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Abstract

The two largest coal producers, China and the United States, operate markedly different
accident-reporting regimes, yet comparable cross-country evidence is scarce. We harmo-
nized 47,986 U.S. Mine Safety and Health Administration (MSHA) Part 50 records for
2011-2025, documenting reportable injuries, occupational illnesses and accidents, with Chi-
nese official statistics and a published 532-report structured dataset. Because the archives
report different objects, and China reports fatalities per million tonnes while U.S. report-
ing is event-based, we placed both on a common production-normalized basis, tested
correlates of fatal outcomes with chi-square statistics and Cramér’s V and benchmarked
four classifiers under explicit class-imbalance controls with SHAP attribution and leakage-
controlled narrative text. China’s rate fell from 0.564 (2011) to 0.045 (2025) while the U.S.
rate stayed flat (0.020 to 0.017), narrowing the gap from 28-fold to under 3-fold. U.S. fatali-
ties concentrated in powered haulage (31.2%) and machinery (25.9%); Chinese deaths were
dominated by gas explosions and outbursts (20.8 and 9.6 per event). Scrubbed narratives
raised cross-validated ROC-AUC from 0.892 to 0.966 and held-out PR-AUC from 0.049 to
0.252; a sensitivity analysis confirmed the composition findings under the Chinese dataset’s
severity bias. The framework supports screening-oriented risk triage of newly reported
events, not automated adjudication.

Keywords: coal mine safety; accident severity prediction; interpretable machine learning;
SHAP; accident report text mining; China—United States comparison

1. Introduction

Coal still supplies a substantial share of primary energy in both China and the United
States, and underground extraction remains exposed to roof failure, gas and dust explosions,
outbursts, water inrush and powered-haulage hazards. The two countries anchor the global
picture of coal mine safety: China produces roughly half of the world’s coal, and the United
States operates the longest-running mandatory accident-reporting system, the Part 50
program administered by the Mine Safety and Health Administration (MSHA) [1]. Both
systems have improved markedly. China’s official fatality rate per million tonnes of coal
(FRPMT) fell from 0.564 in 2011 to a historic low of 0.044 in 2021 [2-5], and annual U.S. coal
mine fatal events declined from 20 in 2011 to single digits in several recent years [1,6]. Yet
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the two trajectories diverge in instructive ways: China’s rate rebounded to 0.054 in 2022
and 0.094 in 2023 amid supply security-driven production pressure [7,8], before falling to
0.059 in 2024 and 0.045 in 2025 [5,7], while the U.S. trend flattened at a low level dominated
by single-victim events [6].

A large body of work has examined accident statistics within a single country. For
China, studies have characterized temporal and regional patterns of gas explosions [9-12],
extraordinarily severe accidents [13,14], fires and explosions [15], roof accidents [16], water
inrush [17], and human factor profiles of fatal events [18-20]. For the United States, retro-
spective analyses of MSHA data cover long-run disaster history [21] and panel regressions
of injury rates [22]. Two limitations persist. First, cross-country comparisons are usually
restricted to aggregate death tolls and fatality rates [23,24], because national archives differ
in granularity, definitions and accessibility; event-level, harmonized comparisons remain
rare. Second, the growing machine learning literature on accident severity [25-28] is domi-
nated by single-country road traffic applications, and mining applications rarely address
extreme class imbalance or open the black box, limiting regulatory usefulness.

Accident investigation reports also contain free-text narratives that encode causal
circumstances absent from structured fields. Text mining of such reports has matured in
construction [29] and in Indian coal mines [30], and keyword- or BERT-based extraction has
been applied to Chinese coal mine reports [31], but narrative information is seldom fused
with structured variables for severity prediction, and outcome leakage through narrative
wording is rarely controlled.

To address these gaps, this study harmonizes event-level U.S. MSHA Part 50 coal
records for 2011-2025 with Chinese official annual statistics and a published 532-report
structured accident dataset and pursues three research questions. RQ1: how do the two
countries differ in temporal trends, accident-type composition, and severity structure? RQ2:
which mine, worker and situational factors are associated with fatal outcomes, and with
what relative weight? RQ3: can machine learning models predict fatality risk accurately and
interpretably, and do report narratives add incremental predictive signal? The contributions
are threefold: (i) a transparent, auditable cross-country harmonization of public accident
data with explicit scope definitions; (ii) a dual-track design that pairs descriptive inference
(chi-square tests with Cramér’s V effect sizes) with interpretable machine learning under
extreme class imbalance (189 fatal events among 47,986 records), reported with precision—
recall metrics appropriate to a 0.39% prevalence; and (iii) a leakage-controlled text-mining
increment that quantifies what narratives add beyond structured fields. Section 2 reviews
related work; Section 3 details data and methods; Section 4 reports results; Section 5
discusses mechanisms, implications and limitations; Section 6 concludes.

2. Literature Review
2.1. Data-Driven Accident Analysis and Severity Prediction

Statistical characterization of mine accidents has a long tradition in both countries.
Chinese studies have documented the dominance of roof and gas accidents [9,23,32], the
role of unsafe behavior in gas explosions [18,20], and decade-scale declines driven by
consolidation of small mines and regulatory reform [8,14]. U.S.-focused work includes
the CDC'’s disaster history 1900-2006 [21] and a 36-year generalized-estimating-equation
panel of MSHA data linking mine type, tenure and injury characteristics to accident
rates [22]. Predictive modeling of injury severity has expanded rapidly in road safety, where
random forest, XGBoost and hybrid logit-ML designs are benchmarked with SHAP-based
interpretation [25-27]; mining-specific applications include roof-accident risk assessment
with ensemble models [16] and risk coupling analysis of gas explosions [33]. A recent
structured dataset of 532 Chinese mine accident reports (2010-2025) demonstrated the
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feasibility of full-element coding from official sources [24]. These studies establish that
ensemble learners handle the nonlinear, interactive structure of accident data better than
single regressions, but most report accuracy on balanced or moderately imbalanced targets,
which does not transfer to fatality prediction where the positive class is below 1%.

2.2. Cross-Country Comparison of Mine Accidents

Direct cross-country analyses are few. Wang et al. [23] compared accident types across
major coal producing countries using aggregated statistics and found that Chinese accidents
concentrate in roof and gas categories while U.S. fatalities concentrate in falls, haulage and
machinery. Fatality rate comparisons against production show China converging toward,
but still above, U.S. and Australian levels [23,24]. Comparative work on regulatory regimes
describes the U.S. inspectorate model with mandatory 15-min electronic reporting through
the Mine Data Retrieval System [1] and China’s evolution toward a national inspection,
local regulation and enterprise responsibility system, strengthened by the 2024 Coal Mine
Safety Production Regulation [34] and the ‘eight hard measures’ campaign against major
accidents [35]. What is missing is an event-level comparison built on a unified scope, in
which the same severity definitions and the same time window are applied to both archives,
with composition differences expressed as effect sizes rather than narrative description.

2.3. Text Mining of Accident Investigation Reports

Investigation narratives have been mined with latent Dirichlet allocation (LDA), key-
word extraction and transformer embeddings. In construction, LDA plus association-rule
mining over 1223 Chinese investigation reports recovered 24 causal topics spanning person-
nel, equipment, management and environment [29]. For Indian coal mines, LDA with rapid
automatic keyword extraction reproduced inspector-assigned accident classes and exposed
the root-cause structure [30]. KeyBERT-based coupling analysis has mapped disaster-
causing factor networks for six Chinese coal mine disaster types [31]. Pipeline-safety and
aviation studies similarly show that narrative co-occurrence structure carries causal infor-
mation that coded fields miss [36]. Two methodological issues remain under-addressed:
narratives are written after the outcome is known, so uncorrected text features can leak
the label into predictive models; and topic structures are rarely linked back to supervised
severity models to quantify incremental value. Both issues are handled explicitly here.

2.4. Research Gap and Positioning

In contrast to single-country event-level studies [9,16,22], this work applies one scope
definition and one analytical pipeline to two national archives. In contrast to aggregate
cross-country comparisons [23], it operates at event level on the U.S. side and links Chinese
composition statistics through an explicit harmonization table. In contrast to black box
severity models [25,27], every predictive claim is paired with SHAP-based attribution and
imbalance-appropriate metrics, and the text-mining increment is measured after scrubbing
outcome-revealing tokens, a control absent from prior report-mining work [29-31].

3. Data and Methods
3.1. Data Sources and Scope

U.S. data were taken from the MSHA Open Government Data portal, Part 50 ‘Acci-
dents’ file (arlweb.msha.gov/OpenGovernmentData /DataSets / Accidents.zip; accessed
1 September 2026; file version dated 28 August 2026), which covers operator-reported
accidents, injuries and occupational illnesses with quarterly updates and de-identified
records [1]. All records flagged as coal (COAL_METAL_IND = ‘C’) in calendar years
2011-2025 were retained, yielding 47,986 event-level records, each uniquely identified by a
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document number. A record is coded fatal when the injury degree field equals ‘01" (fatality);
189 records (0.39%) met this definition. Chinese data were assembled from three official
or peer-reviewed public sources: (i) the National Bureau of Statistics Statistical Commu-
niqués for 20112025, which publish the national coal mine FRPMT and, for most years,
the death toll [3-5,7]; (ii) the National Mine Safety Administration (NMSA) and Ministry of
Emergency Management releases on annual accident counts and policy campaigns [2,35];
and (iii) the tabulated composition of a peer-reviewed 532-report structured dataset of
Chinese mine accidents (2010-2025) constructed from NMSA and provincial emergency-
management publications [24]. Sources, fields, coverage and access dates are listed in
Table 1. No personally identifiable information is present in any source: MSHA records
are de-identified before release, and the Chinese sources are aggregate statistics or coded
reports without named individuals. All retrieval used public download endpoints without
bypassing access controls, and the processing pipeline is fully scripted for reproducibility
(Section 3.7). Because only publicly available, de-identified secondary data were used
and no human participants were recruited, the national measures for ethical review of life
science and medical research involving human participants do not apply to this study [37].

Table 1. Data sources, coverage and access dates.

Data Stream Source Coverage Level Access Date
. MSHA Open Government Data, 2011-2025, coal, Event-level,
US.accidentevents . 50 Accidents file n = 47,986 de-identified 1 September 2026

MSHA Mine Safety and Health At

U.S. context statistics a Glance [6] FY 2019-2025 Aggregate 1 September 2026
EIA Quarterly Coal Report, Table 1
U.S. production series (compiled from MSHA Form 2011-2025 Aggregate, official 1 September 2026
7000-2 operator returns) [38]
. . NBS Statistical Communiqués National FRPMT; -
China annual series 20112025 [3-5,7] deaths Aggregate, official 1 September 2026
China policy context NMSA /MEM releases [2,35] 2019-2025 Official releases 1 September 2026
. .. Published 532-report structured Coded reports,
China composition dataset [24] 2010-2025 published tables 1 September 2026

Two scope decisions require explicit justification. The window 2011-2025 is the longest
period over which both archives are simultaneously usable: continuous event-level U.S.
coverage in the form used here begins in 2011, the Chinese official FRPMT series covers the
same years, and the published Chinese structured dataset spans from January 2010 to June
2025. Extending the window further back would break common coverage on the U.S. side,
whereas shortening it would exclude the 2021-2023 rebound that is central to RQ1. The two
archives also differ greatly in size (47,986 U.S. records against 532 Chinese reports) because
they count different objects rather than different populations: a U.S. record documents one
reportable injury, illness or accident, whereas the Chinese dataset is a curated collection
of investigated accident reports, so the two counts are not comparable as sample sizes
and no statistical power is claimed for the Chinese side. U.S. coal production was taken
from the EIA Quarterly Coal Report, whose production series is compiled from the same
MSHA Form 7000-2 returns that underpin the accident file [38], so the numerator and the
denominator share a single reporting basis.

3.2. Cross-Country Harmonization

The two archives measure different objects: MSHA records every reportable injury,
illness and accident, whereas Chinese official series report fatal accidents and deaths.
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Harmonization therefore proceeded at three explicitly declared levels. Level 1 (rates):
rather than comparing Chinese FRPMT with U.S. fatal-event counts, which are not equiva-
lent, we recomputed the U.S. series on China’s basis, expressing U.S. fatalities as deaths
per million tonnes of coal from EIA production converted to metric tonnes (1 short
ton = 0.9071847 t) [38]; both countries are therefore placed on one production-normalized
scale before any comparison is drawn. A useful internal check follows from the per-
individual structure of U.S. reporting: the 189 records flagged fatal correspond exactly, year
by year, to MSHA's published annual coal mine fatality totals for 2011-2025 [1,6], so on
the U.S. side ‘fatal event’ and ‘death’ coincide numerically in this window, and we reserve
‘event’ for any record in the file, fatal or not. Level 2 (composition): the MSHA accident
classification shares of events and of fatal events were compared against the 532-report
dataset’s type shares [24], with the caveat that the latter describes investigated accidents
(Section 4.7). Level 3 (event-level modeling): it was performed on the U.S. archive only, be-
cause Chinese event-level public records with comparable covariate depth are not available;
this asymmetry is stated as a scope limitation rather than smoothed over. MSHA classifi-
cations were mapped to the Chinese ten-category taxonomy (roof, gas, transport, water,
fire, electromechanical, blasting, outburst, rock burst, other) for qualitative comparison; the
mapping table is provided in Supplementary Materials.

3.3. Descriptive and Inferential Analysis

Annual event and fatal-event counts, month-of-year and shift-period distributions,
state-level concentration and classification shares were computed for the U.S. archive;
FRPMT and death toll series were tabulated for China. Associations between candidate
factors (mine subunit, accident classification, accident type, occupation, activity, injury
source, underground location, mining method, state, shift period) and fatal outcome were
tested with Pearson’s chi-square; because significance is trivially attainable with n = 47,986,
Cramér’s V is reported as the effect size alongside p-values, and interpretation follows V
rather than p. Two-sided « = 0.05.

3.4. Severity Prediction Models

The prediction target was the fatal versus non-fatal outcome of U.S. coal mine events.
Predictors were restricted to attributes knowable at or immediately after occurrence, before
outcome ascertainment included calendar year, quarter, month and shift period; mine
subunit, underground location and mining method; accident classification and type; occu-
pation, activity and injury source; state; and total, mine-level and job-specific experience of
the most junior involved worker, with missingness indicators (values median-imputed and
clipped at 50 years). Post-outcome fields (nature of injury, injured body part, days lost) were
excluded to prevent leakage. Categorical levels with low frequency were collapsed into an
‘other’ level and one-hot encoded, yielding 126 features. Four classifiers were benchmarked:
logistic regression (class-weighted, standardized features), random forest (class-weighted,
300 trees, depth 14 [39]), gradient boosting (250 stages, sample-weighted) and XGBoost
(500 rounds, depth 6, scale_pos_weight equal to the negative-to-positive ratio [40]), plus an
XGBoost variant trained on SMOTE-resampled data (sampling ratio 0.3 [41]). Model selec-
tion used five-fold stratified cross-validation on an 80% train split; the held-out 20% test set
was evaluated once per model. Given 0.39% prevalence, primary metrics are ROC-AUC
and area under the precision—recall curve (PR-AUC); recall, precision, F1 and the Brier
score are reported at the Youden threshold estimated from out-of-fold training predictions.
Confusion matrices are reported in full so that false-positive burden is visible.

The imbalance is extreme and is handled in four explicit ways rather than by resam-
pling alone. First, because the positive class is 0.39% of records (189 of 47,986), overall
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accuracy is uninformative, as a null model already scores 99.6%; we therefore treat ROC—
AUC and PR-AUC as primary metrics and always read PR-AUC against its 0.004 preva-
lence baseline, so that a value such as 0.049 is understood as roughly twelve times the
no-skill level rather than as a failure. Second, imbalance is addressed inside every training
fold: logistic regression and random forest use balanced class weights, gradient boost-
ing and XGBoost use sample weights, and the XGBoost variant sets scale_pos_weight to
the negative-to-positive ratio, so no weighting is informed by the validation fold. Third,
SMOTE is applied only to the training partition of each fold and never to validation or
test data, so synthetic minority samples cannot leak into evaluation. Fourth, the decision
threshold is not tuned on the test set: it is the Youden point estimated from out-of-fold
training predictions, and confusion matrices at that threshold are reported in full, keeping
the false-positive burden visible. The consequence of the imbalance is reported rather than
hidden: at any operationally useful recall, precision remains between 0.02 and 0.03, because
a false-positive rate of only 2% already generates more false alarms than there are true fatal
events. This is why deployment is framed as enrichment for inspection triage rather than
as automated classification.

3.5. Interpretability

Feature attribution used SHAP (Shapley additive explanations) computed natively
from the XGBoost booster’s pred_contribs path on the held-out test set [42]. Global im-
portance is summarized as mean absolute SHAP values, and direction-of-effect is read
from beeswarm plots against normalized feature values. Attributions are interpreted as
associations within a predictive model, not as causal effects.

3.6. Narrative Text Mining

Free-text narratives accompany 47,700 records (99.4%). Because narratives are written
after the outcome is known, a scrubbing step replaced outcome-revealing tokens (e.g.,
‘fatal’, ‘died’, ‘deceased’, ‘killed’, “‘pronounced’) with a neutral placeholder before any
feature extraction; this step is the central leakage control and is reported as part of the
pipeline. Scrubbed texts were vectorized with TF-IDF (unigrams and bigrams, minimum
document frequency 15, 4000 features) and reduced to 40 latent components by truncated
SVD (15.9% cumulative explained variance). These text components were appended to
the structured feature matrix to measure the incremental value of narratives for severity
prediction with XGBoost under the same cross-validation protocol. Separately, LDA with
ten topics (batch learning, seed 42 [43]) was fitted on scrubbed narratives for thematic
analysis, and mean topic weights were contrasted between fatal and non-fatal events.

3.7. Reproducibility

Analyses ran on Python 3.12 (Python Software Foundation, Beaverton, OR, USA) with
pandas 2.3.2 (NumFOCUS, Austin, TX, USA), scikit-learn 1.7.2 (Inria, Paris, France) [44], XG-
Boost 3.4.1 (Distributed (Deep) Machine Learning Community; open source,
https:/ /xgboost.ai), imbalanced-learn 0.14.2 (Université de Lorraine, Nancy, France) and
SciPy 1.16.2 (NumFOCUS, Austin, TX, USA); all random seeds were fixed at 42. The
sensitivity analysis of the Chinese composition data (Section 4.7) runs in the same pipeline
and uses only the counts and mean death tolls published in the source dataset [24]. The
processing scripts, the event-level modeling table and per-figure source data accompany
this paper as Supplementary Materials (File S1) and in the data availability statement.
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4. Results
4.1. Temporal Trends (RQ1)

China’s FRPMT declined from 0.564 in 2011 to 0.044 in 2021, a 92.2% reduction, then
rebounded to 0.054 in 2022 and 0.094 in 2023 before falling to 0.059 in 2024 and 0.045 in 2025
(Figure 1a). Reported coal mine deaths followed the same arc: 1973 in 2011, 588 in 2015, 316
in 2019, a low of 178 in 2021, and a rebound to 245 in 2022 and 443 in 2023 [2-5,7]. In the
U.S. archive, reportable coal mine events fell from 6089 in 2011 to 1994 in 2025 (—67.3%),
and fatal events from 20 per year in 2011-2013 to 5 in 2020 and 8 in 2025 (Figure 1b). Both
countries therefore improved, but along different geometries: China’s curve is steep with
a policy-visible rebound during the 2021-2023 supply-security period, whereas the U.S.
curve is a long, flattening tail of single-victim events.

(a) China (NBS Statistical Communiqués) (b) United States (MSHA Part 50, coal)
2000 ~ Coal mine deaths (official) . 6000 Reportable accidents/events [ 20.0
—e— Fatality rate per Mt (FRPMT) | 0.5 © —m— Fatal events
~ S = 5000 ri7.5
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v 1500 A L oa = 7 <
2 % € 4000 - r15.0 3
g o g 8
1%}
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& 3 L1008
3 022 g 2000 4 Vs
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Figure 1. Temporal trends, 2011-2025. (a) China: coal mine deaths (bars) and fatality rate per
million tonnes of coal (line), from NBS Statistical Communiqués; 2024-2025 deaths derived from
FRPMT x raw-coal output. (b) United States: reportable coal mine accident events (bars) and fatal
events (line), event-level MSHA Part 50 records.

Placing the two countries on a single production-normalized scale changes the picture
in an important way. U.S. coal production fell from 993.9 to 479.4 million tonnes across the
window, so although U.S. fatalities declined from 20 to 8, U.S. fatalities per million tonnes
of coal were essentially flat, moving within a narrow 0.010-0.022 band and showing no
downward trend: 0.020 in 2011, 0.022 at its highest in 2013, 0.010 at its lowest in 2020, and
0.017 in 2025. The 2020 minimum reflects depressed output in that year rather than a step
change in safety, since the fatality count was also the lowest on record (5). China’s rate,
by contrast, fell by an order of magnitude over the same period. The two rates therefore
converged sharply even though only one of them genuinely improved: the ratio of the
Chinese to the U.S. rate narrowed from 28.0 in 2011 to 2.1 in 2021 and 2.7 in 2025. China’s
absolute death toll also fell, from 1973 in 2011 to 218 in 2025, on a raw-coal output that
grew from roughly 3.5 to 4.8 billion tonnes (Table 2). Read with Figure 1b, this indicates
that the U.S. record over 2011-2025 is one of declining exposure rather than declining risk
per unit of production, a reading that a comparison of FRPMT against fatal-event counts
would otherwise have concealed.

Table 2. Harmonized annual safety series. China: NBS Statistical Communiqués (2024-2025 deaths
derived from FRPMT x raw-coal output). United States: fatalities from MSHA Part 50 records, coal
production from EIA converted to metric tonnes (1 short ton = 0.9071847 t) [38]; the last column is the
ratio of the two, and Section 3.2 explains why U.S. fatal events and U.S. deaths coincide.

Year  ChinaFRPMT  China Deaths U.S.Events (n) U.S.Deaths (@) o> €04l U.S. FRPMT
Output (Mt)

2011 0564 1973 6089 20 993.9 0.02

2012 0374 1384 5105 20 922.1 0.022
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Table 2. Cont.
. . U.S. Coal
Year China FRPMT China Deaths U.S. Events (n)  U.S. Deaths (n) U.S. FRPMT
Output (Mt)

2013 0.293 1067 4670 20 893.4 0.022

2014 0.257 931 4547 16 907.2 0.018

2015 0.159 588 3608 12 813.7 0.015

2016 0.156 538 2830 8 660.8 0.012

2017 0.106 375 3022 15 702.7 0.021

2018 0.093 333 2836 12 686.0 0.017

2019 0.083 316 2820 12 640.8 0.019

2021 0.044 178 1954 11 523.8 0.021

2022 0.054 245 2210 11 539.0 0.02

2023 0.094 443 2244 9 524.3 0.017

2024 0.059 281 2163 10 465.0 0.022

2025 0.045 218 1994 8 479.4 0.017
4.2. Composition, Severity Structure and Geography (RQ1)

Composition differs sharply. In the U.S. archive, routine injury events are dominated
by handling of materials (26.7% of events), falls of roof or back (15.9%) and slips or falls of
persons (14.7%), but fatal events concentrate in powered haulage (31.2% of 189 fatal events),
machinery (25.9%) and falls of face, rib or highwall (14.3%) (Figure 2a). In the Chinese
532-report dataset, roof accidents are most frequent (19.9%) followed by transport (14.4%),
yet severity concentrates in gas explosions (mean 20.84 deaths per event), fires (15.45),
coal-dust explosions (10.33), water inrush (9.96) and outbursts (9.55) [24] (Figure 2b). The
structural contrast is consistent: U.S. fatalities arise chiefly from energy-exchange events
involving mobile equipment, typically one victim at a time, whereas Chinese mortality is
driven by low-frequency, high-consequence underground hazards. Geographically, U.S.
events concentrate in West Virginia (35.1% of events; 38.1% of fatal events), Kentucky
(16.4%; 17.5%) and Pennsylvania (12.3%; 10.6%) (Figure 3a); within-year seasonality is mild,
with a late-summer peak (Figure 3b). Chinese accidents cluster in the central and western
coal provinces, with Shanxi, Gansu and Inner Mongolia heading the 532-report dataset [24].

(a) US: accident classification (MSHA) (b) China: accident type
Handling Of Materials Roof
Transport

Fall Of Roof Or Back
Slip Or Fall Of Person Coal & gas outburst A

Handtools (Nonpowered)

Other Fire
Powered Haulage Water hazard -
Hoisting Roof fall 1

Electromechanical -

Machinery Gas explosion A
Mechanical injury A
Water inrush A

; Rock burst
Dust Disease Of Lungs Share of events Vehicle injury |
Disorders (Repeated Trauma) | ™= Share of fatal events Coal dust explosion - Share of accidents
T 1 T 1 T
0 10 20 30 0 10 20
Share (%) Share (%)

Figure 2. Accident composition. (a) U.S. accident classifications: shares of all events and of fatal
events (MSHA, n = 47,986 events; 189 fatal). (b) Chinese accident types by share, from the published
532-report structured dataset [24].
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(a) US events by state (top 12) (b) US within-year seasonality, 2011-2025
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Figure 3. Spatial and seasonal distribution of U.S. coal mine events, 2011-2025. (a) Events and fatal
events by state (top 12). (b) Month-of-year distribution of events.

4.3. Correlates of Fatal Outcomes (RQ2)

Chi-square tests with effect sizes (Table 3) show that accident classification is the
strongest situational discriminator of fatal outcome (x? = 529.7, p = 1.46 x 1019, Cramér’s
V = 0.105), followed by activity (V = 0.077), accident type (V = 0.068) and injury source
(V = 0.067). Occupation carried a smaller but clear signal (V = 0.048). Mine subunit
(underground vs. surface operations; V = 0.032), underground mining method (V = 0.020)
and shift period (V = 0.019) were statistically significant but weak, and state was not
associated with fatality share once event mix was accounted for (p = 0.98). The pattern
indicates that what the worker was doing and what energy source was involved matter far
more than where or when the event occurred.

Table 3. Chi-square tests of association with fatal outcome (n = 47,986; 189 fatal).

Factor X dof p Cramér’s V
classification 529.7 11 146 x 10719 0.105
activity 282.4 12 2.31 x 1073 0.077
accident type 224.7 12 251 x 10~4 0.068
injury source 217.5 12 7.94 x 10740 0.067
occupation 112.3 15 591 x 10~/ 0.048
subunit 49.7 8 4.72 x 1078 0.032
mining method (UG)  19.4 7 7.07 x 1073 0.02

shift period 16.7 4 221 x 1073 0.019

state 7.4 17 9.77 x 1071 0.012

4.4. Severity Prediction Performance (RQ3)

Cross-validated performance on structured features (Table 4) ranged from ROC-AUC
0.878 £ 0.013 (gradient boosting) to 0.919 & 0.011 (random forest); XGBoost achieved the
best cross-validated PR-AUC among non-resampled models (0.064 & 0.015) and SMOTE
resampling raised PR-AUC to 0.087 £ 0.037 at some cost to ROC-AUC stability. On
the held-out test set (9598 events, 38 fatal), ROC curves separated the models clearly
(Figure 4a), and the precision—recall view (Figure 4b) quantified the difficulty of the 0.4%
prevalence regime: at the Youden threshold the random forest recovered all 38 fatal events
at precision 0.005, gradient boosting achieved the best precision-recall balance (recall 0.71,
precision 0.026, F1 0.050), and XGBoost with SMOTE attained recall 0.87 with precision 0.021
(Figure 5). These numbers are reported deliberately: in this prevalence regime the models
are screening instruments that enrich fatal-event risk by roughly an order of magnitude
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over base rate, not standalone classifiers, and any deployment must budget for the implied

inspection load.

Table 4. Model performance: five-fold stratified cross-validation (mean + SD) and held-out test at

the Youden threshold.
CvV Test Test . .
Model ROC-AUC CV PR-AUC ROC-AUC PR-AUC Recall Precision F1
Logistic regression 0.902 +0.021 0.047 £ 0.014 0.878 0.026 0.947 0.009 0.018
Random forest 0.919 £ 0.011 0.062 = 0.020 0.929 0.039 1 0.005 0.009
Gradient boosting 0.878 +£0.013  0.037 £ 0.010  0.892 0.038 0.711 0.026 0.05
XGBoost 0.892 +0.019 0.064 4+ 0.015 0.905 0.049 0.921 0.012 0.023
XGBoost + SMOTE 0913 +£0.021 0.087 £0.037 0.916 0.044 0.868 0.021 0.041
XGBoost + text 0.966 + 0.008 0.219 +£0.053  0.966 0.252 - - —
(a) ROC curves (held-out test) (b) Precision-recall curves (held-out test)
1.0 T T 1.0 4 —— Logistic regression (AP=0.026)
s Random forest (AP=0.039)
e —— Gradient boosting (AP=0.038)
0.8 ’/’ 0.8 - —— XGBoost (AP=0.049)
o P —— XGBoost + SMOTE (AP=0.044)
= L
Y 0.6 - 5 0.6 1
== ’ @
3 b
2 0.4 1 a 0.4 4
g
= /" = Logistic regression (AUC=0.878)
0.2 L Random forest (AUC=0.929) 0.2 A
/” —— Gradient boosting (AUC=0.892)
o —— XGBoost (AUC=0.905) &I ;mp
004 ¥ —— XGBoost + SMOTE (AUC=0.916) 0.0 -8 =0 e
OTO Of2 074 O.I6 O.IB 1.IO O.IO O.I2 O.I4 Of6 0:8 1:0
False positive rate Recall
Figure 4. Held-out test-set discrimination (9598 events, 38 fatal). (a) ROC curves. (b) Precision-recall
curves; the dashed line marks outcome prevalence (0.004).
(a) Gradient boosting @ Youden threshold (b) XGBoost + SMOTE @ Youden threshold
Non-fatal 1007 Non-fatal 1522
o ]
Q e
o )
o ©
3 3
= =
Fatal 13- 27 Fatal 5 33
Non—lfatal Faltal Non—lfatal Faltal
Predicted label Predicted label

Figure 5. Confusion matrices at the Youden threshold estimated from out-of-fold training predictions.
(a) Gradient boosting. (b) XGBoost with SMOTE.

4.5. SHAP Attribution (RQ3)

Global SHAP importance for the ten highest-ranked features (structured XGBoost)
is listed in Table 5. SHAP attribution of the structured XGBoost model (Figure 6) ranked
the material-handling classification first (mean |SHAP | = 1.20): its high SHAP values
were associated with low feature values, i.e., events outside material handling carried
elevated fatality risk, consistent with the descriptive finding that material handling domi-
nates minor-injury volume but only 0.5% of fatal events. The three experience measures
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followed (0.88-0.93), with shorter total, mine-level and job-specific experience pushing
predictions toward fatal, and missing experience records forming a distinct risk profile. Cal-
endar year and month captured the declining baseline risk and seasonal residual. Among
hazard classes, falls of roof or back and slip/fall events carried positive fatal attribution,
continuous mining as the underground method added risk, and the roof-bolter occupation,
the trade most exposed to the roof-fall energy source, ranked within the top fifteen. The
attribution structure is therefore coherent with domain knowledge rather than an artifact

of feature noise.

Table 5. SHAP global importance, top 10 features (structured XGBoost, held-out test set).

Rank Feature Mean | SHAP |
1 Class: handling of materials 1.204
2 Total experience (yr) 0.925
3 Job experience (yr) 0.922
4 Mine-site experience (yr) 0.879
5 Calendar year 0.47
6 Month of year 0.464
7 Activity: other 0.397
8 Class: fall of roof or back 0.344
9 Experience not reported 0.323
10 Class: slip or fall of person 0.32
(a) Global importance (top 15) (b) Beeswarm (color = feature value)
Class: Handling of Materials -=== Class: Handling of Materials - - Sammmme"
Total experience (yr) —== Total experience (yr) =
Job experience (yr) -== Job experience (yr) -
Mine-site experience (yr) -== Mine-site experience (yr) —
Calendar year -= Calendar year —
Month of year -= Month of year —
Activity: Other -= Activity: Other =
Class: Fall of Roof or Back —= Class: Fall of Roof or Back =
Experience not reported -= Experience not reported —
Class: Slip or Fall of Person —= Class: Slip or Fall of Person =
Mining method: Continuous Mining —= Mining method: Continuous Mining -
Class: Handtools (non-powered) -= Class: Handtools (non-powered) — o
Shift: morning-06-12 —= Shift: morning-06-12 =
Occupation: Roof bolter (MRS) —= Occupation: Roof bolter (MRS) -
Injury source: Other '= Injury source: Other —
0:0 015 110 —I4
Mean |SHAP value| SHAP value (impact on fatality log

Figure 6. SHAP attribution of the structured-feature XGBoost model on the held-out test set. (a) Mean
absolute SHAP values, top 15 features. (b) Beeswarm plot; point color encodes the normalized

feature value.

4.6. Narrative Text: Themes and Predictive Increment (RQ3)

Adding scrubbed narrative components raised cross-validated ROC-AUC from
0.892 £ 0.019 (structured-only XGBoost) to 0.966 + 0.008 and cross-validated PR-AUC
from 0.064 to 0.219; on the held-out test set PR-AUC increased from 0.049 to 0.252, roughly
64 times the 0.004 prevalence baseline (Table 4). Because outcome-revealing tokens were
scrubbed before vectorization, this increment reflects situational and causal wording rather
than label leakage. LDA themes separated cleanly along severity lines (Figure 7); as in
the caption, every pair of topic weights quoted below gives the fatal-narrative value first.
Topics loading on mobile equipment and haulage (0.297 in fatal narratives versus 0.129
in non-fatal) and on shaft/elevator service (0.135 versus 0.046) were weighted more heav-
ily in fatal narratives, whereas topics loading on hand laceration (0.139 versus 0.199),
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Mean topic weight

musculoskeletal pain (0.025 versus 0.175) and occupational disease (0.022 versus 0.057)
were weighted more heavily in non-fatal narratives; the roof-and-rib topic sat between the
two groups (0.157 versus 0.140), mirroring its mixed severity profile in Table 2. The text
stream thus supplies both an interpretable thematic layer and a large, leakage-controlled
predictive increment.

0.05 A

Bl Fatal-event narratives
B Non-fatal narratives

Latent topic (LDA, k = 10)

Figure 7. LDA topic structure of scrubbed accident narratives (k = 10): mean topic weights in fatal-
event narratives (dark bars) versus non-fatal narratives (light bars). Wherever a pair of topic weights
is quoted in the text, the fatal-narrative value is given first.

4.7. Sensitivity of the Chinese Composition Data to Severity Bias (RQ1)

The Chinese structured dataset is a collection of investigated accidents and therefore
over-represents severe events, which limits what its composition can say about the full
accident spectrum; we address this directly rather than by assertion, in three steps. First, we
quantify the coverage gap. Summing the type-level counts in the published table weighted
by their mean death tolls implies roughly 2266 deaths, against 9095 officially reported
Chinese coal mine deaths for 2011-2025 [2-5,7], so the dataset documents about a quarter
of recorded fatalities; it is a severity-enriched subsample rather than a census. Second,
we test whether the dataset is nevertheless confined to catastrophic events, and it is not:
65.6% of its entries are general-grade accidents, 17.1% are major, 16.0% are comparatively
major and only 1.3% are extraordinarily severe, and the mean death toll is 4.6 per accident
with a median of 1 [24]. The dataset is therefore biased toward investigated cases without
being a disasters-only collection, which bounds the direction and the rough size of the
distortion. Third, and most importantly, we separate the two kinds of statistic that this
paper draws from the dataset. Frequency shares are sensitive to severity enrichment, but
conditional statistics such as deaths per event within an accident type are not, because they
are computed inside a category rather than across the sampling frame. Table 6 shows the
consequence: the ranking by event frequency (roof, transport, electromechanical) is nearly
the reverse of the ranking by implied deaths (gas explosion, coal and gas outburst, fire,
water inrush), and the divergence survives an explicit worst-case reweighting in which
each type is weighted by the reciprocal of its mean death toll, which removes severity
enrichment by construction. Under that reweighting, the frequency ranking shifts further
toward low-consequence types, while the high-consequence mean death tolls that carry the
paper’s severity claim are unchanged, because they are conditional on type. One reporting
detail of the source dataset should be noted: its type table assigns counts to 13 named
categories, and the percentages printed there use a different denominator, so we work from
the counts and mean death tolls themselves throughout.

https://doi.org/10.3390/pr14193115


https://doi.org/10.3390/pr14193115

Processes 2026, 14, 3115

13 of 18

Table 6. Sensitivity of the Chinese composition data to severity enrichment. Counts and mean
death tolls are as published [24] for the 13 accident types tabulated there, and implied deaths is their
product; the published percentages in that table use a different denominator, so counts are used
here. The final column reweights each type by the reciprocal of its mean death toll to emulate a
severity-neutral sampling frame.

. Severity-

Accident Type Events (n) 1{\)/[:;1}115 /Event z:;phed Deaths Rank by Events Frf\;i(l:dy Deaths Neutra})
Share (%)

Roof 113 2.01 227 1 5 21.8
Transport 82 1.20 98 2 7 26.5
Electromechanical 39 1.00 39 3 10 15.1
Coal and gas outburst 38 9.55 363 4 2 15
Gas explosion 32 20.84 667 5 1 0.6
Mechanical injury 27 0.41 11 6 13 25.5
Water inrush 26 9.96 259 7 4 1.0
Fire 20 15.45 309 8 3 0.5
Water hazard 18 6.22 112 9 6 11
Roof fall 12 1.00 12 10 12 4.7
Rock burst 11 7.09 78 11 8 0.6
Vehicle injury 8 3.62 29 12 11 0.9
Coal dust explosion 6 10.33 62 13 9 0.2
Total 432 - 2266 - - 100.0

(a) Production-normalized fatality rate

The Chinese claims are restricted accordingly: the composition statistics describe the
severity structure of investigated accidents, and we make no claim that the event-frequency
shares in Figure 2b or Table 6 approximate the full population of Chinese coal mine
accidents. The rate comparison in Section 4.1 and Figure 8 is unaffected, being built on the
official national series rather than on the structured dataset, and the harmonized conclusion
that Chinese mortality is concentrated in high-consequence underground hazards is if
anything strengthened by the correction, since over-sampling of severe accidents would
imply an even lower true frequency for gas explosions and outbursts while leaving their
conditional lethality intact.

(b) Ratio of the two rates

1 30

- —e— China (NBS) 28.0
3 —=— United States (EIA/MSHA)
o 0.5-4 25 |
o
. "
4] 2
£ 0.2 8 201
[e] (%]
= o
< [0}
2 01 £ 151
E 0.05 *
g @ 10
n <
0 (@)
=) 4
5 002 5 21
P 2.7x

00l4—pr——"F—"—"+F—"F—®—F+————— | = eeealeeenbesaad o e e et el o

2012 2014 2016 2018 2020 2022 2024

2012 2014 2016 2018 2020 2022 2024

Year Year

Figure 8. Production-normalized comparison, 2011-2025. (a) Coal mine fatalities per million tonnes
of coal; China (circles) from the official NBS series, and United States (squares) computed as annual
fatalities divided by EIA coal production, so both are on one scale. Note the logarithmic axis. (b) Ratio
of the Chinese to the U.S. rate; the dashed line marks parity. Values are listed in Table 2.

5. Discussion

The harmonized comparison answers RQ1 with a structural asymmetry that aggregate
fatality rates alone conceal. China’s risk profile remains dominated by catastrophic under-
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ground energy releases, so progress depends on suppressing low-frequency, high-death
toll events; the 2022-2023 rebound coincided with production-pressure conditions that
official commentary linked to over-capacity operation and concealed hazards [8,35], and the
subsequent decline followed the 2024 regulatory tightening [34,35]. The U.S. profile is the
opposite: a dispersed tail of single-victim equipment events in which powered haulage and
machinery account for over half of fatal events, a pattern stable across the study window
and consistent with long-run analyses of MSHA data [21-23]. The production-normalized
series adds a second and less comfortable reading. Measured per million tonnes of coal,
U.S. fatal risk was flat across 2011-2025 while Chinese risk fell by an order of magnitude, so
the convergence from 28-fold to below 3-fold reflects Chinese improvement rather than U.S.
progress; the absolute decline in U.S. fatalities is real, but it tracks a 52% contraction in coal
production, and per unit of coal mined the underlying hazard has not changed materially.
The distinction matters for policy transfer, because a regulator reading only incident counts
may mistake reduced exposure for reduced risk. For RQ2, effect sizes order the levers
clearly: the immediate work activity and the involved energy source outweigh geography
and shift timing, and worker experience operates as a continuous gradient rather than a
threshold effect, echoing human-factor analyses of Chinese gas explosions [18,20] and U.S.
panel findings on mine-tenured workers [22]. For RQ3, class-imbalanced ensemble mod-
els are viable fatality-risk screeners, and the SHAP structure recovered domain-plausible
drivers without being tuned toward them; the large narrative increment shows that the
circumstances inspectors choose to record carry most of the discriminating signal, which
argues for preserving and standardizing narrative fields in reporting systems [24,30].

Three implications follow. For regulators, fatality-risk screening can prioritize in-
spection queues: a model with test recall 0.71-0.87 at precision 0.02-0.03 concentrates
fatal-event likelihood roughly 10-fold over base rate, which is operationally meaningful
when inspection capacity is rationed, provided the false-positive load is accepted explicitly.
For training programs, the experience gradient and the roof-bolter and continuous-mining
signals point to task-specific mentoring for new and transferred workers rather than generic
safety courses. For technical prevention, the U.S. pattern argues for proximity-detection
and collision-avoidance retrofits on mobile equipment, while the Chinese pattern continues
to argue for gas drainage, ventilation reliability and outburst prediction in deep or gassy
seams [9,10,16].

The prospective value of the framework needs to be stated precisely, because it is
built on historical accident records and cannot forecast accidents that have not happened.
What it offers is not forecasting but triage. When a new reportable event is entered into
a system such as Part 50, its structured fields and its scrubbed narrative can be scored
immediately, and events whose score falls in the top decile of predicted fatality risk can be
routed to inspection, follow-up or learning-review queues ahead of the routine backlog.
The retrospective archive supplies the mapping from event characteristics to outcome
that makes this prioritization possible; the prospective step is the deployment of that
fixed mapping on incoming events, which is why the design is described as screening-
oriented risk triage and not as early warning of future accidents. Two conditions bound
the mechanism: the model enriches lethal-event risk roughly ten-fold over base rate rather
than separating fatal from non-fatal events, so what it allocates is scarce inspection capacity
rather than a binary decision; and the text increment is measured only after outcome-
revealing tokens have been scrubbed, which removes the most obvious channel by which a
post hoc narrative might otherwise appear predictive. The abstract and the conclusions
have been revised to describe screening-oriented risk triage in place of the earlier wording,
which overstated the mechanism.
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Several limitations bound these claims. First, the comparison is asymmetric by neces-
sity: Chinese event-level public records with covariate depth comparable to MSHA do not
exist, so modeling was performed on the U.S. archive and the Chinese side contributes rates
and composition; findings about predictors should not be projected onto Chinese mines.
Second, MSHA captures operator reports under Part 50, so under-reporting of minor events
is possible, which would bias prevalence but is less likely to distort fatal-event covariates;
because the EIA production denominators are drawn from the same MSHA Form 7000-2 re-
turns, the numerator and denominator share any reporting bias in that system even though
the two are internally consistent. Third, the 532-report Chinese dataset over-represents
investigated, and therefore more severe, accidents [24]; Section 4.7 quantifies the resulting
coverage gap and shows that the paper’s conditional severity statistics are insensitive to it,
but frequency shares for China should still be read as describing investigated accidents only.
Fourth, with 189 fatal events, PR-AUC estimates carry wide uncertainty (cross-validated
SD up to 0.04), and model rankings should be read as indicative. Fifth, narrative scrubbing
is conservative but cannot remove all indirect outcome cues, so the text increment is an
upper bound of the deployable value. Finally, all attributions are associational; no causal
claim is made about any single factor.

6. Conclusions

Using harmonized public accident data for 20112025, this study shows that, measured
per million tonnes of coal, Chinese coal mine fatality risk fell from 0.564 in 2011 to 0.045 in
2025 with a rebound peaking at 0.094 in 2023, while U.S. risk remained essentially flat (0.020
to 0.017) even as reportable accidents declined by two-thirds and fatalities fell from 20 to §;
the ratio between the two rates therefore narrowed from 28-fold to below 3-fold, and the
U.S. decline in absolute fatalities reflects contracting production rather than a lower hazard
per unit mined (RQ1). Fatal risk in the U.S. archive concentrates in powered haulage (31.2%
of fatal events) and machinery (25.9%), and correlates most strongly with what the worker
was doing and which energy source was involved (Cramér’s V up to 0.105), with worker
experience acting as a graded protective factor (RQ2). Interpretable ensemble models
predict fatal outcomes at cross-validated ROC-AUC up to 0.919 on structured data and
0.966 with leakage-scrubbed narratives, and SHAP attribution recovers domain-consistent
drivers, supporting screening-oriented risk triage of newly reported events rather than
automated judgment (RQ3). A sensitivity analysis of the investigated-accident bias in
the Chinese dataset confirms that the conditional severity results are robust to it, while
restricting what its frequency shares can claim (RQ1). The harmonization protocol, leakage
controls and reporting template transfer directly to other jurisdictions with public accident
archives, and the contrast between the two national risk profiles, catastrophic-hazard
suppression in China versus mobile-equipment control in the United States, gives each
regulator a mirror in which its own priorities become visible.
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/ /www.mdpi.com/article/10.3390/pr14193115/s1, S1: Classification mapping (MSHA — Chinese
ten-category taxonomy); S2: Full SHAP importance ranking (top 25); S3: LDA topics: full keyword
lists and severity contrast; S4: Month-of-year distribution of U.S. coal mine events, 2011-2025; S5:
Robustness and pipeline notes; S6: Sensitivity of the Chinese composition data to severity enrichment
(Table S1). File S1. Source_Data_Workbook.
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