopic lies in its ability to uncover fine-grained causal
semantic clusters under unsupervised conditions that are difficult to capture through
manual review. It transforms the traditional implicit coding process, which is largely
guided by expert judgment, into a data-driven and explicit inductive paradigm [22], thereby
improving the efficiency of identifying causal themes in large-scale accident texts. BERTopic
is particularly well suited to chemical accident reports, which are often characterized by
dense technical terminology and highly homogeneous sentence patterns. However, the
method stops at topic description rather than causal explanation. The resulting topic set is
essentially a collection of discrete labels without hierarchical structure or configurational
relationships [23]. This limitation makes it necessary to embed a theoretical framework and
a causal method on top of topic mining to support further analysis.

The Human Factors Analysis and Classification System (HFACS), which was devel-
oped on the basis of the Swiss Cheese Model, classifies accident causes into four levels:
organizational influences, unsafe supervision, preconditions for unsafe acts, and unsafe
acts [24]. It provides a standardized tool for structurally mapping active failures and latent
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conditions [24]. HFACS has been widely validated in safety science [25-27]. In recent
years, revised frameworks such as HFACS-OGI for chemical and oil and gas settings and
HFACS-CSME:s for the Chinese context have been proposed, further improving its domain
applicability [28,29].

HFACS mainly serves the functions of causal classification and hierarchical organi-
zation. It cannot by itself explain how different factors work together, nor can it directly
identify which combinations of factors lead to specific accident outcomes. In existing
research, scholars usually apply additional methods after completing HFACS coding,
such as frequency statistics, chi-square tests, Bayesian networks, and association rule min-
ing [30-32]. These methods can help identify high-frequency factors, statistical associations,
or probabilistic dependencies, but they still show clear limitations in explaining complex
accident causation. First, they are better suited to evaluating the importance of individual
factors than to identifying systemic mechanisms, whereas the causes of chemical accidents
are often highly systemic. Second, they tend to focus only on the outcome itself and are
less able to identify transmission mechanisms across hierarchical levels at the same time.

Over the past decade, the configurational perspective that has emerged in management
and the social sciences has emphasized the co-occurrence of conditions, the coexistence of
multiple pathways, and causal asymmetry. Configurational comparative methods (CCMs)
are well suited to identifying complex causal structures. Within this family of methods,
Qualitative Comparative Analysis (QCA) has been introduced into safety science and
accident analysis [6,33], which confirms the transferability of configurational thinking
to safety research. However, QCA uses a top-down maximization and minimization
algorithm, and the resulting solution set does not inherently guarantee freedom from
redundancy [34]. In addition, it can model only one outcome at a time and therefore cannot
analyze causal chain structures [35]. Yet the latter is precisely a core feature of research on
hierarchical transmission mechanisms in safety science, including studies based on HFACS
and STAMP.

Coincidence Analysis (CNA) was proposed in 2009. Like QCA, it shares the INUS
view of causation, but it adopts a bottom-up search strategy. The minimally sufficient
conditions (MSCs) identified by CNA are inherently free of redundant conditions within
each configuration and can therefore be interpreted directly in terms of INUS causation.
More importantly, among INUS-discovery methods, CNA is distinctive in its ability to
simultaneously model multiple outcomes and identify both common-cause and causal-
chain structures [35,36]. This property makes CNA particularly suitable for hierarchical
assumptions such as those in HFACS. Upstream levels can function not only as distal
causes of the final outcome, namely high-fatality outcomes, but also as proximate causes
of intermediate levels. Within a single analytical framework, CNA can simultaneously
identify configuration-to-outcome relationships and cross-level transmission pathways [37].

In recent years, CNA has accumulated relatively mature applications in public health
and implementation science [37-39], but its use in safety science, especially in research on
the causes of accidents, is still at an early stage. At the same time, the growing emphasis on
hierarchical structure analysis in safety science aligns well with the strengths of CNA.

To address the issues outlined above and respond to the practical need to identify high-
fatality outcomes in chemical accidents, this study proposes a Topic-Hierarchy Coincidence
Analysis framework (T-H CNA) for accident analysis. The framework integrates three
stages: BERTopic-based data-driven topic mining, HFACS-based theoretical mapping, and
CNA-based configurational causal identification. BERTopic is used to ease the bottleneck
of coding scalability in large-sample accident text analysis. HFACS is used to provide a
hierarchical theoretical framework for interpreting the topics identified through data-driven
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analysis. CNA is then used to identify configurational patterns associated with high-fatality
outcomes. Their complementary relationships are shown in Figure 1.

01 HFACS CNA

Strengths:

BERTopic 02

Strengths:

03
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Improves the efficiency of identifying
accident-causation themes in large-scale
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linking organizational influences, unsafe
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Figure 1. Complementary roles of BERTopic, HFACS, and CNA in the T-H CNA framework.

The study makes two contributions. Methodologically, it provides a reproducible
workflow that combines natural language processing, hierarchical theoretical mapping,
and configurational causal analysis, offering a transferable approach for the structured
identification of causal factors in accident texts from high-risk industries. Practically, the
recurrent configurations identified provide empirical support for upstream-oriented safety
governance—shifting regulatory priorities toward organizational climate and corrective-
action closure to reduce the risk of high-fatality outcomes and protect frontline operators.

2. Materials and Methods
2.1. Construction of the Research Framework

This study takes chemical accident investigation reports from 2015 to 2025 as the base
corpus for text mining analysis. As shown in Figure 2, the construction of the accident
causation configuration analysis framework consists of three modules.

Corpus of Investigation Reports on Serious Chemical Accidents (2015-2025)
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Figure 2. Overall workflow of the T-H CNA framework. * indicates logical conjunction (AND),
whereas ~ indicates the negation of a condition.
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(1) Accident causation topic mining based on BERTopic. The accident cause texts in
the investigation reports are first subjected to preprocessing and sentence segmentation.
BERTopic is then applied to perform unsupervised topic mining and clustering, from which
the associations between cases and topics are summarized and a topic—case binary matrix
is constructed.

(2) Inductive mapping based on HFACS. The output of the previous stage is reviewed
by experts, and topics are consolidated according to the HFACS framework. Scattered
topics are mapped and coded onto HFACS levels, so that algorithmic labels are transformed
into theory-driven condition variables, on the basis of which a case-HFACS condition binary
matrix is constructed.

(3) Causal pathway identification based on CNA. The binary matrix is converted into
configurational input, and CNA is applied to identify, under theoretical constraints, the
condition combinations associated with severe outcomes. Cross-level causal configuration
pathways are then extracted, yielding a configurational explanation of accident occurrence.

2.2. BERTopic-Based Mining of Accident-Causation Themes
2.2.1. Data Collection and Preprocessing

The research data are mainly drawn from official investigation reports published on
the websites of the Ministry of Emergency Management of China and provincial emergency
management departments. These reports are typically based on detailed investigations
conducted by government-organized expert panels, and their accident causes sections
provide substantial descriptions and analyses of technical defects, human errors, and
management failures, thereby offering an authoritative and standardized corpus for this
study [40]. To obtain as many relevant texts as possible, both targeted search and expanded
search strategies are used during data collection. Systematic searches are first conducted
on official platforms, followed by supplementary screening through the website of the
China Chemical Safety Association and search engines such as Baidu and Google. In total,
121 investigation reports on chemical accidents classified as serious or above are collected,
covering severe accident cases from major provinces and various types of chemical enter-
prises in China over the past decade. Because the dataset consists exclusively of Chinese
accident investigation reports, the empirical configurations identified in this study should
be interpreted within comparable institutional and industrial frameworks. Differences
in accident-reporting standards, enforcement practices, industrial structure, and safety
management systems may affect the occurrence and documentation of causal conditions.
The classification of accident severity in China is shown in Figure 3.

111 I1 I

Minor Serious Major Catastrophic
accident accident accident accident
| : = : :
< 3 fatalities 3 — 10 fatalities 10 — 30 fatalities > 30 fatalities ofle;'z?zz

O or other economic losses or injuries

3 or other economic losses or injuries O or other economic losses or injuries 30 or other economic losses or injuries

Figure 3. Accident categories.

In line with the research objective, the complete text of the accident causes section is
extracted from each investigation report. Referring to the analytical boundary commonly
adopted in organizational analysis in the chemical industry, descriptions related to external
government causes are removed from the original texts to ensure logical consistency in the
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subsequent analysis [32]. At the same time, information on accident timing, geographic
location, and losses is recorded, resulting in a text corpus of several hundred thousand
Chinese characters.

The thematic orientation of accident reports is usually complex, and direct topic
modeling may lead to semantic ambiguity and feature sparsity [14]. Following the rec-
ommendations of Grootendorst for short-text topic modeling and the application of Sun
et al. to scientific texts, this study adopts a sentence segmentation strategy to divide the
original texts into semantic units [17,41]. Periods, semicolons, exclamation marks, question
marks, and line breaks are used as the main delimiters to split compound paragraphs into
relatively independent semantic fragments. After segmentation, the original line-number
index of each sentence is recorded simultaneously to facilitate later traceability. The seg-
mented text set is denoted as R = {rl, 12, ..., rn(R)}, where n(R) is the total number of
segmented sentences.

Building on sentence segmentation, the HanLP toolkit is further used for word seg-
mentation and text cleaning to preserve, as far as possible, the terminological characteristics
of the chemical safety domain. During the text denoising stage, this study uses the HIT
stopword list as the baseline and integrates the “Common Chemical Names” lexicon from
the Sogou Lexicon to construct a domain-specific stopword dictionary. At the same time, in
view of the writing characteristics of accident investigation reports, the cleaning procedure
specifically removes high-frequency function words in official documents, expressions of
abstract concepts, institutional titles, and adverbs that make no substantive semantic con-
tribution. In addition, the “Chemical Safety Production Lexicon” from the Sogou Lexicon
is incorporated as a dictionary to preserve the integrity of technical terms. Finally, valid
sentences with a text length of no less than five characters are retained as the final corpus
and imported into BERTopic for topic modeling. The cleaned text set is denoted as S = {s1,
s2,...,sn(S)}, where n(S) denotes the total number of sentences after cleaning.

2.2.2. BERTopic Topic Modeling

Semantic vectorization uses the BAAI/bge-base-zh-v1.5 sentence embedding model,
which performs well on Chinese semantic benchmarks [42]. During vectorization, the origi-
nal sentences are retained for semantic embedding, and the text set R is used as the input so
that the encoder can capture contextual information as fully as possible. At the stage that
links dimensionality reduction and clustering, UMAP is used to reduce the dimensionality
of the high-dimensional BGE embeddings. Since UMAP involves stochastic initialization,
this study fixes random_state = 42 to improve the reproducibility of the dimensionality
reduction results [43]. HDBSCAN is then used to perform unsupervised clustering on
the reduced embeddings. This algorithm can identify density-based structures without
prespecifying the number of clusters and can assign low-density samples to noise [44].
Given that accident-causation texts contain many low-frequency but substantively mean-
ingful niche topics, this study fixes the minimum number of samples in HDBSCAN at
min_samples = 2 to reduce the risk that potentially valid small clusters are excessively
assigned to noise.

To improve the discriminative power and interpretability of topic keyword representa-
tions, this study develops a staged keyword optimization procedure. Based on the text set
S, CountVectorizer is used to generate the term-frequency matrix, with min_df fixed at 5
and max_df dynamically constrained according to the size of the corpus. BERTopic then
applies class-based TF-IDF (c-TF-IDF) to combine the texts within each topic cluster into
a class document and to weight the representativeness of terms at the topic level. Finally,
Maximal Marginal Relevance (MMR) is used to re-rank candidate keywords for each topic
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in terms of diversity [45], thereby improving the distinctiveness and information richness
of the keywords while preserving topic representativeness.

2.2.3. Model Evaluation Metrics and Parameters

To comprehensively evaluate the topic modeling results, this study conducts quantita-
tive assessment from two complementary dimensions, namely topic quality and clustering
structure. First, topic coherence, denoted as Cy, is used to measure the semantic consis-
tency among keywords within the same topic, and it is calculated on the basis of the top
10 keywords for each topic. A higher Cy value indicates stronger co-occurrence consistency
and semantic relatedness among the keywords within a topic, and usually suggests better
topic interpretability [46].

Second, topic diversity, denoted as TD, is used to measure the degree of distinction
across topics. A higher TD value indicates less semantic overlap and stronger differentiation
among topics. Suppose that there are T topics in total, and that the top k keywords are
retained for each topic. Let |U| denote the number of unique terms in the union of keywords
across all topics. Topic diversity is then defined as [17]:

rp =4

 Txk M

T x k represents the total number of keywords. A higher value indicates that fewer
keywords are shared across topics, clearer topic boundaries, and stronger overall differenti-
ation. Finally, the noise ratio is recorded as an auxiliary robustness indicator to reflect the
proportion of samples classified as noise during clustering.

Since the modeling results of BERTopic are relatively sensitive to the number
of neighbors in UMAP (n_neighbors) and the minimum cluster size in HDBSCAN
(min_cluster_size), this study conducts a grid search over these two key parameters to
ensure the quality of topic extraction. Using the cached BGE embeddings as the common in-
put, a complete BERTopic model is trained under different combinations of min_cluster_size
and n_neighbors, and metrics including topic coherence, topic diversity, number of topics,
and noise ratio are recorded. In the process of selecting the optimal parameters, a coarse
search is first conducted with a step size of 5 to identify the parameter range with relatively
good performance, after which a fine-grained search is carried out within that range with a
step size of 2.

To balance semantic consistency within topics and differentiation across topics, this
study further defines the product of Cy, and TD as a composite evaluation score, denoted
as Sg, that is:

Sp=Cy xTD )

To avoid excessive fragmentation in the clustering results, a noise ratio of no more
than 20% is used as a screening criterion to exclude parameter combinations that do not
meet this requirement. The remaining combinations are then ranked in descending order
according to the Sp score, and the top five parameter sets are selected for subsequent
expert evaluation.

Although Cy and TD can assess topic quality statistically, they do not directly reflect the
semantic suitability of the topics for chemical accident causation [20]. This study therefore
adds an expert evaluation stage to combine statistical results with domain knowledge.
The expert panel is provided with summary materials for the top five candidate models,
including the top keywords, representative sentences, and topic distribution statistics for
each topic. The experts then rate the candidate models on a 7-point Likert scale in terms of
semantic interpretability, coherence, and distinctiveness. The mean expert score is used to
determine the final parameter setting of the BERTopic model in this study.
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2.2.4. BERTopic Topic Aggregation

After noise is excluded, the final topic set is denoted as T = {t1, to, . .., ty(1)}, where
n(T) is the total number of topics.

Next, based on the original line indices retained during sentence segmentation, each
semantic unit is mapped back to its corresponding accident case, and the topic IDs involved
in each case are summarized. On this basis, a case-topic binary matrix is constructed
with topics t1 to t,(1) as columns: if a case involves a given topic, it is coded as 1; oth-
erwise, it is coded as 0. This produces a binary matrix of causal topics for each case for
subsequent analysis.

The overall workflow of BERTopic is summarized in Scheme 1. In simple terms, this
procedure groups semantically similar accident-cause sentences, summarizes each group
with representative keywords, and records the topics involved in each accident case as a
binary matrix for subsequent analysis.

I
. STEP Accident Report
: 1 L Data )
X A 4
|
! Data Loading
1 ~ A 4
] s ™\
: Sentence Splitting
\ For L ) For
1 Vectorizer | ! .| Embedding
| 4
| =
! Raw Sentence ’“ A
: [ HanLP J [ Text } ( Construct h |
I case-topic binary 1
: L matrix ) :
: Cleaned Raw sent . A ) |
eane! aw sentence . 1
: token set S set R Top1c-to:case 1
| mapping !
o S 1
e e g g g g gy g
STEP - ? STEP ,
: Cleaned Tokens Text X . |
: 2 (For CountVectorizer) Embedding Flnsal TOPIC 3 |
b ¥ etT |
| ( UMAP |
I Dimensionality 1
: L Reduction :
I e [}
| HDBSCAN Final Model !
| Clustering Selection i
| 1
: |
! 1
} 4 1
: CountVectorizer Expert !
! Evaluation 1
1 A 4 1
| ¢-TF-IDF 4 !
| Weighting I
1 b A 4 1
I f Quantitative |
: MMR " Screening [
| \ J : . (c,, TD, noise ratio) :

Scheme 1. Four-step workflow of BERTopic modeling and case—topic matrix construction. The
embedded table in Step 4 represents the original Chinese topic—case binary matrix generated during
the experiment and is included only as a process illustration.
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2.3. Mapping of Causal Variables Based on the HFACS Framework
2.3.1. Selection of the HFACS Framework

The topic set T provides data-driven causal semantic clusters, but these topics remain
parallel and discrete labels. This study therefore introduces HFACS as the theoretical
framework, which helps bring domain knowledge into the theoretical calibration [25].
The main purpose of this study is not to reconstruct a complete system control structure,
but to further transform the text-based topic results into discrete hierarchical condition
variables for configurational analysis. For this purpose, HFACS is better suited to serve
as a middle-range theoretical bridge between BERTopic topic results and CNA condition
modeling, because it provides a clear hierarchical structure, relatively stable second-level
categories, and a mature basis for industry-specific revision.

Given the distinctive characteristics of the chemical industry, this study mainly adopts
the HFACS-CSMEs framework revised for the Chinese chemical industry by Wang et al. [29]
and supplements it with the application suggestions of Theophilus et al. on HFACS in the
oil, gas, and chemical sectors [28], to determine the final hierarchical correspondence.

2.3.2. Expert Classification and Its Validation

This study uses Expert Classification to complete the hierarchical mapping of
BERTopic-derived topics to HFACS. Expert classification can jointly consider the seman-
tic information of topic keywords, representative accident sentences, and the contextual
features of the chemical industry. It is therefore more suitable for mapping tasks that are
guided by an explicit theoretical framework [31]. For this purpose, this study invites five
experts with long-term experience in industrial engineering, chemical engineering, and
management science and engineering to support the subsequent analysis.

The classification procedure is as follows. First, the expert panel is provided with
the full information for the BERTopic topics, together with a reference table of HFACS
levels. The experts then independently judge the HFACS level and subcategory code
corresponding to each topic. To improve the robustness of the results, the mapping is
completed independently by the experts under blind review conditions.

To quantitatively assess inter-expert classification agreement, this study uses Fleiss’
Kappa coefficient, which has been widely used in HFACS-related research [47,48]. The
formula is as follows [47]:

P—P,
K = —
1- D,

€)

P is the mean proportion of pairwise agreement among raters across all topics, and
P, is the expected proportion of agreement under chance conditions. A « value closer to
1 indicates higher agreement among the experts in topic classification, whereas a lower
x value suggests that the topic boundaries may be more ambiguous and require further
review. Based on this indicator, this study evaluates the HFACS classification results and
then determines the final classification according to the majority opinion of the experts.
In this study, the expert classification yields a Fleiss’ x of 0.7118, and the corresponding
analysis is presented in detail in the Results section. For topics on which disagreements
remain, a consensus discussion is conducted until a final agreement is reached.

2.3.3. Construction of the Case-HFACS Binary Matrix

After the HFACS classification of topics is completed, this study further converts
the previously constructed case-topic binary matrix into a case-HFACS dimension binary
matrix for subsequent analysis. If an accident case contains at least one topic that belongs to
a given second-level HFACS category, the corresponding dimension for that case is coded
as 1; otherwise, it is coded as 0. Through this aggregation, the original topic variables
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are compressed into condition variables with theoretical meaning. At the same time, this
procedure effectively reduces dimensional fragmentation and better meets the requirement
of an interpretable logical structure in the subsequent analysis.

On this basis, this study aims to examine which factors are more likely to lead to
High-Fatality (HF) outcomes in chemical accidents classified as serious or above.

HE; =1if d; > 3; else HF; = 0 (4)

where d; denotes the number of deaths in case i. Under the Chinese accident classification
system (Regulation on the Reporting, Investigation, and Handling of Production Safety Accidents),
three deaths constitute the statutory boundary between an “ordinary” accident and a
“serious” accident. However, the criteria for “serious-or-above” classification are not based
on fatalities alone: an accident can also reach this tier through other criteria. The sample
therefore contains heterogeneity around this threshold: some cases result in only a handful
of fatalities, whereas others lead to larger losses of life. Setting d; > 3 as the high-fatality
cutoff separates accidents whose fatalities meaningfully exceed the statutory boundary
from those at or below it. To verify that the configurational findings are not artefacts of
this single calibration, two stricter cutoffs (d; > 4 and d; > 5) are further examined in the
threshold sensitivity analysis.

2.4. Identification of Causal Pathways Based on CNA

This study further uses Coincidence Analysis (CNA) to identify the condition combi-
nations associated with high-fatality outcomes in serious-or-above chemical accidents and
to examine their cross-level configurational relationships. CNA emphasizes the configura-
tional nature of conditions and hierarchical causal chains [49], and is therefore suitable for
analyzing complex structures in accident causation.

The logical core of CNA lies in identifying INUS conditions in the formation of
an outcome, namely an insufficient but necessary part of an unnecessary but sufficient
condition [50]. Its typical Boolean form can be expressed as follows:

(X1 % X2) + (X3 xXy) <Y 5)

In this expression, * denotes the conjunctive operator, which refers to the joint presence
of multiple conditions within the same configuration. The symbol + denotes the disjunctive
operator, which refers to multiple alternative configurational pathways leading to the same
outcome [50].

The input data for CNA are derived from the case-HFACS dimension binary matrix
constructed in the preceding section. Considering the need to balance solution complexity
and interpretability in CNA, this study restricts the analytical variables to the Level II
subcategories of the HFACS framework. This choice of granularity follows the practice
of Patterson and Shappell in empirical HFACS research. It preserves the discriminative
capacity of causal variables in cross-level transmission analysis while avoiding overly
complex configurations and insufficient co-occurrence cases caused by excessive variable
subdivision [51]. This study conducts the analysis using the cna package in R 4.6.0. Since all
variables in the analytical matrix obtained in Section 2.3 are binary, this study applies crisp-
set CNA. The configTable() function is used to convert the original case-variable matrix into
a compressed configuration table. This table merges cases with identical condition-value
combinations and records their frequencies.
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The core parameters of CNA include two solution-quality thresholds, namely consis-
tency (con.) and coverage (cov.). Their formulas are as follows [52]:

Consistency (X — Y)=|XNY|/|X] (6)

Coverage (X = Y)=|XNY|/|Y| (7)

|X N Y| denotes the number of cases in which both the condition combination X and
the outcome Y are present. |X| and |Y| denote the total number of cases satisfying the
condition combination X and the total number of cases in which the outcome Y occurs,
respectively. Following the empirical settings used by Baumgartner [52], Whitaker et al. [37],
and related exploratory studies, this study fixes the consistency threshold at con = 0.75
and sets the minimum coverage requirement for MSCs at 0.10. (Most CNA studies do not
impose a lower bound on MSC coverage. We adopt one here to mitigate the influence of
isolated cases.) This setting retains causal pathways with substantive explanatory value
while reducing the risk of spurious relationships caused by accidental co-occurrence.

To balance theoretical constraints with empirical search, this study runs both a the-
oretically constrained model and an unconstrained model. The theoretically constrained
model is specified according to the hierarchical logic of HFACS. In the presentation of the
final solutions, pathways that pass the consistency test in the hierarchically constrained
CNA model (con > 0.75) and are robustly reproduced in the unconstrained CNA model
are treated as the main empirical patterns reported in this study.

In addition, two benchmark analyses were conducted on the same HFACS condi-
tions. First, logistic regression was used to estimate the net association between each
condition and the high-fatality outcome. Second, csQCA was used as a configurational
benchmark to compare truth-table minimization results with CNA-derived minimally
sufficient configurations.

3. Results
3.1. Descriptive Statistics

The final text corpus includes 2 catastrophic accidents, 11 major accidents, and 108 se-
rious accidents. In terms of accident type, explosions, deflagrations, and related accidents
account for 65 cases, representing 53.7% of the sample, and constitute the most common
accident type. Poisoning and asphyxiation accidents account for 43 cases, representing
35.5%, ranking second. In terms of geographic distribution, Shandong, Hebei, and Hubei
have the highest accident frequencies, with 15, 11, and 10 cases, respectively. The annual
and monthly distributions of accidents are relatively balanced, with an average of approxi-
mately 11 accidents per year. Accidents occur relatively more frequently in June and April.
Additional descriptive statistics are shown in Figure 4.

3.2. BERTopic Modeling Results
3.2.1. Model Parameter Selection

Following the two-stage search strategy described in Section 2.2.3, this study first
conducts a coarse-grained scan of min_cluster_size and n_neighbors with a step size of
5. The results show that parameter settings with relatively high composite scores Sp are
concentrated within min_cluster_size € [10,20] and n_neighbors € [30,40]. A fine-grained
search is then conducted within this range with a step size of 2. The number of topics, noise
ratio, topic coherence Cy, and topic diversity TD are recorded simultaneously. Parameter
settings with excessively high noise ratios are excluded, and the remaining settings are
ranked in descending order according to Sg. The top five candidate parameter settings
are then submitted to the expert panel for independent evaluation. The experts rate each

https:/ /doi.org/10.3390/pr14132077


https://doi.org/10.3390/pr14132077

Processes 2026, 14, 2077

12 of 26

setting on a 7-point Likert scale in terms of semantic interpretability, topic coherence, and
topic distinctiveness. The topic evaluation metrics are presented in Table 1.
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Figure 4. Temporal distribution of serious-or-above chemical accidents in China from 2015 to 2025.

Table 1. Top five candidate BERTopic parameter settings and quantitative evaluation metrics.

min_cluster_

Number of Noise Ratio

Rank Size n_neighbors Topics (%) Cy D Sp
1 17 32 17 19.00% 0.558 0.806 0.450
2 10 32 40 13.60% 0.485 0.785 0.381
3 15 32 25 17.40% 0.487 0.780 0.380
4 13 35 33 18.80% 0.492 0.770 0.379
5 10 37 17 13.00% 0.455 0.829 0.377

In the blind expert evaluation, the third-ranked parameter setting receives the highest
overall score across the three semantic dimensions. Compared with the other parameter
settings, its topic results show better semantic interpretability and an appropriate topic
granularity. It is therefore selected as the final parameter setting. Under this setting,
25 topics are identified, with a noise ratio of 17.40%, Cy = 0.487, and TD = 0.780. This
setting provides a reasonable balance among topic granularity, semantic boundary clarity,
and domain interpretability.

3.2.2. Topic Identification Results

Under the final parameter setting, the BERTopic model identifies 25 non-noise topics.
As shown in Table 2, these topics are named according to their representative sentences and
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top keywords. The topic-naming procedure was conducted through collective discussion
within the research team. For each topic, the team jointly reviewed the representative
keywords, representative sentences, and corresponding original accident-report contexts,
and then discussed an appropriate topic name on a topic-by-topic basis. For topic names
with disagreements, the team traced the relevant sentences back to the original accident
reports, discussed their meanings in depth, and then determined the final topic names.
The 25 topics cover multiple aspects, including safety training and education, responsi-
bility implementation, work management, equipment and facilities, project construction,
emergency response, and risk prevention and control. Together, they provide a relatively

systematic representation of the core problem structure in the accident-cause texts.

Table 2. BERTopic-derived accident-causation topics and representative keywords.

Topic ID Topic Name Top Representative Keywords
0 Inadequate Job-Specific operation, training, job position, safety management, system,
Operational Training work safety, operating procedures, equipment/unit
1 Erroneous Emergency Response explosion, production, poisoning, space, material, reaction,
Decision-Making decomposition, inhalation, formation
’ Improper Hot Work Procedures hot work, ignition source, app.roval, mai.ntenance., on.-site, safety
measures, work permit, processing, application
3 Perfunctory Safety Education and  training, safety education, safety training, formalism, work safety,
Training education and training, assessment
4 Deficient Safety Responsibility safety responsibility system, deficiency, work safety, safety
System responsibility, all staff, safety management duties
5 Inadequate Confined-Space space, hazardous factors, confined space, preventive measures,
Hazard Identification identification, control, hazard, on-site
. . , defect, 1 inal, ision, k safet
6 Ineffective Safety Supervision absence, defect, merely nominal, supervision, work safety
management, process, safety management, change
rescue, escalation, casualties, accident escalation, emergency
7 Improper Emergency Rescue . . .
rescue, any person, adoption, protective measures, wearing
8 Illegal Hazardous Chemical hazardous chemicals, illegal, storage, operation, acquisition,
Storage safety facilities, filing, permit
9 Deficient On-Site Equipment on-site safety management, maintenance, special equipment,
Safety Management on-site, installation, upkeep, safety equipment, absence
10 Inadequate Emergency Planning drills, emergency rescue, emergency plan, rescue, on-site,
and Dirills emergency rescue plan, accident emergency response
1 Deficient Construction Review  construction, gatekeeping, review, qualification, decision-making,
and Qualification Control installation, design, completion, acceptance
12 Improper Safety Qualification availability, qualification, signing, safety production conditions,
Review safety management agreement, construction, work safety
13 Noncompliant Project Planning construction, permit, planning, engineering, fire protection,
and Construction commencement, acquisition, license
Illegal f W. . . . .
14 egal Storage o . aste and Scrap waste, scrap, environment, storage, solids, pollution, protection
Materials
15 Improper Production System cutoff, dry burning, pressure, pipeline, piping, system, operation,
Operation mis-entry
16 Deficient Work Permit maintenance, permit, plan, handling, work permit, construction,
Management repair, oversight failure
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Table 2. Cont.
Topic ID Topic Name Top Representative Keywords
17 Failure to Identify and Rectify inspection, remediation, safety hazards, grading, rectification,
Hazards formalism, control, accident hazards
Failure to Correct Employee supervision and correction, rules and regulations, operating
18 N procedures, employees, work safety rules and regulations, safe
Violations .
operating procedures
19 Inadequate Safety Review during trial production, trial run, review, equipment/unit, testing,
Trial Operation availability, product, safety production conditions
20 Failure of Responsible Personnel ~ director, work safety, actual, safety responsibility system, legal
to Fulfill Safety Responsibilities representative, principal person in charge
1 Noncompliant Engineering construction, violation, illegality, engineering quality, conduct,
Quality design, engineering, relocation
2 Poor Safety Awareness and weak, safety awareness, disregard, law, leakage, work safety
Disregard for Regulations awareness, work safety, principal person in charge
23 Unauthorized Process Changes unauthorized, change, process, oper.atlon, simple, control,
function, automation
o4 Inadequate Risk Identification identification, control, prevention and control, prevention,
and Control Implementation inspection, circulation, evaluation, petrochemical

In terms of topic content, these 25 topics are not isolated or scattered. One group
of topics mainly reflects deficiencies in safety training, education, and safety awareness,
including Topics 0 and 3. Together, these topics indicate that, at the time of accident
occurrence, frontline personnel have insufficient capacity to identify hazards and perform
standardized operations.

Another group of topics mainly reflects failures in responsibility implementation
and routine management, such as Topics 4, 6, 17, and 24. These topics are more closely
related to problems in system implementation, routine supervision, hazard rectification,
and responsibility transmission within enterprises. This suggests that, in many accident
cases, risks do not simply arise from a single moment at the accident site, but are closely
associated with long-standing management laxity, inadequate inspection, and insufficient
implementation of risk prevention and control measures.

A third group of topics mainly concerns defects in equipment, facilities, and site
conditions, such as Topics 9, 14, and 21. From different perspectives, these topics reflect
deficiencies in equipment integrity, facility configuration, material storage, and engineering
quality at accident sites. This indicates that some accident risks originate from unsafe
production conditions themselves.

In addition, another group of topics focuses on emergency response, mainly including
Topics 1, 7, and 10. These topics suggest that, in some cases, the expansion of accident
consequences does not arise entirely from the initial event itself, but is closely related
to misjudgment after the event, improper remedial actions, and inadequate emergency
preparedness.

The topic-similarity heatmap of the 25 topics is shown in Figure 5. Given the high
homogeneity of the underlying text corpus, the topics show a medium-to-high level of
similarity, with the lower bound of similarity remaining at approximately 0.60. This
pattern is common in topic modeling within a single domain. Nevertheless, identifiable
boundaries remain among different topics, and no large-scale high overlap is observed.
This indicates that the final model achieves a reasonable level of topic differentiation.
This result also suggests that the 25 topics identified in this study are not the product of
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mechanical fragmentation, but form a relatively stable semantic structure around several
core causal modules.

0.7

0.65

Figure 5. Similarity heatmap of BERTopic-derived accident-causation topics.

On this basis, following the procedure described in Section 2.2.4, this study traces the
segmented sentences back to their corresponding accident cases according to the original
line-number indices. A 121 x 25 case—topic binary matrix is then constructed, with the
25 topics as columns and the 121 cases as rows. This matrix provides a data-driven
representation of the causal topic combinations involved in each accident case and serves
as the original data for the subsequent analysis.

3.3. Results of HEACS Framework Mapping
3.3.1. Validation of Expert Classification

Based on the blind evaluation results of the five experts, this study classifies the
identified topics into the hierarchical categories of HFACS. The final classification results
show that x = 0.7118 (z = 28.19, p < 0.01). According to the criteria proposed by Landis and
Koch, a x value within the range of 0.61-0.80 indicates substantial agreement. This result
indicates that, under independent blind evaluation conditions, the expert panel forms a
relatively stable consensus on the HFACS hierarchical assignment of the BERTopic-derived
topics. For a small number of topics with classification disagreements, such as Topic 20
and Topic 10, the expert panel reaches a final consensus after collective review, based
on the HFACS classification table and the hierarchical orientation reflected in the topic
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keywords. For disputed topics that lack direct corresponding entries in the table, such as
Topic 21, the expert panel further refers to their higher-level categories and completes the
final classification after discussion.

3.3.2. Mapping Structure of the HFACS Hierarchy

The 25 BERTopic-derived topics are systematically mapped onto the four first-level
categories and eight second-level subcategories of HFACS. The overall mapping structure
is shown in Figure 6.

Organizational { T4 Deficient Safety Responsibility System Unsound administration managing
climate T22 Poor Safety and Disregard for i Managers' weak concept of safety
Organizaﬁonal 4{ T2 Improper Hot Work Procedures } Unclear executive procedures and instruction
influences Organizational {— T11 Deficient Construction Review and Qualification Control
process —{ T12 Improper Safety Qualification Review } Regulator cannot ‘reach’ duty-holders
“— T16 Deficient Work Permit Management
— T3 Perfunctory Safety Education and Training Failed to provide proper training
Inadeq,u.a te — T6 Ineffective Safety Supervision Failed to provide adequate oversight, guidance
superv151on
— T10 Inadequate Emergency Planning and Drills Inadequate risk assessment
Unsafe - - -
00 T17 Failure to Identify and Rectify Hazards
supervision
Failed to correct [—| T18 Failure to Correct Employee Violations Failed to address risky behavior
a known Pl’Oblem = T19 Inadequate Safety Review during Trial Operation Failed to initiate correct action
— T24 Risk Ider and Control I
— TO0 Inadequate Job-Specific Operational Training Inadequate training
Peer(tmnel —+— T5 Inadequate Confined-Space Hazard Identification Unconscious of potential risks
actors
— T20 Failure of to Fulfill Safety ibiliti Failure of leadership
Preconditions { T8 lllegal Hazardous Chemical Storage } Hazardous gas, Mess
of unsafe acts T9 Deficient On-Site Equipment Safety Management Equipment failure
Environmen
— o ent —— T13 Noncompliant Project Planning and Construction
factors ‘
—{ T14 lllegal Storage of Waste and Scrap Materials | Hazardous gas, Mess
“— T21 Noncompliant Engineering Quality
T1 Erroneous Emergency Response Decision-Making Wrong judgment to emergency
Errors [
Unsafe acts T7 Improper Emergency Rescue Wrong response to emergency
of operators . . — T23 Unauthorized Process Changes Unauthorized operation
Violations ~ —|
— T15 Improper Production System Operation Unauthorized operation
Similar items E Comparable items Original HFACS expressions Expert-classified items

Figure 6. Mapping of BERTopic-derived accident-causation topics to the HFACS hierarchy.

Most topics find direct or approximate counterparts within existing HFACS subcat-
egories, indicating that the BERTopic-derived results have good structural compatibility
with the HFACS framework [29]. Three types of correspondence emerge during the map-
ping process. “Similar items” indicate that the topic semantics are highly similar to the
typical expressions of HFACS subcategories and can be directly aligned. “Comparable
items” indicate that the topics do not correspond one-to-one with the original HFACS
expressions but can be assigned by analogy based on their semantic core. “Expert-classified
items” indicate that the topic content extends beyond the classical examples listed under
HFACS subcategories and is theoretically classified by experts in light of the chemical
industry context.

In the correspondence analysis with the ten second-level categories of HFACS-CSMEs,
resource management under Organizational influences and task assignment and manage-
ment under Unsafe supervision do not form suitable corresponding items [29]. For the
former, resource management accounts for the lowest proportion in the revised HFACS-
CSMEs study, and its related manifestations are mostly low-frequency or absent items,
suggesting that its distribution in the chemical industry context may be relatively limited.
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For the latter, task assignment and management mainly involves directive information on
internal task allocation within enterprises. Such information is often insufficiently disclosed
in the cause-summary sections of accident investigation reports, and therefore does not
show sufficiently concentrated features in the topic extraction results of this study.

All four first-level categories receive clear topic support. The four topics under Unsafe
acts of operators are notably fewer than those under the upstream levels. This distribution is
generally consistent with the hierarchical structure of HFACS, which extends from terminal
unsafe acts to upstream latent conditions. Organizational influences and Unsafe supervision
together cover 13 topics, accounting for more than half of all topics. This indicates that the
causal focus is more concentrated in upstream factors such as organizational systems and
supervisory management.

3.3.3. Construction of the Case-HFACS Dimension Binary Matrix

After the classification of topics into the HFACS hierarchy is completed, this study
further compresses the 121 x 25 case—topic binary matrix into a 121 x 9 case-HFACS
second-level dimension binary matrix according to the rules described in Section 2.3.3.
Combined with the high-fatality variable HF, a binary analytical matrix containing 121 cases,
8 condition variables, and 1 outcome variable is finally formed for subsequent CNA
modeling. To facilitate matrix computation, model output presentation, and subsequent
reporting of results, this study assigns unified codes to the HFACS second-level dimensions
and the outcome variable, as shown in Table 3.

Table 3. Coding and distribution of HFACS condition variables and the high-fatality outcome.

Code Variable Value =1, n (%) Value =0
on Organizational climate 71 (58.68) 50
O12 Organizational process 66 (54.55) 55
US1 Inadequate supervision 90 (74.38) 31
Us2 Failed to correct a known problem 70 (57.85) 51

PUA1 Personnel factors 91 (75.21) 30

PUA2 Environment factors 70 (57.85) 51

UAO1 Errors 107 (88.43) 14
UAO2 Violations 33 (27.27) 88
HF High-fatality outcome 60 (49.59) 61

Among these variables, UAOL1 has the highest frequency, appearing in 107 cases, which
may be related to the greater visibility of direct behavioral errors in accident investigation
reports. It is followed by PUA1 (75.21%) and US1 (74.38%). By contrast, UAO2 has the
lowest frequency, appearing in only 33 cases. For the outcome variable, 60 cases are coded
as HF = 1, accounting for 49.59% of the sample, which is broadly comparable to the 61 cases
coded as HF = 0.

3.4. Identification of Causal Configurational Pathways Based on CNA

HFACS hierarchically constrained cs-CNA and unconstrained cs-CNA are run sepa-
rately under the threshold of con > 0.75. This section reports the pathways reproduced
across the constrained and unconstrained CNA models as the main empirical patterns.

3.4.1. Minimally Sufficient Condition (MSCs) Combinations for High-Fatality Outcomes

When solving for HF = 1, six three-condition minimally sufficient condition combina-
tions are identified. Considering that a balance between explanatory power and parsimony
is more useful for revealing cross-level causal structures [53], this section mainly reports
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the MSCs obtained under the default settings of the R package. The results are shown in
Table 4.

Table 4. MSCs for high-fatality outcomes.

No. Configuration n(X N H)/n(X) Con. Cov. Exhaustiveness Faithfulness
M1 SOV 17/22 0773 0283 1.000 0938
M2 PO[B;ZN—?II%HZ 12/13 0.923 0.200 1.000 0.938
M3 ~1?I_II%A*1U—S>21—’IGF 6/7 0.857 0.100 1.000 0.938
M4 e el 6/7 0.857 0.100 1.000 0938
M>5 NO[IJlsI ;Og; 6/8 0.750 0.100 1.000 0.938
Mé ;ESAlZ*E?—%E 6/8 0.750 0.100 0.933 0.933

Note: * indicates logical conjunction (AND), whereas ~ indicates the negation of a condition (i.e., the corresponding
variable is coded as 0).

In terms of condition composition, all six MSCs are three-condition combinations,
and all of them are cross-level configurations that include at least one condition from
Organizational influences or Unsafe supervision. No configuration is composed only of
conditions from Preconditions of unsafe acts or Unsafe acts of operators. Among them,
OI1, namely organizational climate, appears in four pathways, M1, M2, M3, and M5, and
serves as the main causal endpoint within Organizational influences. US2, namely failed to
correct a known problem, also appears in four pathways, M1, M3, M4, and M6, and serves
as the main causal endpoint within Unsafe supervision.

At the level of Preconditions of unsafe acts, PUA2, namely environment factors,
appears in positive form in three MSCs, M1, M2, and M6. By contrast, PUA1, namely
personnel factors, appears only in negated form, ~PUA1, in M3. This indicates that, in the
causal configurations leading to high-fatality outcomes, physical working environment
conditions have greater configurational relevance than individual personnel conditions.

At the pathway level, M1 has the highest coverage (cov = 0.283), making it the path-
way that explains the broadest set of high-fatality cases. M2 has the highest consistency
(con = 0.923), suggesting that when this condition combination is present, a high-fatality
outcome is more likely to occur.

Figure 7 reports the threshold sensitivity results. Of the 121 cases, the high-fatality
group (HF = 1) comprises 60 cases at deaths > 3, 38 at deaths > 4, and 26 at deaths > 5; the
HF = 0 counts are 61, 83, and 95, respectively. When the fatality threshold was raised to
deaths > 4 and deaths > 5, the exact Boolean expressions changed, but several condition
families remained recurrent, especially OI1, US2, and PUA2. This suggests that the findings
are not merely an artifact of the baseline fatality cutoff. Under the stricter threshold, both
M1 and M2 re-emerge with additional conditions appended, indicating that their core
condition combinations remain present but become embedded in larger configurations.

The logistic regression benchmark is shown in Table 5, identifies PUA2 as the only
significant positive predictor of high-fatality accidents. This result supports the relevance
of environmental preconditions in explaining severe accident consequences. The QCA
benchmark further confirms that the same HFACS matrix contains configurational struc-
ture; however, the complex solution generated four equivalent models with many long
conjunctions, most involving six to eight conditions, making effective interpretation difficult.
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Death>3

0I1"US2"PUA2 0.28

0Ol1*~0I2*~Us1 0.10

~US1*US2"PUA2 0.10

Death>4

~US1"US2"PUA2 0.16

OI1*US2*~PUA1*~UAO2 0.11

OI1*~0I2*~US1*USs2 0.11

Death>5

OI11"~0I2*"US2"PUA2 0.23

OI1*~0I12*~US1*PUA2
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Consistency

0.75

~0I2*"US2"PUA2*UAO2 0.11
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Figure 7. Threshold Robustness of CNA-Derived Sufficient Configurations. * indicates logical
conjunction (AND), whereas ~ indicates the negation of a condition.

Table 5. Logistic regression results for high-fatality accidents (death > 3).

Predictor Beta SE OR 95% CI for OR p
on 0.418 0.411 1.52 0.68-3.40 0.309
OI2 —0.768 0.421 0.46 0.20-1.06 0.068
Us1 0.202 0.452 1.22 0.50-2.97 0.655
us2 0.731 0.407 2.08 0.94-4.61 0.073

PUA1 0.266 0.483 1.3 0.51-3.36 0.582
PUA2 1.327 0.445 3.77 1.58-9.01 0.003
UAO1 —0.174 0.657 0.84 0.23-3.05 0.791
UAO2 —0.74 0.466 0.48 0.19-1.19 0.113

3.4.2. Causal Transmission Pathways

The CNA search further identifies vertical transmission relationships among the
second-level dimensions. The high-fitting pathways are mainly concentrated among Unsafe
supervision, Preconditions of unsafe acts, and Unsafe acts of operators. Table 6 presents all
pathways with coverage greater than 0.5.

The results show that US1, US2, and OI1 have strong directional relationships with
PUAL1 (T1, T4, and T5), indicating that conditions from the supervision level and the
organizational influence level converge on the same precondition. PUA1 is further linked
to UAO1, namely operational errors, with relatively high consistency (con = 0.868) (T2).
Meanwhile, the US level also shows a surface pathway that bypasses the precondition level
and directly transmits to UAO1 (T3). Among the six condition variables across the three
upstream levels, namely O, US, and PUA, five are identified as upstream conditions linked
to UAOL1 in the CNA results.

Table 6. Causal transmission pathways identified by CNA.

No. Path Con. Cow.
T1 US1 — PUA1 0.778 0.769
T2 PUA1 — UAO1 0.868 0.738
T3 Us1 — UAO1 0.867 0.729
T4 US2 — PUA1 0.800 0.615
T5 OI1 — PUA1 0.775 0.604
T6 PUA2 — UAO1 0.571 0.570
T7 OIl1 - UAO1 0.859 0.570
T8 Us2 —- UAO1 0.843 0.551
T9 OI2 - UAO1 0.818 0.505
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When the MSCs are synthesized into Atomic Solution Formulas (ASFs) and Complex
Solution Formulas (CSFs), the maximum faithfulness value is 0.644, which is relatively low.
This reflects the coexistence of multiple alternative causal pathways in serious-or-above
chemical accidents, where the same severe outcome can be triggered by several equivalent
and non-nested condition combinations [53]. Therefore, following existing applied studies,
this study does not use a single ASF or CSF as the final unit of interpretation.

4. Discussion
4.1. Configurational Pathways of High-Fatality Outcomes

The MSC-level patterns indicate that, in this sample, high-fatality outcomes in serious-
or-above chemical accidents are not well explained by terminal behavioral factors alone,
but are more consistently associated with cross-level coupling involving organizational
and supervisory conditions. The threshold robustness analysis in Figure 7 supports this
interpretation at the condition-family level: although the exact Boolean expressions change
after raising the fatality cutoff, OI1 and US2 remain recurrent across alternative thresholds.
Organizational climate and failed corrective supervision can therefore be interpreted as
recurrent upstream condition families rather than artifacts of a single outcome definition.

It should be noted that, in CNA, when a negated condition enters a minimally sufficient
pathway, this indicates that the absence of the corresponding condition is a non-redundant
component of that configuration. Its meaning must therefore be interpreted in relation to
the overall configuration rather than in isolation according to its literal meaning [50].

M1 has the highest coverage and is the most representative dominant causal pathway
for explaining high-fatality accident cases. It combines deficient organizational climate at
the macro level, failure to correct known hazards at the meso level, and adverse physical
environmental conditions at the micro level. In this context, severe outcomes are consis-
tent with the accumulation of latent structural deficiencies in the upstream system, rather
than by isolated individual errors. The 2019 “3-21” catastrophic explosion accident at
Tianjiayi Chemical in Xiangshui, Jiangsu, provides a typical empirical case for this configu-
rational pathway. The investigation report shows that the enterprise had long maintained
a distorted development philosophy that prioritized economic benefits over safety. After
environmental protection and emergency management departments at multiple levels
repeatedly pointed out hazards related to the storage of nitration waste, the enterprise
management did not implement substantive rectification and instead deliberately con-
cealed the problem by falsifying records. As a result, a large amount of highly explosive
nitration waste accumulated over a long period in an old solid-waste warehouse without
temperature-control facilities. The terminal event, namely spontaneous combustion caused
by heat accumulation in the waste, can therefore be interpreted as being consistent with
accumulated systemic risk, which eventually led to catastrophic consequences.

M2 has the highest consistency. The presence of ~OI2 reveals a problematic orga-
nizational feature. ~OI2 means that the enterprise shows no obvious deficiencies at the
level of organizational processes, whereas the simultaneous presence of OI1 indicates
that problems already exist in the underlying organizational climate. In this context of
separation between formal processes and actual organizational conditions, high-fatality
outcomes are triggered once adverse working environmental conditions (PUA2), are also
present. Traditional regulatory approaches that focus on the completeness of institutional
documents and formal compliance in assessments have little discriminatory power for this
type of accident. They may even allow hazards to accumulate when inspections remain at
the level of superficial compliance. Effective review should therefore reach the substantive
operating conditions of the enterprise, including the organizational climate.
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US2 appears in M1, M3, M4, and M6, suggesting that hazard accumulation is a re-
current precondition in most pathways leading to high-fatality outcomes. This structure
indicates that the cause of severe consequences sometimes lies not in the failure to identify
problems, but in the failure to resolve them, which allows hazards to accumulate. M3
further reinforces this interpretation. Even when the individual condition of frontline
personnel shows no obvious abnormality (~PUA1), high-fatality outcomes are more fre-
quently observed when deficient organizational climate and failed corrective supervision
coexist. In other words, in serious-or-above chemical accidents, accident escalation may
result from the coupled failure of organization and supervision, rather than from frontline
operators themselves.

A comparison between US1 and US2 further clarifies their difference. In the three
MSCs of M4, M5, and M6, US1 appears in negated form (~US1). Severe consequences
may still occur when US2 is present or when other adverse conditions coexist. This means
that US1 and US2 are not synonymous. The former can be regarded as a process indica-
tor, reflecting whether supervisory actions are carried out, and can be directly observed
through external review. The latter can be regarded as an outcome indicator, reflecting
whether the supervisory loop actually closes the identified risk exposure. It is difficult
to capture through superficial compliance checks and plays a more important role in the
identified pathways.

At the level of Preconditions of unsafe acts, PUA2 appears in three pathways, namely
M1, M2, and Mé. This is related to the inherent hazards of chemical production environ-
ments and also suggests that improving the working environment may be more effective
in reducing severe consequences than merely emphasizing personnel conditions. The
benchmark analyses also provide convergent support for this interpretation.

4.2. Discussion of Hierarchical Transmission

From the perspective of cross-level transmission, PUA1 receives multiple upstream
inputs and transmits to UAO1, thus playing a hub role in this sample. However, it does not
enter any MSC leading to high-fatality outcomes in positive form. It should therefore be
viewed more as a channel through which upstream organizational and supervisory failures
affect the operational level. It externalizes latent conditions, but it is not the key switch
that determines whether an accident escalates into a high-fatality outcome. The factors that
truly drive consequence escalation remain the upstream deficiencies, which also indirectly
supports the HFACS assumption regarding unsafe acts.

UAO1 mainly acts as a terminal receiving endpoint. At the transmission level, it
is the common convergence point of multiple upstream pathways, but it does not enter
any configuration in positive form among the MSCs for high-fatality outcomes. Together
with the logistic benchmark in Table 5, where neither UAO1 nor UAQO2 is identified as a
significant positive predictor, these results indicate that operational errors are more likely
to be behavioral manifestations at the accident endpoint after upstream organizational and
supervisory failures are transmitted across levels, rather than core sufficient conditions
for explaining severe consequences. It is worth noting that UAO1 appears in 107 of the
121 cases, accounting for 88.43% of the sample, making it the most frequent variable.
However, this frequency advantage does not translate into core explanatory power in the
configurational sense. The high frequency of terminal operational errors more likely reflects
their high visibility in accident investigation narratives, rather than necessarily indicating
that they have the strongest independent causal status. It should be acknowledged that the
near-universal presence of UAO1 may limit its capacity to enter any discriminating MSC.
Nevertheless, the logistic benchmark in Table 5, in which UAOL1 is likewise non-significant,
provides independent support for the same interpretation.
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In an accident system involving hierarchical transmission, judging causal importance
solely on the basis of frequency can easily underestimate the structural role of upstream
organizational and supervisory factors and overestimate the independent explanatory
power of terminal behavioral factors.

4.3. Governance Implications

First, at the organizational level, the findings suggest that governance should give
greater attention not only to whether safety systems exist, but also to whether these systems
are embedded in enterprise decision-making processes. In practice, some enterprises
may have relatively complete safety management documents, yet safety requirements
can still be weakened under production pressure, schedule pressure, and cost constraints.
Therefore, enterprises should incorporate safety performance indicators into management
assessment systems, such as the reduction in recurring hazards, the implementation of
accountability for overdue rectification, and the effectiveness of closed-loop management
for major hazards. In chemical process settings, these indicators can be tied to the closure
of PHA/HAZOP recommendations, management-of-change follow-up actions, overdue
maintenance items, and repeated abnormal-operation records.

Second, the focus of supervision is to strengthen the closed loop of problem rectifica-
tion. The effectiveness of supervision does not depend on the number of inspections, but
on whether known problems are removed from the worksite in a timely manner. There-
fore, enterprises should establish mechanisms such as escalation for overdue rectification,
re-verification and closure of major hazards, and mandatory review of recurring prob-
lems. For hazards involving hazardous chemical storage, reaction units, hot work, and
confined-space operations, risk elimination should not be replaced merely by stating that
the issue has been included in a rectification plan. Compared with inspection coverage,
indicators such as the average closure cycle of major hazards, the overdue rectification rate,
and the recurrence rate of repeated problems can better reflect the actual control capacity
of the supervision level. For regulatory agencies, follow-up inspections should verify field
evidence of corrective actions, especially for repeated findings, overdue rectification items,
and deficiencies in safety-critical barriers such as alarms, interlocks, emergency isolation,
and ventilation.

Third, prevention at the level of work preconditions should focus on weakening the
amplifying effect of environmental conditions on accident consequences. The high-risk
nature of chemical accidents means that the production site itself is a critical component of
safety. Therefore, governance resources should be prioritized for improving the production
environment, such as reducing the amount of high-risk materials, implementing zoned
storage, and strengthening online monitoring. Compared with measures that rely solely on
personnel vigilance, these measures are usually more stable and easier to verify.

Finally, the focus at the behavioral level should not be limited to training and punish-
ment, but should pay greater attention to outcome indicators, such as the effectiveness of
training and whether operational error rates decrease. Repeated operational errors should
not be simply attributed to individual negligence. Instead, the organizational, supervisory,
and environmental conditions behind them should be traced in reverse.

5. Conclusions

This study proposed a Topic-Hierarchy Coincidence Analysis (T-H CNA) framework
to identify configurational pathways associated with high-fatality outcomes in serious-or-
above chemical accidents. By integrating BERTopic, HFACS, and CNA, the framework
transformed unstructured accident-cause narratives from 121 Chinese investigation reports
into hierarchical causal conditions and then identified cross-level sufficient configurations.
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The results show that 25 causal semantic themes can be consolidated into eight HFACS
categories, from which six three-condition minimally sufficient configurations for high-
fatality outcomes were obtained.

The key finding is that the sufficient configurations for high-fatality outcomes are not
formed by terminal operational errors alone. Instead, the identified configurations com-
monly include upstream organizational or supervisory conditions. Deficient organizational
climate and failure to correct known problems repeatedly appear as upstream endpoints
in the identified configurations and remain stable under stricter fatality thresholds. By
contrast, operational errors appear in 88.43% of cases but do not enter any sufficient configu-
ration, indicating that high frequency does not necessarily imply configurational sufficiency.
These results support a shift in process safety governance from treating frontline errors as
isolated causes toward identifying and interrupting upstream condition combinations that
are sufficient for high-fatality escalation.

This study also has several limitations. First, the sample of 121 cases remains moderate
at the granularity of HFACS second-level dimensions. The maximum faithfulness at the
ASF and CSF levels is only 0.644. Therefore, this study treats the robustly reproduced MSCs
and transmission pathways as the main findings and adopts a conservative interpretation of
the strength of evidence. Second, the binarization of variables leads to the loss of continuous
information on the number of fatalities and direct economic losses. Future research may
further extend this analysis by using multi-value or fuzzy-set CNA. Third, reliance on a
single corpus source may introduce narrative bias. Future studies may integrate in-depth
news reports, law enforcement records, litigation materials, insurance claim data, and
investigation reports from other regions to improve the external validity of the findings. In
addition, the T-H CNA framework provides room for incorporating other topic extraction
methods and different theoretical hierarchical frameworks, thereby supporting further
exploration of the boundaries of safety science research.
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