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Abstract

Automated condition-monitoring systems often assess several components at every operating cycle.
A separate 95% prediction set for each component does not, however, provide 95% reliability for
the complete system state or for a sequence of cycles. This study formulates the operating-condition
block as the unit of conformal calibration. For every calibration block, the proposed score takes
the maximum nonconformity over four hydraulic components and ten cycles. A finite-sample order
statistic then yields Cartesian component-wise prediction sets with simultaneous block-level coverage
under exchangeable blocks. The method was evaluated on 1,440 stable cycles from the UCI hydraulic
test-rig data, arranged as 144 complete factorial condition blocks. Thirty block-disjoint 72/43/29
training/calibration/test partitions were run with logistic-regression and random-forest backbones.
At nominal 95% coverage, conventional marginal sets covered the complete four-component state in
only 0.817 and 0.818 of cycles and covered whole blocks in 0.499 and 0.546, respectively. Blockwise
calibration increased mean cycle coverage to 0.994 and 0.985 and mean block coverage to 0.971 and
0.946. The price was strongly backbone-dependent: mean Cartesian set sizes were 103.9 and 13.7
out of 144 possible system states. A post-hoc unstable-cycle stress test reduced random-forest block
coverage to 0.830, demonstrating that the guarantee should not be extrapolated across regime shifts.
The results show that reliability claims in multi-component diagnosis must match the operational
decision unit, while set efficiency and exchangeability require explicit auditing.
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1 Introduction

Condition monitoring converts multi-sensor mea-
surements into maintenance decisions before a
component failure becomes a production or safety
event. Machine-learning methods now support
this task across rotating machinery, process sys-
tems, and predictive-maintenance applications
[21, 35, 41]. Much of the literature is organised
around point-prediction accuracy. That objec-
tive is mnecessary but incomplete for an auto-
mated diagnostic layer: an operator also needs to

know when a reported state is unreliable, which
alternatives remain plausible, and what level of
risk a downstream decision is accepting. Recent
fault-diagnosis work has consequently emphasised
probability calibration, model uncertainty, and
distribution shift [22, 33, 37].

Conformal prediction provides model-agnostic
set-valued outputs with a finite-sample marginal
coverage guarantee under exchangeability [1, 13,
36]. Its use in industrial monitoring is grow-
ing. Published applications address online alarm-
flood classification [25], false-alarm control for



principal-component and autoencoder detectors
[10], uncertainty-aware process diagnosis [15], and
class-conditional open-set diagnosis [16]. These
studies establish that conformal tools can make
industrial diagnostic uncertainty explicit. They
also leave a practical question: what event should
the advertised coverage refer to?

An industrial asset can have several simulta-
neously degraded components. Moreover, mainte-
nance decisions may be triggered only after a state
persists over several cycles. If four component-
wise sets each have 95% marginal coverage, the
probability that all four contain their true labels
can be much lower; under independence it is
0.95% = 0.8145. Requiring correctness over ten
cycles compounds the mismatch. Calibrating indi-
vidual sensor rows or cycles therefore cannot
support a whole-system, whole-window reliability
statement. Dependence-aware conformal research
likewise shows that validity hinges on how the
exchangeability structure is defined for calibration
3, 8].

This paper studies three questions: how much
reliability is lost when component-wise coverage
is interpreted as a system-level claim; whether
calibration at the operating-condition-block level
restores the declared whole-window coverage; and
how much diagnostic ambiguity that protection
costs. Its contributions are:

1. A precise distinction among component-wise,
simultaneous per-cycle, and simultaneous per-
block diagnostic coverage.

2. An application-specific  block-level  split-
conformal construction that converts any
collection of component classifiers into inter-
pretable component-wise prediction sets while
controlling omission of any true label over an
entire decision window.

3. A leakage-resistant benchmark on a complete
factorial hydraulic condition-monitoring exper-
iment. All ten cycles from a component-state
combination remain in one of proper training,
calibration, or testing.

4. A 30-split, two-backbone assessment of cover-
age, set efficiency, empty sets, calibration- and
window-size sensitivity, and the consequences
of evaluating not-yet-stable cycles outside the
calibration regime.

The aim is not to introduce another high-
accuracy point classifier. It is to show that the

operational unit attached to an uncertainty guar-
antee changes both the measured reliability and
the usefulness of the resulting diagnostic sets.

2 Related work

2.1 Hydraulic condition monitoring

Hydraulic systems couple pumps, valves, accu-
mulators, cooling circuits, and feedback con-
trol. Their multi-rate pressure, flow, tempera-
ture, vibration, and power measurements provide
complementary views in industrial sensing [32],
while nonlinear couplings and hidden faults make
hydraulic diagnosis difficult [9]. The experimen-
tal data introduced by Helwig et al. [17, 18]
have become a common benchmark because four
component conditions are varied simultaneously
across a full factorial design. Early work used mul-
tivariate statistics and automated feature selec-
tion [18, 31]. Later studies explored real-time
recurrent models [20], multi-rate sensor fusion
[19, 23], early classification [2], hybrid predictive-
maintenance pipelines [6], and functional data
analysis for multi-fault classification [39]. Recent
deep architectures continue to improve feature
extraction and sensor fusion [34, 40].

These works mainly evaluate a component
label or a combined point prediction. High point
accuracy does not specify the probability that
every component state required by a maintenance
decision is covered. The present study retains
simple, auditable backbones and directs method-
ological attention to that system-level risk.

2.2 Set-valued and conformal
classification

Set-valued classifiers trade ambiguity for con-
trolled error [30]. Split conformal classification
separates proper training from calibration, evalu-
ates a nonconformity score on held-out labels, and
selects a finite-sample quantile [1, 29]. This wrap-
per leaves the underlying classifier unchanged.
Risk-controlling prediction sets generalize the
same principle to task-specific losses, including
multi-label decisions [4]; conformal multi-label
algorithms have also been studied directly. In
particular, multilabel confidence sets can repre-
sent label interactions rather than calibrating each
label independently [7, 24, 38].



Most conformal guarantees are marginal over a
new exchangeable observation. Time dependence,
drift, and grouping require care. Block and resam-
pling strategies have been developed for depen-
dent data [8], and hierarchical conformal methods
address observations nested within groups [11],
while weighted and adaptive approaches address
some forms of nonexchangeability [3, 14]. In fault
diagnosis, recent methods quantify uncertainty or
reject unfamiliar samples [16, 22, 26]. Our con-
struction uses a simpler setting: condition blocks
are randomly partitioned from a balanced facto-
rial experiment, and the maximum loss inside each
block is conformalized. The resulting guarantee
is a direct split-conformal rank argument at the
block level, not a claim of robustness to arbitrary
temporal drift.

Max-score aggregation for joint events is itself
a general conformal device, not the novelty
claimed here. Closest in spirit, JANET constructs
rectangular joint regions for multi-step time-series
regression and can control the familywise or K-
familywise error across forecast horizons [12]. The
present problem differs in its output and sampling
unit: it requires Cartesian sets for several multi-
class component states, evaluated across repeated
diagnostic cycles, while whole factorial condition
blocks—not time-index permutations—form the
exchangeable units. Table 1 makes these bound-
aries explicit. The contribution is the operational
formulation, auditable block-disjoint implementa-
tion, and industrial evidence for this classification
setting.

3 Problem formulation

Let a condition block Bj; contain L operating
cycles. Each cycle has a feature vector Xj, €
R? and a vector of K component states Yo =
(Yje1, ..., Yjer). In this study, K =4 and L = 10.
A fitted component classifier supplies probabili-
ties pr(c | z) for class ¢ € Vi, We use the standard
probability-complement nonconformity score

sp(x,c) =1—pr(c| ). (1)

A set-valued diagnosis returns C(z) C Yy, for
every component. Three coverage events should
not be conflated:

ESprPo ™ = (Y, € Cr(Xj0)}, (2)

K

cycle __ component
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Component-wise conformal calibration targets the
first event. Automated release of a complete sys-
tem state requires the second; a persistence-based
maintenance rule requires the third.

4 Materials and methods

4.1 Hydraulic test-rig data

The UCI Condition monitoring of hydraulic sys-
tems data set [17] was measured on a hydraulic rig
with connected primary working and secondary
cooling-filtration circuits. Each 60-s cycle contains
17 sensor streams: six pressures and motor power
at 100 Hz, two volume flows at 10 Hz, and four
temperatures, vibration, cooling efficiency, cool-
ing power, and an efficiency factor at 1 Hz. The
labels describe cooler efficiency (3, 20, or 100%),
valve switching behaviour (73, 80, 90, or 100%),
internal pump leakage (0, 1, or 2), and accumu-
lator pressure (90, 100, 115, or 130 bar). The
data are distributed under CC BY 4.0 with DOI
10.24432/C5CW21.

The source contains 2,205 cycles and an
author-provided stability flag. We excluded 756
cycles for which a static condition might not yet
have been reached. This decision was made before
model evaluation. The stable subset contains all

3x4x3x4=144

component-state combinations. Every combina-
tion has ten stable cycles except a repeated
nominal condition with 19. To create equal-size
blocks, the first ten stable cycles of each combi-
nation were retained, yielding 1,440 observations
in 144 blocks. The excluded unstable cycles were
preserved only for the post-hoc regime-shift stress
test.

4.2 Cycle features and classifiers

Seventeen summaries were computed indepen-
dently for every sensor and cycle: mean, standard
deviation, minimum, 5th, 25th, 50th, 75th and



Table 1 Positioning relative to representative joint and grouped conformal methods. The comparison distinguishes the

protected event from the geometry of the reported prediction set.

Method

Primary task

Calibration struc-
ture

Protected event

Output form

Cauchois et al.
[7]

Dunn et al. [11]

JANET [12]

This study

Multiclass and
multilabel classifi-
cation

Prediction with
nested data
Multi-step  time-

series regression

Multi-component
condition classifi-
cation

Exchangeable
observations

Two-layer hierar-
chical samples
Independent
series  or
permutations
Exchangeable
operating-
condition blocks

time

True class or label vector
is included

Coverage under a hierar-
chical sampling model
FWER/K-FWER
across forecast horizons

Every true component
state in every cycle is
included

Class or structured

label set

Prediction set for a
future response
Rectangular joint pre-
diction region

Cartesian product of
component-wise class
sets

95th percentiles, maximum, root mean square,
median absolute deviation, range, mean absolute
first difference, first-difference standard devia-
tion, normalized linear slope, second-half minus
first-half mean, and lag-one autocorrelation. This
produced 17 x 17 = 289 features. Extraction is
cycle-local and uses neither labels nor information
from other partitions.

Two deliberately different backbones were
used:

1. class-balanced multinomial logistic regression
after feature standardization; and

2. a class-balanced random forest with 300 trees,
square-root feature subsampling, and mini-
mum leaf size two [5].

One classifier was fitted for each component.
Probability scores from different learning algo-
rithms can have different sharpness and calibra-
tion [27]; using two backbones tests whether the
reliability result is model-agnostic while expos-
ing efficiency differences. Implementations used
scikit-learn [28].

4.3 Block-disjoint partitions

For each of 30 repetitions, seed 20260726 + r uni-
formly permuted the 144 condition blocks. The
first 72 blocks formed proper training, the next
43 formed conformal calibration, and the remain-
ing 29 formed testing. Thus no component-state
combination or one of its adjacent stable cycles
appeared in more than one partition. The par-
tition was not optimized using labels, accuracy,
or coverage. Conditional on the proper-training

blocks, calibration and test blocks are a uni-
form random partition of the remaining factorial
conditions.

4.4 Compared conformal strategies

For n calibration scores ai,...,a,, define the
finite-sample conformal quantile
Qlfa(altn) = A([(n+1)(1—a)])» (5)

where a() is the rth order statistic and the
quantile is infinity if r > n.
Four strategies were compared.

Marginal.

For each component k, Eq. (5) is applied to its
calibration cycle scores at level «. This targets
component-wise, not joint, coverage.

Bonferroni.

Each component is calibrated at a/K. A union-
bound argument can protect a simultaneous cycle
event when the relevant calibration units are
exchangeable, but it does not control an entire
L-cycle block.

Joint-cycle.

The score for calibration cycle (4, £) is

cycle
Ry = max sk(Xje, Yier)-

1<k<K



A common threshold is calibrated over pooled
cycles. This directly aligns the score with simul-
taneous component coverage, but treats cycles as
calibration units despite within-block dependence.

Joint-block.

The primary method defines one score per cali-
bration block,

block
Rj ock — lrélzanL sk(Xje, Yj[k)a (6)
1<k<K
and sets
da = Ql—a (R}lalOCk7 s 1R'rbrioCk) . (7)

The component sets remain simple and inter-
pretable:

Ci(z) ={c€ Vi :si(z,0) <qat.  (8)

Proposition 1 (Simultaneous block coverage) Con-
dition on the proper-training data and fitted classifiers.
If the m calibration blocks and one future block
are exchangeable, and ties are handled by the non-
randomized higher quantile in Eq. (5), then the sets in
Eq. (8) satisfy
L K
Pri() () {YVotrk € Co(Xma1,0)}| =1 -0
l=1k=1

Proof Apply the same score function in Eq. (6) to all
calibration blocks and the future block. Exchangeabil-
ity makes the rank of the future block score among
the m + 1 scores uniform up to conservative handling
of ties. The order statistic in Eq. (7) therefore exceeds
the future block score with probability at least 1 — a.
That inequality is equivalent to every true component
label in every cycle satisfying s; < ga, which is exactly
the stated event. O

The proposition is a split-conformal rank
result at the chosen block unit. It does not assume
independent cycles inside a block. It does require
the calibration and future blocks to be exchange-
able after fixing the trained model.

Excluding the backbone’s probability evalu-
ation, calibration requires O(mLK) true-label
score comparisons, stores m block maxima, and

sorts those m values once. At inference, set con-
struction requires one comparison for every can-
didate component class. No conformal refitting is
needed when a new cycle arrives; the wrapper
adds only these class-wise comparisons to the four
classifier evaluations.

Training-only normalization ablation.

As a predeclared score-design check, each compo-
nent/class score was divided by its 90th-percentile
true-label score in the proper-training data, lower-
bounded at 1075, The fixed scale depends on nei-
ther calibration nor test blocks, so the block-rank
argument is unchanged. Supplementary Table S6
reports this ablation; it was not adopted as the
primary method because its efficiency effect was
not consistent across backbones.

4.5 Evaluation and stress test

Nominal coverage levels were 90% and 95%.
We recorded component-wise coverage, simultane-
ous per-cycle coverage, simultaneous whole-block
coverage, the product [], |Ck(x)| (the number
of complete system states consistent with the
Cartesian output), singleton-system rate, and
empty-system rate. Point classifiers were eval-
uated with accuracy, macro-F1, and balanced
accuracy. Results are means and standard devi-
ations over the 30 fixed partitions; 2.5th-97.5th
percentiles across partitions are supplied in the
machine-readable results. Because the partitions
overlap in observations, repetitions quantify split
sensitivity and are not treated as 30 independent
physical experiments.

For a post-hoc stress test, models and thresh-
olds calibrated on stable blocks were applied to
source cycles flagged as not yet stable. Only
unstable cycles whose component-state combina-
tion belonged to that repetition’s test blocks were
included. This is deliberately outside the primary
exchangeable-block claim and tests how clearly
coverage failure exposes a regime mismatch.

4.6 Post-hoc robustness analyses

Two additional analyses were specified after the
primary results had been inspected and are there-
fore labelled post hoc. First, the protected window
was varied over L € {1,5,10}. For each primary
72/43/29 split, the classifier continued to use all



ten cycles in every proper-training block, while
calibration and testing used the first L source-
order cycles per block. This holds the fitted model
and block allocation fixed while changing the
decision window and its conformal threshold.

Second, calibration size was varied over m €
{29,43,57} with 58 fixed proper-training blocks,
29 fixed test blocks, and nested prefixes of a 57-
block calibration pool. Blocks outside a smaller
prefix were unused. Thus, within a repetition, the
fitted classifier and test set were identical across
the three calibration sizes. Both analyses used the
same 30 seeds and the nominal 95% joint-block
method. They assess sensitivity of this benchmark
result; they are not independent confirmation
experiments.

4.7 Computational assistance and
accountability

OpenAl Codex assisted the preparation work-
flow with literature discovery, code generation,
analysis scripting, and manuscript drafting. It
did not make autonomous authorship or account-
ability decisions. Before submission, the named
human authors must independently inspect the
data, code, results, citations, and prose; correct
any errors; approve the final disclosure; and accept
full responsibility for the submitted work.

5 Results

5.1 Point-diagnostic performance

Table 2 confirms that the backbones were infor-
mative but not uniformly easy across components.
Both classified cooler condition perfectly. Pump
leakage was also well separated, with mean macro-
F1 of 0.973 for logistic regression and 0.979 for the
random forest. Accumulator diagnosis favoured
the random forest (0.878 versus 0.755 macro-F1),
whereas valve diagnosis remained the most diffi-
cult random-forest target (0.696 macro-F1). These
differences are useful for the set-valued analysis: a
reliability wrapper must accommodate heteroge-
neous task difficulty rather than hiding it in one
aggregate accuracy.

5.2 Coverage depends on the
declared unit

Table 3 and Fig. 1 show the 95% results. Marginal
component sets yielded mean simultaneous cycle
coverage of only 0.817 (logistic) and 0.818 (ran-
dom forest), close to the 0.95* independence cal-
culation despite substantial dependence among
tasks. Whole-block coverage fell further to 0.499
and 0.546. Thus reporting only four component-
wise coverage values would materially overstate
the reliability of the complete diagnosis.

Bonferroni and  joint-cycle  calibration
improved simultaneous cycle coverage. Their
block coverage nevertheless remained between
0.775 and 0.884. The primary joint-block method
raised mean block coverage to 0.971 for logis-
tic regression and 0.946 for the random forest.
Across splits, the corresponding 2.5th—97.5th per-
centile ranges were 0.859-1.000 and 0.809-1.000,
illustrating finite test-set variability with only 29
held-out blocks. At the 90% target, joint-block
mean block coverage was 0.914 and 0.915 for the
two backbones.

5.3 Coverage—efficiency trade-off

The stronger event was not free. Logistic joint-
block sets contained a mean of 103.9 complete
states and had a median split-level mean of 144,
the entire state space. The same method with
random-forest scores averaged 13.7 states and
had a median split-level mean of 6.0. The large
standard deviation (25.8) reflects a few random-
forest partitions that required very conservative
thresholds. Therefore the conformal construction
is model-agnostic in validity, but not in usefulness.
A high-coverage set can be too broad to guide
maintenance.

The training-only normalization ablation rein-
forced that conclusion. At 95% joint-block cov-
erage, it reduced the logistic mean set size from
103.9 to 33.9 while maintaining 0.966 mean block
coverage, but increased the random-forest mean
size from 13.7 to 47.5 with 0.953 mean block
coverage. A normalization that helps one score
geometry can harm another; it is not a universal
efficiency correction.

Marginal methods were sharper but sometimes
empty: at 95%, their mean empty-system rates
were 0.081 for logistic regression and 0.098 for the



Table 2 Point-prediction performance over 30 block-disjoint repetitions. Entries are mean 4+ standard deviation.

Model Target Balanced accuracy Macro-F1 Accuracy
Logistic regression  Cooler 1.000 £ 0.000 1.000 £ 0.000 1.000 £ 0.000
Valve 0.766 + 0.052 0.745 £+ 0.058 0.755 4+ 0.059
Pump 0.974 +£ 0.026  0.973 £ 0.029 0.973 £+ 0.029
Accumulator 0.767 £ 0.061 0.755 £+ 0.063 0.762 £+ 0.062
Random forest Cooler 1.000 £+ 0.000 1.000 4+ 0.000 1.000 + 0.000
Valve 0.727 £ 0.074 0.696 + 0.086 0.703 £+ 0.085
Pump 0.981 +£ 0.019 0.979 £+ 0.023 0.979 + 0.022
Accumulator 0.885 + 0.067 0.878 £ 0.069 0.884 4+ 0.065

Table 3 Set-valued performance at nominal 95% coverage over 30 block-disjoint repetitions. Set size is the Cartesian
number of complete four-component states; its maximum is 3 X 4 X 3 X 4 = 144. Entries are mean =+ standard deviation.

Model Method Cycle coverage Block coverage  Mean set size Singleton rate
Logistic regression Marginal 0.817 £ 0.061  0.499 £+ 0.117 3.75 £ 1.39 0.088 + 0.071
Bonferroni ~ 0.946 £ 0.029  0.775 £+ 0.097 11.50 £ 7.20  0.007 £ 0.009
Joint-cycle  0.938 £ 0.038  0.776 £ 0.109  16.51 + 17.57 0.015 £+ 0.020
Joint-block  0.994 £ 0.010 0.971 £ 0.050 103.87 &+ 48.06 0.001 £ 0.002
Random forest Marginal 0.818 + 0.082  0.546 4+ 0.146 248 £1.29 0.134 £ 0.084
Bonferroni  0.936 £ 0.054  0.793 £+ 0.126 4.16 £ 1.96 0.045 £+ 0.047
Joint-cycle  0.950 £ 0.046  0.884 £+ 0.074 5.80 £ 6.16 0.065 £ 0.059
Joint-block  0.985 £ 0.025  0.946 £ 0.058  13.65 £ 25.78 0.016 £+ 0.021

random forest. Bonferroni empty rates were 0.017
and 0.021. Neither joint-cycle nor joint-block pro-
duced empty system sets in these experiments.
Empty sets are not a mathematical error, but an
automated workflow must map them to an explicit
escalation or out-of-model response.

5.4 Sensitivity to window and
calibration size

The L = 10 robustness run reproduced every pri-
mary joint-block metric at the repetition level,
providing a direct implementation check. As the
protected prefix increased from one to five and ten
cycles, logistic mean Cartesian set size increased
from 26.68 to 90.36 and 103.87; the corresponding
random-forest values were 10.88, 13.18, and 13.65.
Mean block coverage remained near the 95% tar-
get: 0.938, 0.967, and 0.971 for logistic regression
and 0.960, 0.959, and 0.946 for random forest.
Thus a longer protected window was obtained by
recalibration and wider sets, not by extrapolating
a one-cycle claim (Supplementary Table ST7).

Changing calibration size did not produce
a monotone efficiency gain (Supplementary
Table S8). With the 58-block training fit held
fixed, random-forest mean set size was 29.60,
19.48, and 25.08 for m = 29,43, 57; logistic sets
remained broad at 130.12, 121.15, and 131.02.
All six mean block coverages were between 0.960
and 0.989. At 95%, the finite-sample ranks are
the largest calibration score for m = 29, second
largest for m = 43, and third largest for m = 57.
Additional blocks refine the attainable rank but
also introduce new extreme scores, so sharpness
need not improve monotonically in one finite data
set.

5.5 Unstable-cycle stress test

Figure 2 and Table 4 compare the stable primary
test with cycles that the data providers marked as
potentially not yet at steady state. Logistic sets
remained broad and retained a mean whole-block
coverage of 0.942. The sharper random-forest sets
were more sensitive: group-macro cycle coverage
fell from 0.985 to 0.931, and whole-block coverage
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Fig. 1 Mean simultaneous coverage at nominal 95% across 30 block-disjoint partitions. Error bars show the 2.5th—-97.5th
percentiles over partitions. Solid bars evaluate a component vector for one cycle; hatched bars require all four labels to be

covered in all ten cycles of a test block.

fell from 0.946 to 0.830. The micro cycle value was
lower still (0.894) because several long transition
segments received greater weight. These results
do not invalidate Proposition 1; they demonstrate
that unstable test cycles are not exchangeable
with the stable calibration blocks.

6 Discussion

6.1 The risk statement must match
the decision

The main result is conceptual but operationally
consequential. A statement such as “each com-
ponent has 95% coverage” is not interchange-
able with “the complete system state has 95%
coverage,” and neither statement protects ten
consecutive cycles. The empirical marginal cycle
coverage near 0.82 makes the distinction concrete.
Related joint-label reliability issues arise in multi-
label classification and structured decisions [4, 24];
industrial monitoring adds temporal grouping and
maintenance consequences.

The maximum score in Eq. (6) is intention-
ally strict. One omitted state at one cycle counts
as block failure. This matches applications where
a diagnostic report is released only after a per-
sistence window, or where missing a plausible
component state anywhere in the review window
is unacceptable. A different operational loss could

replace the maximum: for example, allowing one
transient miss, weighting severe component states
more heavily, or controlling the expected number
of omitted labels. Risk-controlling prediction-set
methods provide a broader framework for such
alternatives [4].

6.2 Validity does not imply
usefulness

Logistic regression and random forest used the
same partitions, score definition, and conformal
algorithm. Their block coverage was similar, but
their set sizes were radically different. This is con-
sistent with conformal theory: validity is driven
by exchangeable ranks, while efficiency depends
on how well the score orders correct and incor-
rect labels [1, 29]. The logistic threshold often
admitted nearly the full Cartesian state space. Its
apparent robustness in the unstable stress test is
therefore not necessarily desirable; a vacuous set
is safe but uninformative.

For deployment, coverage and efficiency should
be displayed together. Candidate backbones
should be selected on a locked development pro-
tocol using set size or a maintenance-cost utility,
not test coverage alone. Calibration size also mat-
ters. With 43 calibration blocks, the 95% block
quantile is a high order statistic, so a single
extreme block can enlarge every set. The post-hoc



Table 4 Post-hoc stability-regime stress test for the nominal 95% joint-block method. Entries are mean + standard

deviation across the same 30 partitions.

Model Regime Cycle coverage Group-macro cycle coverage Block coverage
Logistic regression  Stable 0.994 £ 0.010 0.994 £ 0.010  0.971 £+ 0.050

Unstable  0.939 + 0.143 0.975 £ 0.078  0.942 £ 0.112
Random forest Stable 0.985 £+ 0.025 0.985 + 0.025  0.946 + 0.058

Unstable 0.894 4+ 0.164

0.931 £ 0.123  0.830 £ 0.241
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Fig. 2 Joint-block coverage at the nominal 95% level in the stable calibration regime and the not-yet-stable stress regime.
Error bars show the 2.5th—97.5th percentiles across partitions. Broad logistic sets mask much of the shift; sharper random-

forest sets expose a substantial loss of whole-block coverage.

calibration-size analysis showed this finite-sample
stability issue rather than a monotone sharp-
ness improvement. More independent operating-
condition blocks improve rank resolution in princi-
ple, but they do not remove the need to predeclare
the calibration design and audit extreme scores.

6.3 Exchangeability is an
engineering assumption

Conformal prediction does not certify arbitrary
future operation. The exchangeability assumption
must be argued from data acquisition and deploy-
ment. Here it is plausible for a finite-population
experiment because complete condition blocks are
uniformly partitioned after the proper-training
set is fixed. It is not plausible when stable cal-
ibration is applied to early transients without
adjustment. The stress test makes this boundary
visible, especially for the sharper random-forest
model.

Practical systems should therefore monitor
regime indicators, calibration age, sensor avail-
ability, and score drift. If operation changes,
weighted, adaptive, or nonexchangeable confor-
mal methods may be appropriate [3, 14, 26], but
their assumptions and target risk must be vali-
dated for the specific asset. A fallback can abstain,
request additional cycles, or route the case to a
human diagnostician rather than silently reusing
an invalid guarantee.

6.4 Limitations and threats to
validity

First, the evidence comes from one laboratory
hydraulic rig and a balanced factorial condition
design. It does not establish performance on a
production fleet, new fault mechanisms, different
loads, or sensor ageing. Second, labels are con-
stant within a block and the primary block length
is fixed at ten; the post-hoc prefix analysis does



not validate arbitrary maintenance-window def-
initions. Third, the 289 handcrafted summaries
favour transparency and reproducibility but do
not exhaust spectral or learned representations.
Fourth, separate component classifiers do not
model label interactions directly. Fifth, only two
backbones and the probability-complement score
were studied. The very broad logistic sets show
that score design is a material limitation.

Sixth, the deterministic first-ten rule equalised
block sizes but discarded nine additional sta-
ble nominal cycles and may be sensitive to
source ordering; the robustness check changed
prefix length but not cycle-selection order. Sev-
enth, the post-hoc unstable analysis violates the
primary exchangeability design and is diagnos-
tic rather than guaranteed. Eighth, repeated
partitions reuse the same physical cycles; their
standard deviations measure sensitivity to data
allocation, not population sampling uncertainty.
Finally, the method controls marginal coverage
for a randomly drawn future block under the
stated exchangeability condition. It does not pro-
vide conditional coverage for every specific fault
combination or guarantee a small set.

7 Conclusion

Multi-component condition monitoring needs a
reliability unit that matches the automated deci-
sion. On the hydraulic benchmark, conventional
95% component-wise conformal sets covered the
complete state in only about 82% of cycles and
approximately half of ten-cycle condition blocks.
Calibrating the maximum error over all compo-
nents and cycles moved empirical block cover-
age toward the 95% target. The accompanying
increase in ambiguity ranged from moderate for
random-forest scores to nearly vacuous for logistic
scores.

The practical lesson is twofold. First, system-
level coverage should be calibrated and reported
explicitly rather than inferred from component
metrics. Second, a valid prediction set must also
be audited for sharpness and for the exchangeabil-
ity of the intended deployment regime. Blockwise
joint conformal prediction offers a simple, repro-
ducible wrapper for that purpose, but it is a relia-
bility contract tied to a declared data-generating
regime, not a substitute for regime monitoring or
engineering judgment.
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