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ABSTRACT

Semantic data models play a key role in enabling interoper-
ability in industrial plants, and their importance has grown
further with the rapid adoption of industrial artificial intelli-
gence (AI). As Al applications become increasingly preva-
lent, most of them rely on data-driven approaches and ex-
hibit a predominantly black-box nature, making their output
difficult to interpret and explain. To address this limitation,
this work investigates the integration of semantic data mod-
els with Al applications to enhance the interpretability of their
results.

In this study, the OPC UA ISA-95 companion specification
is utilized as the semantic data model, while a random for-
est—based Al model is applied for predictive maintenance in a
manufacturing shop floor context. To support explainable Al
(XAI), the results are evaluated in five dimensions: faithful-
ness, stability, sparsity, redundancy, and calibration. Further-
more, a comparative analysis is conducted under three scenar-
ios: (i) using a flat tabular data set with feature engineering,
(i) incorporating the semantic model, and (iii) augmenting
the semantic model with the flat tabular data set. Preliminary
findings indicate that the integration of semantic data models
enhances the explainability of black-box Al models.

1. INTRODUCTION

Predictive maintenance represents a high impact application
of machine learning (ML) in industrial systems. Machine
Learning based methods have been widely investigated for
detecting and predicting degradation mechanisms such as
bearing wear, pump cavitation, and motor failure (Lei et al.,
2018; Zhang, Yang, & Wang, 2019; Serradilla, Zugasti, Ro-
driguez, & Zurutuza, 2022). Because maintenance decisions
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can affect operational safety, equipment availability, and pro-
duction costs, accurate predictions alone are often insuffi-
cient. Operators, engineers, and regulators increasingly re-
quire interpretable evidence indicating which sensor mea-
surements contributed to a fault prediction, which physical
subsystems were implicated, and how confidently the expla-
nation can be interpreted (Vollert, Atzmueller, & Theissler,
2021; Nor, Pedapati, Muhammad, & Leiva, 2021). These
requirements motivate the use of eXplainable Artificial Intel-
ligence (XAI), which aims to make the behavior and outputs
of ML models inspectable by human stakeholders.

A common industrial XAI workflow represents sensor mea-
surements as a flat set of input features, trains a predictive
model on this representation, and subsequently applies a post-
hoc explanation method such as SHAP (SHapley Additive ex-
Planations) (Lundberg & Lee, 2017; Lundberg et al., 2020).
The resulting explanations assign importance values to indi-
vidual input features. Although such attributions identify in-
fluential sensor variables, they generally do not represent the
structural relationships among the sensors, components, and
equipment to which those variables belong. Consequently,
the explanations remain disconnected from the physical and
organizational structure of the industrial asset.

This limitation is notable because industrial interoperabil-
ity standards already provide machine-readable asset models.
ISA-95, standardized through IEC 62264, defines a hierar-
chical organization of industrial assets across the levels of
enterprise, site, area, line, and equipment (International Elec-
trotechnical Commission, 2013). Similarly, OPC UA (Open
Platform Communications Unified Architecture) provides a
standardized framework for machine-to-machine communi-
cation and information modeling in industrial environments
(International Electrotechnical Commission, 2020). Despite
the availability of this semantic information, conventional
ML pipelines typically discard the asset hierarchy during pre-
processing and retain only a flat matrix of sensor values.
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This study investigates whether preserving and incorporat-
ing the semantic structure of an industrial asset model im-
proves the quality of post-hoc ML explanations. The pro-
posed approach is motivated by the Siemens Industrial In-
formation Hub (IIH), a SIMATIC Industrial Edge applica-
tion that exposes industrial data through semantically struc-
tured OPC UA information models. In particular, the IIH
Semantics component publishes a typed OPC UA address
space, while the OPC UA Aggregation Server consolidates
plant-wide information represented using OPC UA compan-
ion specifications (Siemens AG, 2025, 2024). Companion
specifications extend the OPC UA framework with standard-
ized, domain-specific information models. Examples include
ISA-95, PackML for packaging machinery, and OPC UA
Robotics.

In contrast to a flat comma-separated values (CSV) represen-
tation, an ITH-based OPC UA address space can associate
each process variable with its equipment path, engineering
unit, physical-asset hierarchy, and component group. The
semantic features considered in this work are not manually
engineered from external domain knowledge. Instead, they
are obtained as algebraic summaries of the ISA-95 compo-
nent groups already materialized by the OPC UA companion
specification. For an ITH-equipped industrial system, these
component assignments, equipment paths, and engineering
units are therefore available as a by-product of the existing
interoperability infrastructure rather than as the result of an
additional manual modeling activity.

The experimental study uses the ISA-95 companion specifi-
cation as a concrete realization of the proposed methodology.
However, the method is not specific to ISA-95 and can be
applied to other companion specifications accessible through
the same OPC UA Aggregation Server. To isolate the effect
of the input representation, the predictive model and train-
ing procedure are held fixed, while only the feature encoding
is varied. A conventional flat sensor representation is com-
pared with an ISA-95-aware semantic representation using a
one-to-one correspondence between the underlying sensor at-
tributes.

Explanation quality is evaluated along five quantitative di-
mensions: faithfulness, stability, sparsity, redundancy, and
calibration. These dimensions are implemented using met-
rics supported by the Quantus evaluation toolkit and are mo-
tivated by established studies on the evaluation of XAI meth-
ods (Hedstrom et al., 2023; Bhatt, Weller, & Moura, 2020;
Samek, Binder, Montavon, Lapuschkin, & Miiller, 2017;
Alvarez-Melis & Jaakkola, 2018). This evaluation enables
a systematic assessment of whether industrial semantic struc-
ture improves not only the interpretability of explanations to
human operators, but also their measurable reliability and in-
formation quality.

The principal contributions of this work are as follows:

1. We define a one-to-one feature-encoding methodology
for comparing conventional flat sensor attributes with an
ISA-95-aware semantic OPC UA representation while
holding the predictor and underlying measurements
fixed.

2. We propose a five-dimensional quantitative framework
for evaluating industrial XAI explanations in terms of
faithfulness, stability, sparsity, redundancy, and calibra-
tion.

3. We provide an empirical assessment of whether seman-
tic information already available through OPC UA com-
panion specifications can improve XAl quality without
requiring additional manual feature engineering or asset
modeling.

2. RELATED WORK

Industrial XAl lies at the intersection of semantic data repre-
sentation, post-hoc explanation, and quantitative evaluation.
Accordingly, this section reviews how industrial asset seman-
tics are represented through ISA-95 and OPC UA, how XAI
methods are applied to industrial sensor data, and how ex-
planation quality is evaluated. This provides the basis for
examining whether semantic feature encoding can improve
explanations for industrial fault-prognostics models.

2.1. Semantic Interoperability in Industrial Systems

Semantic interoperability requires both a common represen-
tation of industrial assets and a mechanism for exchanging
that representation between heterogeneous systems. ISA-
95 provides the organizational foundation by defining a hi-
erarchy of industrial assets across the enterprise, site, area,
line, and equipment levels. In addition, OPC UA provides
the corresponding communication and information-modeling
framework. The companion specification ISA-95 connects
these standards by translating the ISA-95 hierarchy into stan-
dardized OPC UA types, including EquipmentType and
PhysicalAssetType. As a result, industrial measure-
ments can be represented together with their asset hierarchy,
component membership, and engineering context rather than
as isolated sensor values.

Siemens Industrial Information Hub (ITH) operationalizes
this semantic architecture on SIMATIC Industrial Edge. Its
semantics component models industrial assets, while its
OPC UA Aggregation Server consolidates data represented
through companion specifications such as ISA-95, PackML,
and OPC UA Robotics. ITH therefore provides off-the-shelve
platform for transformingdistributed sensor measurements to
a unified, semantically structured address space that can sup-
port downstream analytics.

Previous work has primarily studied this infrastructure from
an interoperability perspective, including OPC UA communi-
cation, Industrial Internet of Things integration, IT/OT inte-
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gration and automated asset discovery (Profanter, Tekat, Do-
rofeev, Rickert, & Knoll, 2019; Schleipen, Gilani, Bischoff,
& Pfrommer, 2016; Mazzetti et al.,, 2020; Todkar, Sarkar,
& Solanki, 2025; Todkar, Sarkar, Solanki, & Tylka, 2025).
These studies establish how industrial semantics can be cre-
ated and exchanged, but do not examine how that structure
affects ML models that consume the resulting data. In par-
ticular, whether ISA-95-aware representations improve the
faithfulness and reliability of post-hoc explanations remains
underexplored.

2.2. XAl for Industrial Data

Industrial prognostics increasingly uses post-hoc XAI to
identify the sensor measurements contributing to predicted
equipment faults. SHAP is widely adopted for this purpose
(Lundberg & Lee, 2017; Lundberg et al., 2020; Serradilla et
al., 2022; Nor et al., 2021; Vollert et al., 2021), while LIME
and Anchors provide surrogate- and rule-based alternatives
(Ribeiro, Singh, & Guestrin, 2016, 2018).

Most industrial XAI models, however, operate on flat sen-
sor tables that omit equipment hierarchies, component rela-
tionships, and engineering metadata. Their explanations can
identify influential sensors but cannot directly relate them to
the corresponding physical subsystems. This study examines
whether retaining ISA-95 and OPC UA semantics during fea-
ture encoding produces more informative and quantitatively
reliable explanations.

2.3. Quantitative XAI Evaluation

Although SHAP is widely used in industrial applications, at-
tribution plots alone provide limited evidence of explanation
quality. Quantitative evaluation methods have therefore been
developed to test whether explanations reflect model behav-
ior, remain stable under small perturbations, and concentrate
importance on relevant features (Samek et al., 2017; Alvarez-
Melis & Jaakkola, 2018; Yeh, Hsieh, Suggala, Inouye, &
Ravikumar, 2019; Bhatt et al., 2020). Deletion and insertion
tests, sanity checks, and adversarial robustness analyses pro-
vide complementary measures of these properties (Petsiuk,
Das, & Saenko, 2018; Hooker, Erhan, Kindermans, & Kim,
2019; Adebayo et al., 2018; Slack, Hilgard, Jia, Singh, &
Lakkaraju, 2020). Many such metrics are available through
the Quantus toolkit (Hedstrom et al., 2023). However, quan-
titative XAl evaluation remains uncommon in industrial prog-
nostics, where explanations are typically presented as SHAP
plots supported by qualitative interpretation. This study ap-
plies a multi-dimensional evaluation to determine whether se-
mantic feature encoding improves explanation faithfulness,
stability, sparsity, redundancy, and calibration.

Our literature review indicates that prior work has examined
semantic interoperability, post-hoc XAl, and quantitative ex-
planation evaluation largely as separate topics. This study

connects these areas by evaluating whether semantic asset in-
formation available through ISA-95-aware OPC UA models
improves explanations for industrial fault classification.

The study pursues three aims:

1. Determine the effect of feature encoding on explanation
quality while holding the observations, predictor, and ex-
planation method fixed;

2. Assess whether ISA-95 semantics improve downstream
ML explanations; and

3. Quantify differences in faithfulness, stability, sparsity,
redundancy, and calibration.

We compare flat, semantic-only, and semantic-augmented en-
codings of identical observations using the same random for-
est configuration and stratified train—test split. An asyncua-
based ISA-95 test bench materializes the semantic represen-
tations and emulates the relevant IIH data path. Explanation
quality is evaluated across the five dimensions listed above,
while differences in predictive performance are assessed us-
ing paired bootstrap tests.

To our knowledge, this is the first controlled study to hold the
predictor fixed while varying the representation of the charac-
teristics with respect to the semantics of ISA-95 and OPC UA
and quantitatively evaluating the resulting explanations.

3. METHODOLOGY

Figure 1 shows the end-to-end pipeline; the subsections be-
low detail each phase.

3.1. Dataset Preparation

We use the publicly available Pump Sensor Data dataset
(Elgendy, 2018), a 220 320-row, 1-minute-cadence multivari-
ate time-series capture from an instrumented motor-pump
unit (52 sensors and three operational labels: NORMAL
93.4%, RECOVERING 6.6%, BROKEN 0.003%). The dataset
ships as a flat CSV with no asset hierarchy attached — it is
representative of the historian-style export that motivates this
study — and we re-format it under an ISA-95 information
model (Section 3.B) to expose it through OPC UA. Missing
values are handled with forward/back-fill imputation. Fol-
lowing common practice for severely imbalanced multiclass
prognostics (Lei et al., 2018; Zhang et al., 2019), the tar-
get is collapsed to binary abnormal-vs-normal (6.57% posi-
tive). The fully-null column bearing_temperature_4 is
dropped at modelling time but kept in the OPC UA address
space.

3.2. ISA-95 Information Model

The unit Motor—-Pump-Unit-01 is modelled un-
der ENTERPRISE — SITE — AREA — LINE —
EQUIPMENT (5 levels), with six sub-equipment ob-
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Figure 1. Experimental pipeline. Phase 1: the raw CSV
is lifted into an ISA-95 information model and streamed
through an OPC UA server (IIH analogue) to capture a
roundtrip trace (phasel_summary.json); residual nu-
meric drift is bounded and reported in Eq. (1). Phase 2: three
feature representations are derived from the captured seman-
tic metadata. Phase 3: a single fixed-configuration Random
Forest and TreeSHAP are applied once per representation; the
five-axis XAl metric suite grades the resulting explanations.

jects (Motor, Shaft, Pump, LubricationSystem,
ProcessLoad, GlobalMonitoring). The 52 sensors
are exposed as OPC UA BaseDataVariable nodes;
each carries an EngineeringUnits string property, a
ComponentGroup property (one of 12 ISA-95 compo-
nent groups), and an ISA95Path property. Equipment
nodes carry the EquipmentLevel property required by
OPC 10030 (OPC Foundation, 2022). The IIH-analogue
bench is intentionally minimal: it uses generic OPC UA
objects and string-valued metadata properties rather than the
typed EquipmentType/PhysicalAssetType nodes
and EUInformation structures that a fully conformant
companion-server (such as IIH) would emit. The metadata
required to instantiate the typed nodes (paths, units, groups)
is preserved end-to-end and made available to the consumer;
conformance to the ISA-95 companion specification is there-
fore a packaging step rather than an information change. The
model lives in poc/asset_model.py.

3.3. OPC UA Test Bench (ITH Analogue)

An asyncua 2.0 server (poc/opcua_server.py) hosts
the address space and replays the dataset row-by-row.
A separate client process (poc/opcua_capture.py)
subscribes to all 52 variables plus a row_index trig-
ger that the server bumps after each row’s writes; this
gives the client an atomic snapshotting cue. Captured
rows are written in long form with full ISA-95 decora-
tion (enterprise, site, area, line, equipment,

sub_equipment, component_group, node_id,

isa95_path, engineering_unit).

We pivot the captured long-form table back to wide form
by (row_index, browse_name), align with the source
CSV’s first 200 rows, and compute the per-column max ab-
solute difference as in Eq. (1).

be = ignl_agéolxi,c — Ty

- 1
, 0= — O 1
MZ (1)

ceC

Across the 52 captured columns we observe max, 0, = 79.17
and § = 8.55 (Data/phasel_summary.json). The
residual is non-zero — the bench at this stage demonstrates the
IIH-portable transport path (asset-model lift, OPC UA host-
ing, client-side capture, long-to-wide reconstruction with full
ISA-95 decoration) rather than bit-for-bit fidelity; isolating
the remaining drift (likely a row-alignment or floating-point-
encoding effect) is left to follow-up work and does not bear
on the encoding-vs-explanation comparison studied in Sec-
tions 45, which uses the source CSV directly.

3.4. Three Feature Representations

e flat: 51 raw sensor columns (bearing_temperature_4
excluded).

* semantic-only: 63 derived features = 12 components x 5
stats (mean / std / max / min / range) + 3 equipment-level
aggregates.

e semantic-augmented: 114 features (the union).

Constructionisinpoc/build_semantic_dataset.py;
the per-component aggregate is a leakage-free algebraic sum-
mary of values already in the same row.

3.5. Predictor

A single fixed Random Forest configuration is used in
all three runs: n_estimators=120, max_depth=12,
class_-weight=balanced_subsample,
random_state=42. The same stratified 80/20 split
(random_state = 42) is reused, so the test indices
are byte-identical across the encodings; this enables for
paired-bootstrap analysis.

3.6. XAI Evaluation Metrics

Five axes are computed on a 200-row stratified evaluation set
(100 positive, 100 negative). Per-feature attributions are pro-
duced by TreeSHAP — the exact, polynomial-time variant of
SHAP for tree-ensemble models (Lundberg et al., 2020) —
with a 100-row reference background set used to define the
baseline expectation.

(a) Faithfulness (Petsiuk et al., 2018; Samek et al., 2017): or-
der features descending by |SHAP|; sweep k from 0 to 7y in
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Table 1. Random Forest, full-data stratified 80/20 split. 95%
CIs from 500 bootstrap resamples.

Encoding #feat. FI1[95% CI] PR-AUC
flat 51  .9964[.9947,9977] 1.000
semantic-only 63 .9981[.9968,9991] 1.000
semantic-augmented 114 .9988[.9978,.9997] 1.000

Table 2. Paired-bootstrap deltas (same test indices, 500 re-
samples, two-sided p).

Comparison AF1[95% D
sem-only vs. flat  +.00174 [+.0002, 4-.0033] 0.036
sem-aug vs. flat  +.00242 [+.0012,+.0037] < 0.001

10 steps; record P(yj = 1) when the top-k features are zeroed
(DELETION) or restored from a zero baseline (INSERTION);
report the trapezoidal AUC. (b) Stability (Alvarez-Melis &
Jaakkola, 2018): empirical Lipschitz constant under addi-
tive Gaussian noise of 1% per-feature standard deviation. (c)
Sparsity at two resolutions (Bhatt et al., 2020): number of
features and number of ISA-95 components needed to capture
90% of |[SHAP| mass per sample. (d) Redundancy stress:
three sensors duplicated with 5%-noise copies; the Random
Forest is retrained; the fraction of |SHAP)| that migrates from
the original to the duplicate is reported. (e) Calibration
(Guo, Pleiss, Sun, & Weinberger, 2017): 15-bin expected cal-
ibration error (ECE), the mean discrepancy between predicted
probability and empirical accuracy across bins.

4. RESULTS

4.1. Predictive Performance (H1)

Table 1 reports point metrics with bootstrap 95% confidence
intervals (CIs). Paired-bootstrap deltas (Table 2) confirm that
semantic encodings do not degrade — and slightly improve —
the F1 score. The precision-recall area under the curve (PR-
AUC) is saturated.

HI1 is supported.

4.2. Faithfulness (H2)
Deletion AUC drops sharply (Table 3). Relative reduction:
0.4506 — 0.3482

04506~ 227% (sem-only vs flat),
0.4506 — 0.3225
T 04506 28.4% (sem-aug vs flat).

The faithfulness score INS—DEL improves from —0.173 to
—0.066, a +62% relative improvement. H2 is supported.

Figure 2 plots the deletion curves for all three encodings; the
visual separation makes clear why the semantic-augmented
model has the lowest deletion AUC.

Table 3. Faithfulness (200-row stratified evaluation set).

Encoding DEL] INST INS—-DEL T
flat 0.4506 0.2772 —0.1734
semantic-only 0.3482  0.2492 —0.0990
semantic-augmented  0.3225  0.2561 —0.0664

SHAP Deletion Curves — lower area = higher faithfulness

T T I I
0.8 - —e— flat (AUC=0.451) |
~ —— sem-only (AUC =0.348)
g —A— sem-aug (AUC=0.323)
=z 0.6
3
<
2
@
L o4
a8
g
s 0.2
0 | | | |
0 0.2 0.4 0.6 0.8 1

Fraction of features zeroed (descending [SHAP| order)

Figure 2. SHAP deletion curves (200-row stratified evalu-
ation set, 100 positive / 100 negative). Features are zeroed
progressively in descending |[SHAP)| order; a lower area un-
der the curve (AUC) indicates that the top-ranked features
are genuinely decision-critical, i.e. the explanation is more
faithful. The semantic-augmented encoding achieves a 28.4%
lower deletion AUC than flat (Table 3).

4.3. Stability

Mean Lipschitz under 1% Gaussian noise: Lg, = 0.00243,
Lem-onty = 0.00164, Leem-ane = 0.00116. Relative improve-
ment vs. flat: (0.00243 — 0.00116)/0.00243 = 52.3%. All
encodings are very stable in absolute terms.

4.4. Sparsity at Two Resolutions (H3)

The result splits across the two semantic encodings. The
semantic-only encoding requires 6.39/5.71 = 1.119x
(+11.9%) more components to reach 90% mass than flat:
dropping the raw sensors removes attribution paths the model
otherwise exploits, and component-level conciseness suffers
as a result. The semantic-augmented encoding, by contrast,
has 114/51 = 2.24x as many features as flat yet requires
only 5.80/5.71 = 1.016 x as many components for the same
90% mass: a +1.6% change at the component level versus
a +124% feature-space increase (Table 4). H3 is supported
for the semantic-augmented encoding, which is also the
encoding that delivers the headline faithfulness, stability,
and calibration gains; the semantic-only encoding does not
preserve component-level conciseness in this dataset.
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Table 4. Number of features and ISA-95 components needed
to capture 90% of [SHAP| mass.

Encoding feats. for 90% comps. for 90%
flat 155 5.71
semantic-only 22.0 6.39
semantic-augmented 31.6 5.80

Table 5. Cross-axis summary; arrows indicate desired direc-
tion. Relative gain compares the best semantic encoding to
the flat baseline.

Axis flat best-sem. rel. gain
FI (1) 0.9964 0.9988  +0.24%
Deletion AUC () 0.4506 03225 —28.4%
INS—DEL (1) —0.173 —0.066 +61.7%
Lipschitz () 0.0024 0.0012 —-52.3%
Comp. for 90% (1) 5.71 5.80 +1.6%
Redundancy stolen ({) 0.420 0.423 +0.7%
ECEis () 0.0016 0.0013 —18.8%

4.5. Redundancy Stress

Stolen-fraction under 5%-noise duplicates of three rep-
resentative  sensors (motor bearing.vibration_x,

bearing_temperature_3,pump_outlet_pressure):

stolengy,, = 0.420, stolengem-ang = 0.423. ISA-95 grouping
does not by itself defend against attribution-splitting, con-
sistent with known TreeSHAP behaviour under collinearity
(Lundberg et al., 2020). Two additional observations are
worth noting. First, the semantic-only representation cannot
be directly stress-tested in this way because it contains only
component-level aggregates, not the raw sensor columns
that the duplicates are injected into; the result JSON records
this as a warning (phased4_xai metrics. json). Sec-
ond, a practical remedy that does not require changing the
model is component-level SHAP aggregation: summing
|SHAP| values within each ISA-95 component group as a
post-processing step. This concentrates attribution at the
physically-interpretable subsystem level and is already im-
plicit in the sparsity analysis (Table 4), where the semantic-
augmented encoding needs only 1.6% more components
despite a 124% feature-space increase.

4.6. Calibration
ECE;5:  flat 0.0016, semantic-only 0.0013, semantic-
augmented 0.0013. Relative improvement —18.8%.

4.7. Cross-axis Summary

Table 5 consolidates the seven headline numbers.

4.8. Temporal Generalization (Robustness Check)

The results above use a stratified random 80/20 split. Because
the dataset is a time series with strong row-to-row autocor-
relation, such a split can place near-duplicate neighbours on

Table 6. Temporal split (episodes 14 train, 5-7 test). Ab-
solute scores collapse versus the random split (Table 1), but
the aggregate-only encoding remains robust to cross-episode
generalization.

Encoding F1 PR-AUC Recall MCC
flat 0.369 0918 0230 0.448
semantic-only 0.871 0978  0.784 0.868
semantic-augmented  0.381 0.936 0242 0449

both sides of the boundary and make absolute scores opti-
mistic. We therefore re-ran the three-encoding comparison
under a chronological split. A canonical last-20% holdout
is degenerate here: all seven abnormal episodes fall in the
first ~ 75.5% of the timeline, so the final 20% contains zero
positives. We instead cut the timeline so that the earlier
failure episodes (1-4) form the training period and the later
episodes (5-7) form the test period — a genuine “predict fu-
ture failures from past failures” evaluation with both classes
present on each side (poc/train_rf_temporal.py,
results/phase2_temporal metrics. json).

Two effects stand out (Table 6). First, every encoding’s
operating-point performance drops sharply relative to the
random split, confirming that the near-perfect random-split
scores are optimistic for this autocorrelated series. Second,
the semantic-only encoding is markedly more robust to cross-
episode generalization (F1 0.871, recall 0.784) than either the
flat (F1 0.369, recall 0.230) or the semantic-augmented (F1
0.381) encoding; the paired-bootstrap gain of semantic-only
over flat is AF1 = 40.50 [4+0.49,+0.51], p < 0.001. The
component aggregates (per-group mean/std/max/min/range)
evidently capture a failure signature that transfers across
episodes, whereas the high-cardinality raw sensors offer the
greedy tree learner more episode-specific split points to over-
fit — which is also why re-adding the raw sensors (semantic-
augmented) drags performance back down to the flat level.
PR-AUC degrades more gracefully than F1 (0.92-0.98), in-
dicating the ranking is partially preserved while the fixed 0.5
operating threshold is what collapses for flat and augmented.
The ordering is consistent across cut fractions 0.45/0.50/0.55
(semantic-only F1 0.88/0.87/0.87 vs. flat 0.35/0.37/0.34); at
a 0.60 cut all three recover to F1 = 0.98 precisely because
the dominant episode then leaks into training, confirming the
cross-episode mechanism.

This probe should be read as exploratory, not a second head-
line result: the test positives are dominated by a single
long recovering episode, so the estimate has high variance,
and a rigorous treatment requires rolling-origin or leave-
episode-out cross-validation on a benchmark with more fail-
ure events (Section 5.C). It nonetheless reframes the con-
tribution usefully: the semantic-augmented encoding max-
imizes in-distribution explanation quality (faithfulness, sta-
bility, calibration; Tables 3-5), while the aggregate-only en-
coding maximizes temporal robustness — both vindicating the
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ISA-95 semantic layer as more than an interoperability con-
venience.

5. DISCUSSION
5.1. Why Semantic Encoding Helps Faithfulness

TreeSHAP allocates attribution by averaging over feature or-
derings; under the semantic-augmented encoding many fea-
tures are statistical summaries of physically-coherent groups.
The model can therefore route predictive signal through
aggregate features without being forced to average across
near-duplicate raw sensors, sharpening the SHAP rank order
and reducing the fraction of marginal attribution outside the
model’s actual decision logic. The deletion-AUC test exposes
this: removing top-ranked features in the semantic model col-
lapses the prediction faster.

5.2. Comparison with Prior Industrial XAI Work

Industrial-prognostics SHAP applications (Serradilla et al.,
2022; Nor et al., 2021; Vollert et al., 2021) typically report
SHAP plots and domain-expert review without quantifying
explanation quality. Our results suggest that publishing only
F1 / PR-AUC misses a ~ 28% gain in faithfulness obtain-
able from an information-model layer that is, on many sites,
already deployed via an IIH. Conversely, IIH-focused papers
(Profanter et al., 2019; Schleipen et al., 2016; Mazzetti et
al., 2020; Todkar, Sarkar, & Solanki, 2025; Todkar, Sarkar,
Solanki, & Tylka, 2025) stop at data integration; this work
quantifies what that integration is worth at the explanation
layer.

5.3. Limitations

1. PR-AUC saturation: predictive gains are bounded by the
near-perfect baseline. Replication on a non-saturated
dataset (PHM 2008, NASA bearing) is the obvious next
step. With F1 > 0.996, the test set contains very few un-
certain predictions (probability € [0.2,0.8]), precluding
a difficulty-stratified XAl evaluation on this dataset; such
an evaluation should be prioritised on a harder bench-
mark where explanation quality matters most.

2. Single architecture (RF) and single dataset.

One ISA-95 mapping; a sensitivity study on alternative
groupings would distinguish the principle from the spe-
cific grouping.

4. Redundancy stress unaffected: TreeSHAP collinearity
weakness is inherited (Section 4.D).

5. Split methodology: the headline metrics use a stratified
random split, appropriate for the in-distribution compar-
ison but optimistic for an autocorrelated series. The
temporal probe of Section 4.8 is itself limited — its test
positives are dominated by a single recovering episode
— so the striking robustness of the aggregate-only en-

coding needs confirmation under rolling-origin or leave-
episode-out cross-validation on a benchmark with more
failure events.

6. OPC UA roundtrip fidelity: the test bench currently ex-
hibits a residual numeric drift (§ = 8.55, max,d, =
79.17; Eq. 1) rather than bit-for-bit reconstruction. We
attribute this to row-alignment in the asynchronous snap-
shotting rather than an OPC UA protocol limitation (the
wire format carries exact 64-bit floats); a deterministic-
alignment fix is future work and does not affect the en-
coding comparison, which uses the source CSV directly.

5.4. Path to ITH Deployment

Because the asset model is the single source of truth and
OPC UA companion specifications are vendor-neutral (OPC
Foundation, 2022; International Electrotechnical Commis-
sion, 2020), the same ComponentGroup and ISA95Path
properties populate the IIH semantic model (Siemens AG,
2024), the captured datasets, and the SHAP component-
aggregator. The XAI evaluation harness is portable to a real
ITH installation by changing the OPC UA endpoint URL,
and to other companion specifications (PackML, Robotics)
by swapping the asset-model module.

To make the benefit concrete, consider an operator receiv-
ing a fault alert. With a flat-encoded model, the SHAP re-
port names individual sensors (sensor_23, sensor_47); the
operator must manually consult a tag dictionary to identify
which physical subsystem each tag belongs to before rout-
ing the work order. With the semantic-augmented model the
component-level attribution (Table 4) already answers which
subsystem — e.g., BearingAssembly: 68% of attribution — en-
abling immediate routing to the correct maintenance team
without an extra lookup. The 28% faithfulness gain amplifies
this advantage: features ranked as important by TreeSHAP
are more likely to be genuinely decision-critical rather than
incidental correlates, reducing the risk of a team investigat-
ing the wrong component.

6. CONCLUSION

This study investigated whether semantic information from
OPC UA companion specifications can improve post-hoc
XAI for industrial fault-prognostics models. Using an ISA-
95-aware feature representation and a fixed predictor, we
observed near-equivalent predictive performance (AF1 <
0.0024) alongside substantial improvements in explanation
quality. The semantic representation reduced SHAP deletion
AUC by 28%, improved Lipschitz stability by 52%, preserved
component-level conciseness despite a 2.2x larger feature
space, and reduced calibration error by 19%.

These results demonstrate that semantic metadata already
available through industrial interoperability infrastructure can
produce more faithful, stable, and reliable explanations with-
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out additional manual asset modeling. Although evaluated
using ISA-95 and Siemens IIH, the proposed methodology
is applicable to other OPC UA companion specifications and
production endpoints. Code, data, and results are released to
support reproducibility.
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