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Abstract

Routine microseismic monitoring records event time, location and energy, yet converting
these data into interpretable guidance for mine inspection remains difficult. We combine
Tabular Prior-Data Fitted Networks (TabPFN) with permutation SHapley Additive exPlana-
tions (SHAP) to estimate whether a high-energy microseismic event will occur in the same
grid within 24 h, thereby supporting rockburst risk screening without directly predicting
rockburst occurrence or damage. We aggregated 9116 events into 3298 grid-time samples
described by 28 energy, temporal-activity and spatial-distribution variables. Samples were
divided chronologically using 48 h buffers, and thresholds were selected only from valida-
tion data. On the held-out test period, TabPFN achieved the highest observed areas under
the receiver operating characteristic and precision-recall curves (ROC-AUC 0.8064; PR-AUC
0.5330) and the lowest Brier score (0.1190) among six classifiers. Four controlled semi-
synthetic domain-shift tests produced TabPFN ROC-AUC values of 0.6992-0.7752. SHAP
identified preceding-window cumulative energy and event count as the leading contributors,
with stable rankings under expanded sampling. The framework therefore links grid-level
screening to monitoring quantities that engineers can inspect. These semi-synthetic re-
sults are stress tests rather than independent-mine validation, and no transferable warning
threshold is claimed.

Keywords: rockburst risk; microseismic monitoring; TabPFN; explainable artificial
intelligence; SHAP; spatiotemporal aggregation; high-energy event; tabular data

1. Introduction

As coal extraction extends to greater depths, high in-situ stress interacts with longwall
advance, roadway excavation and geological structures. These processes can increase the
likelihood of dynamic failure around mining openings. Rockburst is commonly associated
with the sudden release of stored strain energy [1,2] and can damage the coal-rock mass,
support systems and mining infrastructure. The interaction of stress redistribution, mining
disturbance and material properties makes it difficult to assess this hazard with one indicator
or empirical criterion [3].

Data-driven approaches have expanded the range of information used in rockburst
assessment. Early work combined microseismic indicators through fuzzy comprehensive
evaluation [4]. Supervised methods subsequently included support vector machines, neural
networks and decision trees for case-based classification [5,6], alongside Bayesian inference
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with incomplete observations [7]. More recent studies have investigated microseismic-
based prediction of rockburst intensity [8], deep-learning analysis of multiple monitoring
signals [9], and multi-task warning of coal mine hazards [10]. Reviews document these
developments and their different data requirements [11,12].

The closest recent studies also illustrate the difference between the present task and
established case-based prediction. Wang et al. used 88 cases with surface displacement,
mining speed and face-advance variables to classify high-energy microseismic levels with a
back-propagation neural network [13]. Kadkhodaei and Ghasemi used 93 labelled rockburst
cases and six cumulative or rate-based microseismic indicators to train optimised random-
forest models and interpret them with SHAP [14]. These studies show that monitored
precursors can support short-term assessment, but their units of analysis are event/case
records with additional engineering variables or labelled rockburst severity. They do not
address repeated same-grid forecasts constructed from a continuous five-field event stream,
nor do they test that setting with a chronological future period and a separately selected
operating threshold. The practical question addressed here is therefore how a mine can use
a basic event record to update local microseismic screening results and explain the basis of
each alert.

However, many existing intelligent rockburst studies use curated engineering case
tables, for which the sample size, available indicators and risk classes are constrained by the
completeness of site records [5,7]. These datasets are useful for comparing risk between
cases, but they do not directly represent how microseismic activity evolves within one
mine as extraction progresses. For field warning, a model must update local risk estimates
as new monitoring observations arrive. A risk class or probability is also difficult to use
on site unless engineers can inspect whether the judgement arises mainly from energy
accumulation, changing event activity or increasing spatial concentration [15].

Microseismic monitoring records the timing and location of local energy release and is an
important source of information for rockburst-related assessment [4,16,17]. Its uses extend
beyond Chinese coal mines. Seismic tomography has been used to update fracture-zone
interpretations during deep block caving in Indonesia [18], while source parameters and
legacy three-dimensional seismic data have been combined to examine rockburst-related
structures at Kloof Gold Mine in South Africa [19]. In a broader seismic-prediction setting,
Dzhangirov et al. compared linear inversion and neural methods for reservoir-property
prediction in Kazakhstan [20]. These international examples address different commodities
and prediction targets, but they show how monitoring interpretation depends on mining
geometry, geology, network support and the intended decision.

Studies have also combined microseismic observations with acoustic emission and
electromagnetic radiation for multi-level warning [21] and for recognition of interfering
signals [22]. Automatic event-location methods can improve the preparation of moni-
toring data [23]. Related coal mine applications include reliability-constrained evidence
fusion [24], explainable coal-gas risk identification [25], and knowledge-augmented recog-
nition of outburst precursors [26]. Coal-and-gas outburst is not the same hazard as rock-
burst: the cited studies are included only because they show how heterogeneous monitoring
signals can be represented, fused and explained under changing operating conditions. They
are not treated as evidence that a rockburst model has been validated. Recent acoustic-
emission research likewise showed that warning information may be expressed through
temporal reorganisation rather than a simple change in raw amplitude [27].

Multi-source systems require compatible sensors and sufficiently complete records.
The information consistently available in the present study consists of event time, location
and energy. Point-cloud approaches have shown that such event streams contain useful
spatiotemporal structure [28]. Nevertheless, an individual event is not a complete regional
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state sample. We therefore describe the recent energy, activity and spatial state within a
grid and ask whether a high-energy event follows in that grid.

Spatiotemporal aggregation provides cumulative energy, event rate, inter-event intervals
and measures of spatial spread [29]. Event rate and cumulative energy are established
monitoring quantities in mining seismology [30]. Other work has examined frequency—
magnitude relationships and stress dependence [31,32], as well as time-varying acoustic-
emission characteristics of coal with different burst proneness [33]. Field studies also
support combining multiple microseismic descriptors [34]. Using the available event fields,
we calculate descriptors over two adjacent historical windows and learn their association
with future high-energy activity.

We use Tabular Prior-Data Fitted Networks (TabPFN) because a long event record does
not necessarily yield a large labelled training set. After regional aggregation and chronological
splitting, the baseline training set contains 2110 samples, including 341 future-high-energy
positives. Training a large task-specific network is difficult to justify from this amount of
site data alone. TabPEN instead uses a Transformer pre-trained on tabular prediction tasks
and conditions its predictions on labelled examples from the current problem [35,36]. It is
therefore a candidate for using nonlinear relationships in a modest-sized numerical dataset
without training a deep network from scratch at each site.

Gradient-boosted trees remain strong alternatives for this type of data [37,38]. TabPFN
is not assumed to solve class imbalance [39], temporal dependence or changes in mining
conditions by itself. Those issues are addressed through sample construction and evaluation.
The question tested here is whether pre-trained tabular inference is useful for daily screening
of recently active grids, compared with established classifiers using the same historical
descriptors. SHAP adds an inspectable explanation of the monitoring information used,
rather than an improvement to the classifier’s predictions.

A probability alone does not show which changes in microseismic activity produced
an alert; explaining individual predictions has become a general problem in the applica-
tion of black-box models [40,41]. To make the basis of model decisions inspectable, we
use SHapley Additive exPlanations (SHAP) to decompose an individual probability into
contributions from the input descriptors and to summarise the information repeatedly used
across test samples [42]. Because TabPFN has neither directly readable linear coefficients
nor a tree-split structure, we use model-agnostic permutation SHAP, following related
work on the interpretation of TabPFN models [43]. The probability output can therefore be
related to observable states such as energy accumulation, event activity and spatial concen-
tration; interpretable machine-learning methods have likewise been applied to short-term
rockburst risk prediction from monitored microseismicity, lending support to this line of
reasoning [44].

We address four practical questions. Can basic microseismic event information alone be
transformed into a repeatable short-horizon risk proxy? Does TabPFN improve probability
ranking and calibration relative to competitive tree ensembles and simple baselines under
chronological testing? Which derived descriptors drive the fitted model, and are the leading
descriptors stable when the SHAP explanation sample changes? Do the main conclusions
depend on a particular history window, grid size or high-energy threshold?

The main methodological contributions are as follows:

1. Discrete microseismic events are reconstructed as local grid-time state samples. Energy
release, event activity and spatial distribution are aggregated within each grid-time
unit, so the model represents the recent state of local microseismic activity rather than
treating one event as a complete prediction case.

2. A TabPFN-SHAP method is proposed for short-horizon high-energy microseismic
screening. Pre-trained tabular inference is evaluated under limited site-specific train-
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ing data, while permutation SHAP relates the output to energy, activity and spatial
descriptors that engineers can review.

3. Evaluation follows the sequence of fitting a model and screening a later monitoring
period. Historical-only predictors, chronological splitting and boundary buffers reduce
information sharing between subsets. Validation-selected thresholds and reporting
of missed positives, false positives and alert workload connect the comparison to the
practical demands of site review.

2. Materials and Methods
2.1. Microseismic Data and Prediction Target

Longwall advance and roadway excavation in deep coal mines continually alter the stress
and fracture activity of the surrounding coal-rock mass. Field microseismic systems provide
a basic record of this evolution by continuously logging event time, location and energy.
Owing to the monitoring configuration and completeness of the available records, these
were the fields that could be obtained consistently throughout the study period. A single
event represents only one local energy release at a particular time and location and cannot
constitute a complete risk case. We therefore organised the continuous event observations
into spatial-temporal samples that describe the recent state of a local region.

The data were obtained from the 615 working face of Longjiabao Coal Mine in Jilin
Province, China. The face lies between the —1010 and —1050 m mining levels, at a reported
mining depth of 1139.8-1233.5 m. It extracts the combined No. 2 and No. 3 seams, with a
working thickness of 9-13 m (12.5 m on average). The panel is approximately 463 m along
strike and 178 m along dip; seam dip ranges from 10° to 20°, with an average of 15°. Mining
uses a retreating strike-longwall, fully mechanised top-coal-caving method, and the roof is
managed by total caving. The engineering information in this subsection was supplied by the
mine data owner and is not publicly available because of site-confidentiality requirements.

The basic roof comprises mainly sandstone, tuff and conglomerate, whereas the immedi-
ate roof is dominated by mudstone and siltstone. Three normal faults with reported throws
of 1, 5 and 6 m intersect or influence the face, and small undulating folds are also present.
The combined coal seam and its roof were assessed as having weak burst proneness, the
floor as having no burst proneness, and the face as having medium rockburst hazard. For
regional dynamic-load monitoring, two geophones were installed in each of the transport
and return gates, at nominal along-roadway intervals of 300-500 m; the sensors were repo-
sitioned outward as the face advanced so that the array continued to enclose the active
face. The microseismic system returned event occurrence time, source location and released
energy, which are the fields analysed here. The technical material available to this study
does not state the equipment manufacturer and model, acquisition sampling rate, location
algorithm or uncertainty, or verified system-uptime record; these quantities are therefore
not inferred.

After basic quality control (parsing occurrence times, coercing coordinates and energy to
numeric values, removing rows with missing core fields or duplicate records, and retaining
only positive-energy events), the catalogue contains 9116 records. Each event contains
five basic fields: occurrence time, x, v, z and recorded energy. The monitoring interval
extends from 21 August 2022 to 5 January 2025. The coordinate ranges are 69,271-70,336 m
inx, 72,814-73,949 m in y, and —1179 to —448 m in z; recorded energy ranges from 39 to
2247 x 10°7.

The model-input table does not include grid-specific stress measurements, geological
annotations, excavation progress, support response, damage observations or rockburst
grades. The analysis is therefore based on the event stream and the descriptors derived
from it; the site description above supplies engineering context but is not used as a predictor.
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We defined the prediction target as whether the same spatial grid contains a high-energy
microseismic event during the following 24 h. Given the recent microseismic state of a
grid, the model estimates the probability of that event-based outcome during the next
day. The resulting probability provides a proxy indicator for short-horizon rockburst risk
screening [45]. It does not represent engineering damage, injury, rockburst occurrence or a
rockburst grade that can be transferred directly to another site.

Throughout this paper, prediction refers only to the future high-energy microseismic
event defined above. The model output, p, -, is therefore called the predicted high-energy-
event probability. Screening means using this probability to prioritise eligible grids, and a
screening flag is generated when the probability exceeds the validation-selected threshold.
Rockburst risk screening describes the intended engineering use of the probability and flag
after review with other site information; it is not the model’s directly observed outcome. A
high-energy event is not equivalent to a damaging rockburst, and the absence of the proxy
event is not evidence that a location is safe. Without matched rockburst observations, the
study cannot estimate sensitivity or false-alarm rates for actual rockbursts.

Figure 1 summarises the microseismic data in three connected parts: temporal energy
evolution, three-dimensional event location, and a statistical overview comprising the
energy distribution and monthly event count. The event density along the time axis is
uneven: some periods are densely recorded, whereas others are sparse or contain long
gaps. Such gaps may reflect monitoring interruptions, changes in the excavation stage or
changes in recording conditions, and should not automatically be treated as periods with
no microseismic activity. If sample windows were allowed to cross unobserved intervals,
the model could treat missing monitoring time as normal low activity, which would affect
both feature calculation and validation. Therefore, timestamp-defined monitoring blocks
are identified before sample construction, and purge intervals are placed around train-
validation-test boundaries to reduce window overlap and misuse of future information.

The analysis shows how far the routinely recorded event stream itself can be used.
Time was used to order events, detect monitoring continuity and define historical and
forecast windows. The three coordinates were used to assign events to spatial cells and
to describe local spatial distribution. Energy was used to characterise release magnitude
and to define future high-energy microseismic events. Microseismic-state descriptors were
built directly from the event stream, without pre-existing damage grades or site-specific
geological annotations. Energy is expressed in joules (J).

The baseline high-energy threshold was 3644 |, the P90 energy value among the first
60% of chronologically ordered events (5469 records). This event-based calibration period
ended on 8 June 2023. By comparison, the purged training period ended on 20 October
2023, validation began on 24 October 2023 and the independent test period began on 9 April
2024. The P90 calculation therefore used only an early subset of the eventual training-period
event stream and no validation- or test-period events. The 60% event cutoff is not the same
index as the later 60% split of unique grid-time anchors: one is counted over individual
events, whereas the other is counted over prediction times after sample construction.

P90 identifies the upper part of the observed energy distribution while retaining enough
positive grid-time samples for model comparison. The value of 3644 ] is specific to this
dataset and is not a universal rockburst criterion. The P85 and P95 analyses in the Results
section examine whether model ranking depends on this choice.

2.2. Event-to-Sample Transformation and Feature Engineering

After quality control, the event sequence was divided wherever a monitoring gap
exceeded 24 h. This cutoff matches one full history or forecast interval: allowing a 24 h
sample window to cross a longer event-free interval would calculate activity descriptors
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before sample eligibility was applied. Only 24 blocks contained grid-time units that met
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referenced to the minimum coordinates of the full catalogue, so an index such as (3,2,2)
refers to this data-specific origin rather than an existing site grid.
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Figure 1. Temporal, spatial and statistical characteristics of the microseismic data: (a) recorded
energy over time, with the baseline P90 high-energy threshold; (b) three-dimensional event locations
coloured by energy; (c-i) log-energy distribution and P90 threshold; and (c-ii) monthly event count.

These blocks are defined from event timestamps, not independently verified system-
uptimelogs. A long inter-event gap may reflect either low activity or a recording interruption.
The 24 h rule avoids spanning a complete analysis window with no event support, but it
cannot establish monitoring completeness within every retained window and has not been
calibrated against an external uptime record.

For a grid cell and anchor time ¢, the current window (¢ — 24 h, t] supplied the current-
state predictors, the preceding window (¢ — 48 h, t — 24 h] supplied the comparison state,
and the forecast window (t, t +24 h] supplied the binary label. Thus, each historical window
has duration A;, = 24 h, while the two adjacent windows provide a total predictor lookback
of 2A;, = 48 h. These half-open intervals assign an event on a shared boundary to exactly
one adjacent window. Grid-time units without events in the current window were excluded
because the analysis concerns subsequent risk when local microseismic activity has already
been observed.

Consequently, all reported performance measures concern recently active grids, not
every location in the mine. A grid with no recorded event in the current window receives
no prediction under this sampling rule; it must not be assigned a low-risk class by default.
This selection can exclude a location that is quiet before a high-energy event, so whole-
mine coverage and the frequency of such missed transitions have not been established. In
practice, event absence must also be distinguished from a monitoring interruption using
system-status information.

The 24 h per-window baseline gives a daily screening unit and a 24 h forecast horizon
over which site personnel can review newly recorded activity. The two adjacent historical
windows permit comparison of recent states over a total 48 h lookback. Shorter per-window
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durations may contain too few events for stable summaries, whereas longer durations
combine activity over a broader stage of mining. The 100 m cubic grid is an analysis scale for
regional aggregation, not a measured fracture dimension or a stated event-location accuracy.
It balances the desire to retain local variation against sparse observations in smaller cells.
Site-specific location-error estimates and excavation geometry were not available to establish
auniquely appropriate grid size. The alternative scales in Section 4.3 therefore test sensitivity
to these choices rather than demonstrate a universal optimum.

Sample construction follows temporal order: features use only events before the anchor
time, and labels use only events after it. Samples are generated separately within each
timestamp-defined monitoring block so that a long event-free interval is not automatically
treated as a period of verified zero activity. The mathematical definitions are given in
Section 2.3.

Each sample is described by derived features of recent local activity rather than by
individual event records. The selected quantities include cumulative energy, event rate and
spatial spread. Energy-state features describe cumulative and extreme release and changes
from the preceding window; activity features describe event count and occurrence rate [46];
spatial features describe three-dimensional dispersion and energy-centroid movement [47].
Some descriptors are strongly correlated, including cumulative energy and energy release
rate. We retain them and account for their dependence when interpreting the SHAP results.

We handled sparse histories with fixed rules before model fitting. Count and energy
variables were allowed to be zero when the corresponding event type was absent from
an otherwise valid historical window. Log-energy summaries were calculated only from
observed positive-energy events. Interval-based descriptors were assigned conservative
defaults when fewer than two events were available. These rules retain low-activity windows
without deleting samples solely because a statistic is undefined. Samples are constructed
only within timestamp-defined monitoring blocks to reduce the effect of long event gaps
on the identification of low activity. No transformation used information from the forecast
window.

The baseline setting produced 3298 grid-time samples, including 509 positive high-
energy-event labels (15.43%). The 28 predictors were grouped as energy state, temporal
activity and spatial distribution (Table 1), and their complete definitions are provided in
Appendix A. SHAP therefore explains descriptors calculated from the event catalogue,
rather than the raw coordinates or energy of an individual event.

Table 1. Derived feature groups used to identify future high-energy-event risk.

Feature Group Number Derived Variables

Current-window cumulative energy, maximum energy,
P90 energy, mean and standard deviation of log-energy,

Energy state 11 energy concentration, high-energy count and ratio, energy
release rate, preceding-window cumulative energy, and
energy change.

Current-window event count and event rate,
Temporal preceding-window event count, event-count change,
activity mean and minimum inter-event interval, and inter-event
coefficient of variation.

Standard deviations in x, y and z, RMS and maximum
10 spatial spread, energy-weighted spread, event and energy
density, centroid offset, and centroid migration distance.

Spatial
distribution
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2.3. Proposed TabPFN-SHAP Prediction and Explanation Framework

Figure 2 summarises the complete route from microseismic event records to grid-level
engineering decision support. The event stream is first reconstructed as grid—time sam-
ples containing 28 descriptors of energy state, temporal activity and spatial distribution.
Prediction features are calculated only from the preceding and current windows; events
in the next 24 h are used to define the training label and are not included in the model
input. TabPFN then estimates the probability of a high-energy event in the same grid. A
validation-selected threshold converts this probability into a screening flag, and permuta-
tion SHAP explains the feature basis of the probability at both global and individual-sample
levels. In Figure 2, the displayed “Risk Alert” is this threshold-based screening output, not
a prediction that a damaging rockburst will occur. Engineers may use the event probability,
alert and explanation to support rockburst risk screening, but the model does not output a
rockburst probability.

Microseismic
Event Stream

Grid-Time State Construction

Future Outcome

! ‘ Previous 24 h ‘ ‘ Current 24 h ‘ Next 24 h
Time, Xx, y, 2,
S
Energy Energy State Temporal Activity Spatial Distribution ™
®° o P e I R o e v e R 1 1 P90
! | *
coe-%ee /\/\/\/\ -
. J
L L sswteDeserptrs | Ryl
P
Model Development and Evaluation
- . 48h | - - . 48h
Train Purge Gap :‘ Validation Purge Gap
.
M |
p X N Grid-Level
Review
TabPFN Contextual Inference . ) Priority
Risk Alert
Training Context Next-24-h Event
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° B A, m
| O Low  High
‘ O o O High-Energy
Query Sample - 28-D State Vector Event Flag
Pretrained TabPFN —
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Model Predictions
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7 ) —
Permutation SHAP . . -
Engineering Decision Support
Signed SHAP Values Prioritized Focused
_— Inspection Monitoring
]
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|

Permutation - \
|

’ Global Feature ‘ Local Prediction ‘ Rockburst Risk Screening Support
Importance Explanation

Figure 2. Overall framework of the proposed TabPFN-SHAP method, from historical microseismic-
state construction and future high-energy-event labels to probability estimation, threshold-based
risk alerts, SHAP interpretation and engineering review. The risk alert denotes a high-energy-event
screening flag rather than a predicted rockburst occurrence.

The sample construction and model explanation are defined as follows. A raw micro-
seismic event is written as

e; = (t,u, E;), (1)

w, = (X, Y,2),
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where t; is the occurrence time, u, is the three-dimensional location and E, is the released
energy. For a spatial grid ¢ and an anchor time 7, the current window, preceding window
and forecasting event set are

Hg,‘[ = {ei : tl' € (T _Ah/ T]r u; € g}/
Hé;T:{ei:tiE(T—ZAh,T—Ah], uieg}, (2)
338,7 ={e;: € (T, T+, w; €8},

with A, = Ay = 24 h in the baseline experiment. The binary high-energy-event label is
defined as

Yoo = ]1( Y IE >Ep)> 1), (3)

e €Fy ¢

where E_ is the energy threshold used to construct the proxy label. The sum is zero when
the forecast set is empty, provided that the forecast window is treated as observed under the
monitoring-block rule. This is equivalent to testing the maximum energy for a non-empty
set but also defines the empty-set case. Only samples with |}{, .| > 1 are included. The
model input is a derived state vector

Sg,T = q)(Hg,T, Hg_,‘r) = [51,52, ...,528], (4)

where ®(:, -) denotes the feature-extraction operator that summarises event count, cumu-
lative energy, energy density, spatial dispersion and centroid migration from J{, ., and

computes change-type descriptors by comparing #, . with the idea of contrasting

gt
long-term and short-term microseismic features for rockburst risk prediction has recently
received attention [48]. For compactness, define f (8) = fr.,pen (8 | Dipain) after the training
context has been fixed. The TabPFN probability and the SHAP explanation can then be

written as

28
ﬁg,r =f<sg,'r)l ﬁg,-r - IEsva[f(s)] = Z (pj(sg,r)/ (5)
j=1

where B is the SHAP background distribution and ¢; is the attribution assigned to the jth
derived feature. Global importance is reported as E(|g;|) over the explained test samples.

In the prediction stage, TabPFN uses the labelled training samples as context and esti-
mates the high-energy-event probability of a new grid-time sample from s, . [36].

In the second stage, we apply permutation SHAP to the fitted TabPEN classifier. SHAP
keeps the predicted probability unchanged and assigns that probability change to the engi-
neered input features under a background reference distribution. The global SHAP analysis
identifies the main descriptors that repeatedly influence model output across independent-
test samples, whereas the SHAP waterfall plot shows the feature contributions for an
individual high-probability prediction. Because the input features are aggregated from
events within a grid and historical window, the SHAP results can be related to monitored
states such as recent energy accumulation, persistent activity and spatial concentration;
this practice of aggregating local attributions into global understanding is consistent with
explainable artificial intelligence [49].

3. Experimental Design
3.1. Chronological Validation and Screening Threshold

We ordered the samples by anchor time and divided them into training, validation and
independent test periods [50,51]. At each train—validation or validation-test boundary,
samples with anchor times falling within the preceding 48 h or the following 48 h were
excluded. Thus, “48 h buffer” refers to the one-sided buffer length; the total anchor-time
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exclusion zone centred on each boundary was 96 h. After this purge, the training, vali-
dation and test sets contained 2110 samples (341 positives), 478 samples (50 positives)
and 671 samples (109 positives), respectively. The independent test period began on 9
April 2024. This temporal separation does not make neighbouring grids or consecutive test
anchors statistically independent; it prevents direct cross-subset window overlap, while
residual dependence is addressed separately in the uncertainty analysis below.

We selected the alert threshold for each classifier on the validation set only, by maximising
balanced accuracy. When several thresholds tied, the lower threshold was retained to favour
sensitivity in a safety-screening context. The selected threshold was then fixed before the
independent test set was scored. This separates model fitting, operating-threshold selection
and final evaluation, and avoids the optimistic practice of choosing a threshold after seeing
the test labels.

For a candidate threshold ¢, balanced accuracy is

1 TP(c) TN(c)

BAO =3 TP + IN© T TNG@) + BP0 | ©

This gives equal weight to the detection rate in each class and avoids selecting a threshold
simply because negative samples are more common. It does not assume equal engineering
consequences for one missed event and one false alert. No site-specific costs were available,
so balanced accuracy provides a reproducible reference operating point rather than a cost-
optimal field policy.

The reported TabPFN threshold of 0.1184 means that an eligible grid is flagged when its
estimated next-24-h high-energy-event probability reaches this value. It does not mean an
11.84% probability of a damaging rockburst or define a universal safety limit. Its numerical
value is specific to the model output scale and validation period. A threshold below 0.5 is
compatible with screening an uncommon event when sensitivity matters, but the choice still
entails false alerts. For deployment, the mine would need to specify acceptable missed-event
and review workloads, select the operating point on separate calibration/validation data,
and then evaluate it prospectively. The reported test results apply only to the threshold
fixed for this study, not to thresholds selected after inspecting the test outcomes.

The buffer length was determined from the widest predictor lookback: the current and
preceding 24 h historical windows together extend 48 h before an anchor time, while the
label uses the following 24 h. A sample immediately adjacent to a chronological boundary
could otherwise share historical information or overlap in its future label period with
a sample assigned to another subset. Applying the same 48 h buffer on both sides is
deliberately conservative relative to the 24 h forecast horizon: it reduces the number of
available observations but makes the validation and test periods more defensible as future-
like evaluations. The test period is therefore a temporally separated sequence of grid-time
decisions whose labels were not consulted during threshold selection.

Here, an independent test period means a held-out period, not a set of mutually inde-
pendent observations. Adjacent test anchors may share historical events, and neighbouring
grids may respond to the same mining disturbance. The boundary buffer limits overlap
between subsets but does not remove these within-period relationships. This distinction
affects uncertainty estimates and the interpretation of model comparisons.

3.2. Compared Models and Implementation

The comparison included logistic regression, random forest, XGBoost, LightGBM and
CatBoost [52-55]. The three gradient-boosted trees are competitive methods for tabular
classification [56,57 ], while logistic regression and random forest provide linear and bagging
references; earlier studies have also used microseismic features with decision-tree classifiers
to extract rockburst risk discrimination knowledge [6].
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The reported experiment used fixed configurations and random seed 20260802 rather
than repeated adjustment against test results. The baselines use model-specific class weights
to address class imbalance [39] (Table 2). No additional weighting or resampling was ap-
plied to TabPFN. The comparison therefore does not impose identical imbalance treatment:
the weighted baselines alter their fitted objective, whereas TabPFN retains its default in-
ference and all models receive a validation-selected decision threshold. This distinction
may affect both probability scale and classification results and is part of the definition
of the compared implementations, not evidence that one imbalance strategy is generally
preferable.

TabPFN was used without extensive task-specific hyperparameter search. All six mod-
els received the same 28 features, chronological subsets and validation-based threshold
procedure. The tree configurations combine a low learning rate with restricted depth or
leaf size to limit model complexity on the available training samples. Logistic regression
supplies a linear reference and random forest a bagging reference. These choices define a
fixed-configuration comparison, not an equal-budget search for the best attainable perfor-
mance of each algorithm. Accordingly, the results compare the listed implementations and
should not be read as a general ranking of model families.

Table 2. Models and configurations reported for the comparison.

Model Role Configuration
Classifier in the Official v2.6 classifier checkpoint; random
TabPFN v2.6 proposed TabPEN-SHAP  seed 20260802; no class weighting and no
framework task-specific hyperparameter search.

Gradient-boosting 500 iterations, depth 6, learning rate 0.03, L2

CatBoost . leaf regularisation 3, Bayesian bootstrap,
baseline .
class weights.
" 500 trees, depth 4, learning rate 0.03,
Competitive . . . .
: . minimum child weight 3, 0.8 subsampling
XGBoost gradient-boosting : e
. and column subsampling, regularisation and
baseline .
class weight.
Competitive 500 estimators, learning rate 0.03, 15 leaves,
LightGBM gradient-boosting 0.8 subsampling and column subsampling,
baseline class weight.
. . 500 trees, minimum leaf size 3,
Random forest Bagging baseline balanced subsampling.
Logistic regression Linear baseline Standardisation, balanced class weight,

maximum 5000 iterations.

The reported software environment was Python 3.9.23, NumPy 2.0.2, pandas 2.3.2, SciPy
1.13.1, scikit-learn 1.6.1, PyTorch 2.7.14+cul28, TabPFN 8.0.3 with the official v2.6 classifier
checkpoint, SHAP 0.49.1, XGBoost 2.1.4, LightGBM 4.6.0 and CatBoost 1.2.10. The three
original SHAP resamples used seeds 20260802-20260804; the enlarged SHAP calculations
used seed 1729 with deterministic offsets for the three repetitions. These values, together
with the archived prediction tables, specify the computational setting more fully than the
model parameters alone.

3.3. Performance Evaluation and Interpretability Protocol

We report ROC-AUC, PR-AUC, Brier score, F1 score, balanced accuracy, precision, recall,
alert rate and alert counts. ROC-AUC describes ranking discrimination, while PR-AUC
emphasises performance on the uncommon positive class [58,59]. The Brier score measures
mean squared probability error [60,61]. Lower Brier error is desirable, but does not by
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itself establish calibration: probability error reflects both calibration and discrimination.
Calibration concerns whether groups assigned a given probability exhibit a similar observed
event frequency [62,63].

Pairwise ROC-AUC differences were first assessed with the DeLong test [64]. This paired
comparison accounts for different models predicting the same cases, but the ordinary imple-
mentation does not account for dependence between different grid-time cases. Its confidence
intervals and p-values are therefore retained as nominal, exploratory comparisons.

To represent serial dependence more directly, we additionally used a paired temporal-
block bootstrap within each timestamp-defined monitoring segment. Non-overlapping,
non-circular 14-day blocks were sampled with replacement within each segment; the same
sampled blocks were applied to all six models, while model predictions and validation-
selected thresholds were held fixed. We requested 2000 replicates and excluded replicates in
which a required metric was undefined because the resample contained only one outcome
class. This left 1980 valid and 20 invalid replicates. Percentile 95% intervals were calculated
for all reported metrics, and paired intervals were calculated for the TabPFN-minus-baseline
ROC-AUC differences. The results are reported in Appendix B.

Probability reliability was evaluated using the Brier score and a common set of ten equal-
width bins. For bin b, let n;, be its sample count and let j;, and i, denote mean predicted
probability and observed outcome frequency. Expected calibration error was calculated
as ECE = Zb(nb/n)lyb — Ppl, and maximum calibration error as MCE = max |if;, — Ppl-
Calibration intercept & and slope  were estimated from logit{P(Y = 1)} = a + Blogit(p)
after clipping probabilities away from zero and one. These summaries describe the held-out
period; no post-hoc recalibration was fitted.

The baseline permutation-SHAP analysis used five stratified training samples as back-
ground and explained 30 stratified samples from the held-out test period. This low-cost
setting is small relative to 28 predictors and was treated as a preliminary explanation rather
than sufficient evidence on its own. Stratification retained both outcome classes rather than
restricting explanation to high-scoring cases. With 28 predictors, the forward-and-reverse
evaluation budget was 57 per explained sample. We therefore repeated the analysis with
backgrounds of 20 and 50 cases, explanation sets of 100 and 300 cases, and maximum eval-
uation budgets of 285 and 570. Each configuration used three repetitions. Rank agreement,
Top-10 overlap and the maximum absolute reconstruction residual between the model
probability and the SHAP decomposition were recorded (Appendix B). These checks test
whether the main ranking survives materially larger computation; they do not turn SHAP
values into causal effects or demonstrate complete coverage of every operating condition.

Permutation SHAP does not require linear coefficients, a tree structure or a particular
differentiable form, making it suitable for TabPEN’s pre-trained Transformer inference. The
baseline sample was limited for computational reasons, whereas the enlarged settings were
added specifically to assess whether that limitation changed the leading-feature conclusion.

SHAP was applied after the model had produced the test probabilities and did not
alter those predictions. Background samples provided the reference distribution, and the
explained samples came from the independent test period. Mean absolute SHAP values
were used for global ranking; the integrated global explanation combines global importance,
resampling variation and the direction of contributions across test samples, while the local
waterfall explanation shows how individual features raise or lower the probability for one
representative sample.

SHAP values describe the fitted model relative to the selected background, not isolated
physical effects [65-67]. Substituting feature values against a background can also produce
combinations that are uncommon among strongly dependent descriptors. Attributions
may therefore be redistributed among related inputs when the background or feature
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representation changes. A high attribution for preceding-window energy indicates model
use of that descriptor; it does not establish that changing energy alone would cause a
future event.

Some dependencies follow directly from the feature definitions. At fixed per-window
duration A;, and grid volume V, energy release rate C/A;, and energy density C/V are
scaled versions of cumulative energy C. Likewise, event rate and event density are scaled
versions of event count. Their separate SHAP values do not demonstrate independent
temporal or spatial mechanisms. In particular, C/V does not measure within-grid spatial
concentration when V is constant. Measures of spatial spread and centroid displacement
describe spatial configuration more directly. Interpretation therefore emphasises related
groups of monitoring information and the stability of the leading descriptors.

3.4. Controlled Semi-Synthetic Domain-Shift Analysis

Because a compatible independent-mine catalogue was unavailable, we added a con-
trolled stress test to examine how the fixed workflow behaves when the event distribution
changes. Four deterministic semi-synthetic catalogues were constructed from the temporal
blocks and empirical distributions of the source catalogue. Scenario A introduced mild
coordinate transformation, localisation noise and energy perturbation. Scenario B addi-
tionally shifted spatial hotspots, changed spatial scales and strengthened the high-energy
tail. Scenario C combined stronger temporal clustering, hotspot displacement and energy-
distribution change. Scenario D represented monitoring degradation through low-energy-
event loss, random event dropout, localisation error and ten simulated outage periods.
Each catalogue retained only event time, three-dimensional location and energy. The gener-
ated records are not observations from other mines. The seeds and exact transformation
parameters are reported in Appendix C.

The same 24 h-per-window /100 m sample-construction procedure and 28 descriptors
were applied to each catalogue. A scenario-specific early-period P90 energy cutoff retained
the relative definition of a high-energy event under its shifted energy distribution. The
six model implementations were fitted on the original-mine training subset. For each
semi-synthetic scenario, the first 20% of anchor times formed a local calibration segment
and the remaining times formed an evaluation segment, with a 48 h buffer on both sides
of the boundary. Direct transfer used the screening threshold selected on the original-
mine validation set. A secondary analysis kept the fitted models fixed but reselected
the operating threshold on the early target segment. This second analysis tests limited
site-specific threshold adjustment rather than model retraining. The scenarios are single
predefined realisations, so the analysis describes sensitivity to these controlled shifts and
does not provide a sampling interval for cross-mine performance.

4. Results
4.1. Predictive Performance in the Held-Out Period

On the independent test set, TabPFN obtained ROC-AUC 0.8064, PR-AUC 0.5330, F1
0.5612, balanced accuracy 0.7768 and recall 0.7156, the highest observed values among the
six classifiers; its Brier score of 0.1190 was the lowest observed value (Figure 3, Table 3).
Among the three boosting models, CatBoost was closest to TabPFN, with ROC-AUC 0.6524,
PR-AUC 0.3256 and a Brier score of 0.1525.

Relative to CatBoost, TabPFN increased ROC-AUC by 0.1540 and PR-AUC by 0.2074
and reduced the Brier score by 0.0335. Relative to logistic regression, the corresponding
differences were 0.0599, 0.1518 and 0.0571. Under the ordinary paired DeLong analysis, the
comparisons with the four tree-based models had nominal p-values below 0.001 (z > 3.86).
The comparison with logistic regression did not reach statistical significance (z = 1.66,
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(a) ROC-AUC

p = 0.096; Figure 3). These results are conditional on the reported configurations and test
period. Their uncertainty may be understated because temporal and spatial dependence
between samples is not represented in that test.

The 14-day block bootstrap gave TabPFN 95% intervals of 0.7356-0.8660 for ROC-AUC,
0.4330-0.6321 for PR-AUC and 0.0942-0.1491 for Brier score. The paired ROC-AUC difference
relative to logistic regression was 0.0599 (95% interval —0.0210 to 0.1280), again showing
that the two-model difference is uncertain in this monitoring period. The intervals for
the differences from Random Forest, CatBoost, XGBoost and LightGBM remained above
zero (Appendix B). Because the block length is an analysis choice and spatial correlation
may remain, these intervals are dependence-aware sensitivity results rather than universal
uncertainty bounds.

All six models were evaluated on the same 671 held-out grid-time samples. Their
probability outputs allow different screening operating points to be considered on validation
data. The counts reported below concern future-high-energy labels, not observed rockburst
damage.

Independent chronological test-set performance and significance (n = 671)

(b) PR-AUC (c) Brier score (d) Paired DelLong test
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Figure 3. Held-out model comparison: (a) ROC-AUC, (b) PR-AUC and (c) Brier score; (d) TabPFN-
minus-baseline AUC differences with nominal DeLong 95% intervals. Filled squares denote nominal
p < 0.05. These intervals do not adjust for between-sample temporal or spatial dependence.

Table 3. Independent chronological test-set performance. The alert threshold for each model was
selected on validation data only.

Balanced

Model Threshold ROC-AUC PR-AUC Brier F1 Precision Recall
Accuracy
TabPFN 0.1184 0.8064 0.5330 0.1190 0.5612 0.7768 0.4615 0.7156
CatBoost 0.3391 0.6524 0.3256 0.1525 0.3345 0.6045 0.2697 0.4404
XGBoost 0.2246 0.6143 0.2937 0.1619 0.2967 0.5668 0.2057 0.5321
LightGBM 0.3030 0.5859 0.2658 0.1648 0.2968 0.5731 0.2289 0.4220
Random forest 0.2632 0.6632 0.2818 0.1415 0.3106 0.5843 0.2347 0.4587
Logistic regression 0.3754 0.7465 0.3812 0.1761 0.4260 0.6906 0.3144 0.6606

Figure 4 presents discrimination and a visual summary of probability reliability. Its cali-
bration panel is retained as a descriptive plot, whereas Table 4 provides a direct comparison
under a common ten-bin, equal-width rule. TabPFN had ECE 0.061 and MCE 0.191. Ran-
dom Forest had a slightly lower ECE (0.054), but its MCE was higher (0.199), its Brier score
was higher and its calibration slope was above one. The other four comparators had ECE
values of 0.079-0.112. TabPEN combined the lowest Brier score and MCE with a calibration
slope of 0.97, the value closest to the ideal slope of one among the evaluated models. Its
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intercept of —0.26 still indicates an overall probability offset, so the outputs should support
ranking and review rather than be interpreted as perfectly calibrated event frequencies.

Table 4. Probability calibration on the held-out test period using ten common equal-width bins.

Model Brier ECE MCE Intercept Slope
TabPFN 0.1190 0.061 0.191 —0.26 0.97
Logistic regression 0.1761 0.112 0.290 —0.52 0.92
Random forest 0.1415 0.054 0.199 -0.12 1.18
CatBoost 0.1525 0.079 0.240 -0.31 0.92
XGBoost 0.1619 0.091 0.260 —0.43 0.71
LightGBM 0.1648 0.105 0.310 -0.47 0.66

As a descriptive reference, assigning every test sample the test-period prevalence,
7 =109/671, gives a Brier score of 71(1 — 7r) = 0.1361. The reported TabPEN value of
0.1190 is approximately 12.5% lower. This prevalence-only reference is calculated retro-
spectively from the reported test counts, not fitted as a deployable baseline. It provides
context for overall probability error but does not separate calibration from discrimination
or establish reliability around the alert threshold.

The threshold 0.1184 is used as a screening operating point, not as proof that all cases
near that output have the same true event frequency. Although the common-bin analysis
provides an overall calibration check, reliability specifically near the operating point would
require enough observations in that probability range. Accuracy was not used as the main
metric: with only 16.24% positive test samples, always predicting the negative class would
yield 83.76% accuracy while detecting no positives [39,59].

0.4 0.6
False positive rate

(b) Precision-recall curves (c) Probability calibration
1.0 4
0.8
-]
[
o
c 2 06
S b -
n o 4
& S "
g 5] /
o ;
& 2 04+
Q /
v e
Q a
o
0.2 2%
. . 0.0 45 - : - - )
0.8 1.0 . 0.0 0.2 0.4 0.6 0.8 1.0
Recall Mean predicted probability
e TabPFN-SHAP —— Logistic regression —— CatBoost XGBoost ——— LightGBM —— Random forest

Figure 4. Held-out (a) ROC, (b) precision-recall and (c) calibration curves. Dashed lines indicate
random ranking, positive prevalence and ideal calibration, respectively. The heavier navy line identifies
TabPFN within the TabPFN-SHAP framework. Common-bin numerical calibration results are reported
in Table 4.

Figure 5 brings the dependence-adjusted comparison and the numerical calibration
diagnostics together. The paired 14-day block-bootstrap interval was above zero for each
tree-based comparator, while the interval for logistic regression crossed zero. Across the
calibration summaries, TabPFN had the lowest Brier score and MCE and the slope closest
to one. Random Forest retained the lowest ECE and the intercept closest to zero. Thus,
the updated probability analysis supports TabPFIN’s overall reliability advantage without
implying that every calibration statistic is uniformly best.

https://doi.org/10.3390/pr14213570


https://doi.org/10.3390/pr14213570

Processes 2026, 14, 3570 16 of 30
(a) TabPFN minus comparator (b) Calibration diagnostics
TabPFN 0.1190 0.191 -0.260 0.970
Logistic i {}
Logistic regression 0.1761 0112 0290 -0.520 “
Random forest —_—

Random forest 0.1415 0.054 “ 1.180
CatBoost —_——l—
CatBoost 0.1525 0.079 0.240 -0.310 “

XGBoost —_——
XGBoost 0.1619 0.091 0.260 -0.430 0.710
LightGBM —_—
LightGBM 0.1648 0.105 0.310 -0.470 0.660
000 005 010 015 020 025 030 035 Brier ECE MCE Intercept Slope
Paired ROC-AUC difference (A) Darker cells indicate lower error or closer-to-ideal calibration

Figure 5. Dependence-adjusted model comparison and probability calibration on the held-out period.
(a) Paired TabPFN-minus-comparator ROC-AUC differences with 95% confidence intervals from the
14-day temporal block bootstrap; the open marker denotes the comparison whose interval crosses
zero. (b) Calibration diagnostic matrix. Cells report the original Brier score, ECE, MCE, intercept
and slope; darker blue indicates lower error or a value closer to the corresponding ideal (intercept 0;
slope 1).

To examine the spatial distribution of model output, Figure 6 aggregates the test-period
samples by grid and compares the mean predicted high-energy-event probability with the
observed proportion of future high-energy events. The two depth layers with the largest
sample counts are shown; they contain 412 and 227 grid-time samples and together cover
95.2% of the test set. Each coloured cell is an observed 100 m test grid rather than an
interpolated surface, and the printed count gives its number of contributing grid-time
samples. Cells with fewer than five samples are hatched and excluded from the colour scale;
cells with no test sample remain white. This makes the uneven spatial support visible when
the predicted and observed patterns are compared.

(a) Mean predicted high-energy-event probability (b) Observed future high-energy-event rate
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Figure 6. Support-aware test-period spatial summaries at the two most populated depth layers:
(a,c) mean TabPFN high-energy-event probability and (b,d) observed future-high-energy-label fre-
quency. Colours show the actual aggregate for each populated 100 m grid and cell labels give its
test-sample count. Hatched cells have fewer than five samples and are masked from the colour scale;
white cells have no test support. No between-grid interpolation is used.

The principal elevated areas show partial spatial agreement, although discrepancies
remain at some grids. Because the panel averages over the complete test period, it is a

https://doi.org/10.3390/pr14213570


https://doi.org/10.3390/pr14213570

Processes 2026, 14, 3570

17 of 30

retrospective support-aware summary rather than a prospective alarm map for a particular
day. The masking cutoff is used only for display and does not remove samples from model
evaluation. A field display would need to show the current anchor time, data coverage and
unscreened grids explicitly.

Table 5 compares the reported operating points. TabPFN flagged 25.2% of the grid-time
samples and detected 78 positives, whereas logistic regression flagged 34.1% and detected
72. Thus, the reported comparison has six additional positive samples, 60 fewer flagged
samples and 66 fewer false positives for TabPFN. These are grid-time counts; repeated
flags may refer to one region or a continuing episode and are not necessarily distinct site
incidents or inspection visits. A false positive means that no qualifying high-energy event
followed within the specified grid and horizon, not that a site inspection would have been
unnecessary. No economic savings or reduction in actual rockburst losses was measured.

The block-bootstrap intervals for TabPFN recall and precision were 0.6164-0.8049 and
0.3811-0.5510, respectively (Appendix B). Reporting both quantities makes the screening
trade-off visible: detecting more future-high-energy samples does not mean that every flag
is followed by a qualifying event. The alert-rate interval was 0.1975-0.3115 under the same
resampling scheme.

Table 5. Operational contrast between TabPFN and the strongest linear baseline at validation-selected
alert thresholds.

Model

Alerts

Alert Rate True Positives Missed Positives False Positives True Negatives

TabPFN
Logistic regression

169
229

25.2% 78 31 91 471
34.1% 72 37 157 405

We also compared the full framework with a single-variable threshold rule under the
same split and validation-only threshold procedure.

The best single-variable rule on the validation set was preceding-window cumulative
energy, which is also the highest-ranked SHAP feature. On the independent test set, this
rule reached ROC-AUC 0.7334, PR-AUC 0.3703, balanced accuracy 0.6880 and recall 0.6055
with 195 alerts (Table 6). Preceding-window event count was the second-best single feature,
with ROC-AUC 0.7150. Both descriptors are calculated from the same preceding events
and are strongly correlated (p = 0.9599), so they mainly represent the local microseismic
activity intensity over the same period.

Relative to the cumulative-energy rule, the reported multivariable model improved
ROC-AUC by 0.0730 and PR-AUC by 0.1627. It produced 26 fewer alerts and 38 fewer false
positives while detecting 12 more positive samples (78 versus 66). The single-variable rule
was selected from 28 candidates on validation data. The comparison supports evaluating a
multivariable state description rather than cumulative energy alone, but does not isolate
the incremental benefit of the spatial feature group. That would require a matched feature-
group ablation.

Table 6. Comparison between the best single-variable rule and the TabPFN probability model on
the independent chronological test set. The single-variable rule uses preceding-window cumulative
energy with a threshold selected on validation data only.

Model

ROC-AUC PR-AUC Balanced Accuracy Recall Alerts TP FP

Single feature (preceding-window energy) 0.7334 0.3703 0.6880 0.6055 195 66 129

TabPFN

0.8064 0.5330 0.7768 0.7156 169 78 91
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4.2. SHAP Explanation of Energy, Activity and Spatial Features

Figure 7a combines global SHAP importance with resampling stability. In the baseline
explanation, preceding-window cumulative energy had a mean absolute SHAP value of
0.0256, followed by preceding-window event count at 0.0219. The next contributors were
energy change (0.0134), current-window cumulative energy (0.0109), energy release rate
(0.0106), event-count change (0.0098) and energy density (0.0092). The panel compares the
baseline values with the mean and standard deviation over three explanation resamples,
while Figure 7b shows how these features raise or lower the predicted high-energy-event
probability across the explained test samples.

These baseline values come from one explanation run. Across three different stratified
explanation samples, preceding-window cumulative energy had an average mean absolute
SHAP value of 0.0348. The difference from the baseline value reflects the explained samples;
the fitted TabPFN model did not change.

Preceding-window cumulative energy and event count were strongly correlated
(p = 0.9599). They measure total energy and event number in the same preceding window
and mainly represent local microseismic activity intensity over that period. They should
not be treated as independent physical effects. Taken together, recent activity intensity was
the main basis of the TabPFN predictions, with additional information from energy change,
release rate, event-count change and energy density.
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Figure 7. Integrated global permutation-SHAP explanation for TabPFN: (a) mean absolute SHAP
values and standard deviations for the ten leading features over three explanation-sample resamples,
with diamonds indicating the baseline explanation values; (b) direction and distribution of feature
contributions in the baseline explained samples, with colour representing relative feature value.

Figure 8 illustrates a positive grid-time sample (anchor time 2024-04-13 23:04:11; grid
index 3, 2, 2). The probability reported for this explanation was 0.8827, above the reported
screening threshold of 0.1184. Preceding-window cumulative energy, current-window
cumulative energy, energy release rate, energy density and preceding-window event count
made the largest positive contributions in the explanation. The figure shows the model
basis of a high-energy-event flag; it does not document a damaging rockburst.

The global ranking summarises contributions across the explained samples, whereas
Figure 8 concerns one case. The several energy-related contributions should be interpreted
together because they include rescaled versions of the same underlying quantity.

Preceding-window cumulative energy and event count describe earlier activity, while
energy change contrasts adjacent windows. At the fixed baseline window and grid size,
energy release rate and energy density do not add independent information to cumulative
energy. Their attributions cannot separately establish an acceleration of release or an increase
in within-grid spatial concentration. The ranking is evidence about the fitted model’s use
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of correlated descriptors, and small differences between adjacent ranks should not be

interpreted as differences in physical effect.

E[f(X)]

F 0.142

Predicted probjability = 0.883
|

Preceding-window cumulative energy m
Cumulative energy
Energy release rate
Energy density
Preceding-window event count
Energy change m
Event density - +0.027
Mean log energy . +0.023
Minimum inter-event interval . +0.022
Event rate W +o0022
Inter-event interval variability . +0.022

Other 17 features

T - T T T T T T T T
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
TabPFN predicted high-energy-event probability

Figure 8. Local SHAP waterfall explanation for a representative positive high-energy-event sample.

4.3. Robustness to Spatiotemporal Scale, Label Definition and SHAP Resampling

The first analysis examined the duration of each of the two adjacent historical windows
and the grid size. Five spatiotemporal configurations were compared while retaining the 24 h
forecast window, data split, buffer rule and threshold-selection procedure. TabPFN retained
the highest observed ROC-AUC among the compared implementations in these settings,
so the model ordering was comparatively stable, but its absolute ROC-AUC ranged from
0.7481 to 0.8064 (Figure 9). The baseline setting of 24 h per historical window and a 100 m
grid reached 0.8064; the alternatives ranged from 0.7481 to 0.7645, approximately 0.04-0.06
lower. The baseline parameters had been specified before the sensitivity analysis and were
not reselected from these results. This noticeable reduction shows that discrimination is
sensitive to temporal and spatial aggregation even when the relative model ranking is
maintained. With the grid fixed at 100 m, the 12 h- and 48 h-per-window settings differed
in ROC-AUC by only 0.0042. Because sample size and positive prevalence vary between
configurations, PR-AUC and Brier scores should be interpreted within the corresponding
data distribution.

The label analysis used the P85, P90 and P95 calibration-period energy quantiles. TabPFN
ROC-AUC was 0.7658, 0.8064 and 0.7784, respectively (Figure 9); within each label definition,
it had the highest observed ROC-AUC and PR-AUC and the lowest observed Brier score
among the evaluated models. The P95 label produces fewer positives, so its PR-AUC and
Brier score should not be compared directly with P85. Similar ranking results under all
three definitions indicate that the observed performance is not confined to the P90 label.

Finally, the fitted TabPFN model was held fixed while the SHAP sampling and evaluation
budget were varied. In the original three resamples, preceding-window cumulative energy
and event count remained first and second, pairwise Spearman correlations of the full
rankings were 0.8451-0.9119, and the Top-10 overlap was 7-9 features. In the expanded
checks, a 20-case background with 100 explained cases produced rank agreement of 0.901
and a Top-10 overlap of 9; using 50 background cases increased rank agreement to 0.918
with the same overlap. Doubling the evaluation budget gave complete Top-10 overlap, and
increasing the explained set to 300 retained rank agreement of 0.909. The largest SHAP
reconstruction residual across these configurations was 4 x 107¢ (Appendix B). Within the
examined settings, the principal ranking is therefore not an artefact of the original five-case
background or 30-case explanation set. The results remain statistical descriptions of model
behaviour and do not establish a causal rockburst mechanism.
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Figure 10 shows the accuracy-cost trade-off in these checks. Increasing the background,
explanation set or evaluation budget retained rank agreement above 0.90 and Top-10 overlap
of at least nine, while reconstruction residuals remained at the order of 10~¢. Runtime
increased from 8 s in the baseline calculation to 372 s for 300 explained samples. The
larger calculations therefore reinforced the leading-feature conclusion, but the increase in
computation did not produce a materially different ranking.

(a) Historical window (100 m grid) (b) Spatial grid size (24 h window)
0.82 0.82
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Figure 9. Sensitivity of test ROC-AUC to (a) the duration of each of the two adjacent historical
windows, (b) grid size and (c) label threshold; (d) SHAP rank correlations across three resamples,
annotated with Top-10 overlap. Squares and dashed lines mark the P90/24 h-per-window /100 m
baseline in (a-c).

(a) Feature-ranking stability (b) C ion and uction residual

Baseline Baseline f| 8s residual 9 x 10°

B20/E100 B20/E100 27's residual 3x 10°°

BS50/E100 BS50/E100 65s residual 4 x 107°
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Figure 10. Permutation-SHAP stability under enlarged background, explanation-set and evaluation-
budget settings. (a) Spearman feature-ranking agreement and Top-10 overlap expressed on a common
0-1 scale; error bars for the baseline denote its observed ranges over three resamples. (b) Computation
time, with the maximum absolute probability-space reconstruction residual annotated for each setting.
B and E denote background and explained-sample counts, respectively.
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These checks strengthen the stability assessment but do not establish complete coverage
of every grid, operating stage or rare state. A high rank correlation also does not guarantee
that an individual case’s SHAP magnitude or sign is unchanged. The anonymised high-
and low-output decompositions in Appendix B illustrate how the same grouped descriptors
can support contrasting predictions without implying a physical intervention effect.

The spatiotemporal and label analyses examine how sample construction affects model
performance, while SHAP resampling examines the sensitivity of feature ranking to the
explained samples. All results still come from one catalogue, and validation with data from
other mines remains necessary (Section 5.2).

Figure 11 reports the Spearman correlation matrix for six high-impact derived descriptors
across all 3298 grid-time samples. Preceding-window cumulative energy and preceding-
window event count were strongly positively associated (p = 0.9599), whereas energy
change was inversely associated with both descriptors (p = —0.8666 and —0.8384). Mean
log energy had weak associations with the two preceding-state descriptors (|o| < 0.0818),
and spatial spread in X showed moderate positive associations with them (o = 0.4602
and 0.4916).

The matrix provides context for interpreting SHAP. Because attribution is distributed
among correlated descriptors, individual SHAP values should not be read as independent
causal effects.

Spearman association-strength matrix of key engineered features (n = 3298)
1.00

Prior-window cumulative energy

Prior-window event count : 2 —0.08 0.4 0.75

Energy change

- 0.50

Event-count change

Correlation magnitude, |p|

Mean log energy . § 5 5 1.00 —0.06 F0.25

Spatial spread in X

—-0.00

&

Figure 11. Spearman correlation matrix of six high-impact engineered microseismic features over
all 3298 grid-time samples. Cell colour encodes correlation magnitude (|pl, pale to dark blue), while
each cell reports the signed correlation coefficient. The matrix provides dependence context for the
TabPEN-SHAP attribution results.

4.4. Performance Under Controlled Semi-Synthetic Distribution Shifts

The later evaluation segments contained 2504, 3433, 4512 and 2057 grid—-time samples in
Scenarios A-D, with positive rates of 9.98%, 9.82%, 10.22% and 7.88%, respectively. Under
direct transfer of the original-mine operating threshold, TabPFN achieved ROC-AUC values
of 0.7752, 0.7527, 0.6992 and 0.7703 (Table 7). The corresponding PR-AUC values were
0.3737,0.2780, 0.2350 and 0.2468. TabPFN ranked first among the six implementations for
ROC-AUC, PR-AUC and Brier score in every scenario; it ranked first for balanced accuracy
in A—C and second in D (Figure 12).
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Table 7. Direct-transfer performance of TabPEN in the four controlled semi-synthetic scenarios.

Scenario n Positive Rate ROC-AUC PR-AUC  Brier Balanced Accuracy Recall

A: mild site shift 2504 0.0998 0.7752 0.3737  0.0788 0.7020  0.6600

B: spatial-energy shift 3433 0.0982 0.7527 0.2780 0.0848 0.6954  0.6825

C: strong distribution shift 4512 0.1022 0.6992 0.2350  0.0935 0.6487  0.5640

D: monitoring degradation 2057 0.0788 0.7703 0.2468 0.0718 0.6846  0.6173
(a) Discrimination (b) Positive-class ranking 0.20 (c) Probability error .

0.80

0.75

0.70

ROC-AUC

0.65

0.08
060 . .—_”-_‘/\

B A B C D A B C D
Semi-synthetic scenario Semi-synthetic scenario Semi-synthetic scenario
@~ TabPFN  —=— Logistic regression ~ —#— CatBoost Random forest ~ —#— XGBoost LightGBM

>
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Figure 12. Direct-transfer performance across four controlled semi-synthetic domain-shift scenarios.
(a) ROC-AUC, (b) PR-AUC and (c) Brier score for the six fixed model implementations. Lower
values are preferable only for the Brier score. A-D denote mild site shift, spatial-energy shift, strong
distribution shift and monitoring degradation, respectively.

For descriptive comparison, the ROC-AUC values in A, B and D remained within the
0.7356-0.8660 block-bootstrap interval obtained from the original held-out period, whereas
C fell below its lower limit. That interval quantifies uncertainty in the original period and
is not a prediction interval for a new domain; the comparison is used only to show the
magnitude of degradation. Raw PR-AUC, precision and F1 were lower partly because the
semi-synthetic positive rates were 6-8 percentage points below the original test prevalence.
Relative to the positive-class prevalence, the PR-AUC lift was 3.74, 2.83, 2.30 and 3.13 in A-D,
compared with 3.28 in the original held-out period. The strong-shift scenario therefore
produced the clearest reduction in ranking performance.

Local threshold selection changed the TabPFN threshold from 0.1184 to 0.0885, 0.1368,
0.1241 and 0.0985 in A-D. It increased recall from 0.6600 to 0.7480 in A and from 0.6173 to
0.7099 in D, but also increased their alert rates by 0.1018 and 0.0510. Changes in balanced
accuracy were —0.0077, +0.0031, +0.0015 and +0.0225. Threshold adjustment did not change
ROC-AUC, PR-AUC or Brier score because the predicted probabilities and their ranking
were held fixed. These results support local selection of an operating point according
to review capacity and missed-event consequences, rather than transferring 0.1184 as a
universal cutoff.

5. Discussion
5.1. Interpreting the Main Findings

Rockburst prediction studies commonly organise engineering cases as tabular samples
and divide them randomly into training and test sets [5]. The present study instead uses
a time-stamped microseismic record from one mine. Neighbouring samples may share
historical events and overlapping forecast periods, so random splitting is unsuitable. To
follow the field sequence of building a model and then processing later data, we divided
the samples chronologically, excluded anchor times within 48 h on either side of each
split boundary, and fixed the alert thresholds before testing. Tables 3-6 therefore describe
performance on a later monitoring period.
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Across the same 671 held-out samples, TabPFN had the highest point estimates for ROC-
AUC, PR-AUC, F1 score, balanced accuracy and recall, and the lowest Brier error. Relative
to logistic regression, the differences were 0.0599 in ROC-AUC, 0.1518 in PR-AUC and a
reduction of 0.0571 in Brier error. Its operating point detected six additional positives with
60 fewer flags and 66 fewer false positives. The paired 14-day block bootstrap supported
positive AUC differences from the four tree models, whereas the interval relative to logistic
regression crossed zero. The results therefore support TabPFN'’s practical advantage over
the evaluated tree implementations in this period, while showing that its discrimination
advantage over the linear baseline is less certain. None of these comparisons demonstrates
reduced rockburst losses or superiority across mines.

SHAP makes the monitoring information used by the fitted classifier easier to inspect.
Preceding-window energy and event count were the most stable leading descriptors, con-
sistent with the importance of activity measures in mining seismology [30]. Their strong
correlation means that the two ranks should be read together. Other energy and activity
descriptors also contribute (Figure 7), but scaled versions of cumulative energy do not
establish separate physical effects. The single-feature comparison supports multivariable
screening; it does not identify which feature group causes the improvement. This distinc-
tion preserves the engineering value of an explanation without interpreting it as a causal
rockburst mechanism [34,66].

5.2. Engineering Scope and Further Validation

The relation between microseismic activity and potential rockburst scale provides an en-
gineering motivation for screening [2,45], but it does not make the future-high-energy label
equivalent to a rockburst observation. Acoustic-emission evidence has likewise described
the pre-failure stage as a reorganisation towards more persistent and temporally clustered
high-intensity episodes rather than a uniform change in one indicator [27]. Persistent or
clustered seismic activity may nevertheless be predictable without a corresponding damag-
ing event. The present data cannot separate that persistence from a precursor specifically
associated with rockburst damage.

A proposed field workflow would start with checking sensor operation, event quality,
energy units and the coordinate system. At each daily anchor, historical features would
be calculated for recently active grids using a fixed site grid. The model would output a
probability and the main SHAP contributions for each eligible grid. Flags would enter a
review queue in which engineers check excavation advance, stress information, geological
structures and support observations before deciding whether additional monitoring or
inspection is warranted. Quiet or unobserved grids would remain explicitly unscreened,
not marked safe. This is a proposed use of the framework, not a deployment trial completed
in this study:.

Transfer to another mine requires more than applying the same numerical threshold.
Lithology, depth, excavation layout, sensor coverage, detection limits and energy estima-
tion can change both the descriptors and the event frequency [17,47]. The controlled
semi-synthetic analysis gives an intermediate stress test: TabPFN retained the strongest
discrimination and probability-error results among the compared implementations in all
four scenarios, but its ROC-AUC declined from 0.8064 in the original held-out period to
0.6992 under the strongest combined shift. Threshold adjustment improved recall in some
scenarios only by increasing the review workload. These results make the likely direction
of transfer sensitivity more explicit, but the catalogues inherit statistical structure from the
source data and contain prescribed rather than observed site differences. They are therefore
not evidence of independent-mine field generalisation.
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The high-energy quantile, spatial scale and probability operating point would still
require local review, with a later period reserved for evaluation. Independent-mine field
validation has not been performed, and the semi-synthetic stress test does not replace it.
Adding geological and stress observations may also change the prediction task and would
require a new evaluation.

Remaining uncertainties include only 50 validation positives, the choice of a 14-day
resampling block and possible spatial dependence not removed by temporal resampling.
Consecutive anchors and neighbouring grids in the held-out period should therefore be
viewed as correlated monitoring decisions, not independent incidents. Although the cali-
bration slope was close to one, the intercept still indicates an overall offset, and reliability
around the selected alert threshold remains uncertain. The enlarged SHAP analysis sup-
ports the principal ranking under the examined computation budgets, but it cannot show
that all rare operating conditions are represented.

A prospective evaluation should preserve the predictions at each anchor, record which
grids were eligible and observed, and link the resulting review decisions to later microseis-
mic and damage observations. This would allow probability reliability, screening coverage
and actual engineering outcomes to be assessed separately. Independent-mine validation
is also required before transferring the numerical threshold or reported performance to
another site.

6. Conclusions

This study connects basic microseismic event records to interpretable screening of future
high-energy activity. Using event time, three-dimensional location and energy, 9116 records
were reconstructed as 3298 grid-time samples with 28 descriptors. The methodological
contribution is the combination of historical state construction, pre-trained tabular inference
and inspection of feature contributions in a chronological evaluation. The output concerns
recently active grids and is intended to support rockburst-related site review, not to predict
damage grades directly.

The test comparison gives TabPFN ROC-AUC 0.8064, PR-AUC 0.5330 and Brier score
0.1190, respectively the highest, highest and lowest point estimates among the six listed
implementations. Its operating point detected six additional positives with 60 fewer flags
and 66 fewer false positives than logistic regression. Paired 14-day block-bootstrap results
support its AUC advantage over the four evaluated tree models, while the interval against
logistic regression crosses zero. Common-bin calibration and enlarged SHAP checks further
show that the model’s probability quality and leading descriptor ranking are not conclusions
drawn from Brier error or one small explanation sample alone.

The engineering value of the framework is to accompany each screening output with
monitoring quantities that can be checked before action. Preceding-window energy and
event count led the reported SHAP rankings, indicating model reliance on recent activity
rather than independent causal effects. The relative model ordering remained comparatively
stable under the tested history-window and grid-size changes, but TabPFN ROC-AUC fell
from 0.8064 at the baseline scale to 0.7481-0.7645 in the alternative settings; the aggregation
scale therefore matters to absolute performance. In the controlled semi-synthetic analysis,
TabPEN retained the highest ROC-AUC and PR-AUC among the six implementations across
all four scenarios, while the decline to ROC-AUC 0.6992 under the strongest combined shift
further shows why site-specific checking is necessary. A practical application would combine
these explanations with data-quality checks and site observations, leave unsupported grids
unscreened, and choose thresholds according to local review capacity and missed-event
consequences. These semi-synthetic results are robustness evidence, not independent-mine
validation; prospective use and cross-mine transfer remain to be tested with field data.
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Appendix A. Derived Feature Definitions

For a grid-time sample, let 4{ denote the events in the current 24 h history window and
H~ the events in the preceding 24 h window; let E; be event energy, u; = (x;,y;,z;) the event
coordinates, @ the arithmetic centroid, @r the energy-weighted centroid, V = (100 m)3 the
cell volume, A, = 24 h and E, the high-energy threshold. Table A1 defines all 28 features.

Table A1. Definitions of the 28 derived features used by the high-energy-event prediction model.

Feature Symbol Definition

Current-window event count N ||, number of events in the current win-
dow.

Event rate (current) r N/A,.

Cumulative energy C > ien Eir

Maximum energy E max max;cy E;.

P90 energy Eqg 90th percentile of {E; : i € H}.

Mean log energy InE % Yieyn(1+Ey).

Log-energy variability SinE standard deviation of {In(1+E;) : i € H}.

Energy concentration K Eax/C.

High-energy count ny i € H :E; > E.

High-energy ratio Py n,/N.

Energy release rate TE C/Ay,.

Preceding-window event count N- |H).

Preceding-window C- >icn-Eir

cumulative energy

Event-count change AN (N=N7)/(N~+1).

Energy change AC (C=CH/(C+1).

Mean inter-event interval T mean of consecutive event time gaps
in H; defaults to A, when fewer than
two events.

Minimum inter-event interval Tinin minimum of those gaps; defaults to Ay,.
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Table Al. Cont.

Feature

Symbol Definition

Inter-event interval variability

Spatial spread in x
Spatial spread in y
Spatial spread in z

RMS spatial spread
Maximum spatial spread

Energy-weighted spread

Event density

Energy density
Energy-centroid offset
Centroid migration

Cy

‘Smig

ratio of the standard deviation to the
mean of the consecutive gaps in #; 0 if

undefined.

standard deviation of {x; : i € }}.
standard deviation of {y; : i € H}.
standard deviation of {z; : i € }}.

1 _
\/ N 2l —al.

max, [[u; — .

ZiEiHui_ﬁEHZ
Z,‘ Ei ’

N/V.
C/V.
lag —al.

), — @), |; displacement of arithmetic

event centroids; 0 if J{~ is empty.

Appendix B. Additional Dependence, Calibration and

Explanation Checks

Table A2 reports 14-day temporal-block-bootstrap intervals for TabPFN. The 1980 valid
paired resamples used the same block indices for every model; 20 requested resamples were

invalid because a required metric could not be calculated. These intervals retain temporal

ordering within the sampled blocks but do not remove all possible spatial dependence.

Table A2. TabPEN test estimates and 95% percentile intervals from the 14-day paired block bootstrap.

Metric Estimate Lower Limit Upper Limit
ROC-AUC 0.8064 0.7356 0.8660
PR-AUC 0.5330 0.4330 0.6321
Brier score 0.1190 0.0942 0.1491
F1 score 0.5612 0.4714 0.6410
Balanced accuracy 0.7768 0.7127 0.8362
Precision 0.4615 0.3811 0.5510
Recall 0.7156 0.6164 0.8049
Alert rate 0.2519 0.1975 0.3115

Table A3. Paired TabPFN-minus-baseline ROC-AUC differences from the 14-day block bootstrap.

Comparator Difference Lower limit Upper Limit
Logistic regression 0.0599 —0.0210 0.1280
Random forest 0.1432 0.0310 0.2400
CatBoost 0.1540 0.0440 0.2500
XGBoost 0.1921 0.0790 0.2920
LightGBM 0.2205 0.0950 0.3320

Table A4. Expanded permutation-SHAP stability checks. Each configuration used three repetitions.

Configuration Background Explained Max Evaluations Rank Agreement Top-10 Overlap
Baseline 5 30 57 0.8451-0.9119 7-9
Expanded background 20 100 285 0.901 9
Larger background 50 100 285 0.918 9
Larger evaluation budget 50 100 570 0.913 10
Larger explanation set 50 300 570 0.909 9
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The maximum absolute reconstruction residual was 9 x 107 for the baseline setting and
no more than 4 x 10~° for the expanded settings. Table A5 gives two anonymised probability-
space decompositions from the expanded explanation output. They supplement, rather
than replace, the representative case in Figure 8.

Table A5. Grouped signed SHAP contributions for anonymised high- and low-output examples.

Descriptor or Quantity High-Output Case Low-Output Case

Preceding-window cumulative energy 0.250 —0.040
Preceding-window event count 0.180 —0.030
Energy change 0.100 —0.010
Current-window cumulative energy 0.080 —-0.010
Energy release rate 0.060 —0.008
Event-count change 0.040 —0.007
Other 22 descriptors, combined —0.050 —-0.015
Background probability 0.180 0.180
Sum of SHAP contributions 0.660 —-0.120
Reconstructed probability 0.840 0.060

Appendix C. Semi-Synthetic Scenario Parameters

Tables A6—AS8 report the deterministic settings used to generate the four domain-shift

catalogues. Moving blocks were sampled from the source event sequence before the listed

temporal, spatial, energy and monitoring transformations were applied. These settings

define controlled perturbations of the source distribution; they do not describe four ob-

served mines.

Table A6. Temporal-resampling settings for the semi-synthetic scenarios.

Time Jitter

Scenario Seed Block Length (d)  Event-Count Factor Activity Bias (min) Time Trend
A: mild site shift 20261011 30 0.96 0.00 8 0.08
B: spatial-energy shift 20261012 10 1.14 0.45 15 0.22
C: strong distribution shift 20261013 5 1.28 1.00 28 0.55
D: monitoring degradation 20261014 14 1.10 0.00 12 —-0.10

Table A7. Spatial transformations for the semi-synthetic scenarios. Values in parentheses are ordered
as stated in the column heading.

Scenario Rotation (°) Scale (x,¥,z) Translation (x,¥,z) (m) Cluster Shift (m)  Location Noise (m)
A 7 (1.05,0.96,1.03) (180, —140, —25) 10 6
B 18 (1.18, 0.86, 1.10) (=260, 220, 35) 28 12
C 31 (1.30,0.78,1.18) (420, —360, 70) 58 20
D 9 (1.04,1.02, 0.98) (120, —180, —15) 12 26
Table A8. Energy and monitoring transformations for the semi-synthetic scenarios.
Scenario Ensecraglz Log-Energy Spread Log-Energy Noise  Tail Amplification Detection Floor = Random Dropout Outages
A 0.90 0.92 0.08 0.00 1.00 0.00 0
B 1.15 1.10 0.20 0.18 1.00 0.00 0
C 1.32 1.19 0.32 0.34 1.00 0.00 0
D 0.94 1.02 0.18 0.02 0.36 0.08 10 (30-84h)
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