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Abstract

Prediction of the time to failure of pipeline materials supports inspection scheduling within
risk-based inspection (RBI) frameworks. We compare three survival models, namely the
Cox proportional hazards model (Cox PH), the random survival forest (RSF), and XGBoost
with the survival:cox objective, on 823 corrosion incidents from the PHMSA database
(1986-2025) retained after an engineering-validity screen. The comparison turns on a point
that is easy to miss at the level of implementation. For the survival:cox objective, the
predict() method of XGBoost returns the hazard ratio exp(f}), whereas the Breslow estimator
of the baseline cumulative hazard expects the linear predictor 7 and applies the exponential
internally. Chaining the two evaluates exp(exp(fj)). Both maps are strictly increasing, so
the concordance index is identical under either scale, to the last representable digit in our
computation, and the defect does not appear in discrimination-based validation, while the
estimated survival function is destroyed. A simulation with a known survival function
isolates the magnitude: substituting the hazard ratio for the linear predictor raises the
mean absolute deviation of S(t | x) from 0.073 to 0.398 and the integrated Brier score (IBS)
from 0.154 to 0.395, at an unchanged concordance index of 0.723. On the pipeline corpus,
the erroneous scale inflates the IBS to 0.356 =+ 0.043 over 20 random splits. On the correct
scale, XGBoost-Cox attains C = 0.871 & 0.017 and IBS = 0.0614 + 0.0056 and exceeds both
reference models on both axes simultaneously (Cox PH 0.853 &£ 0.018 and 0.0717 £ 0.0067;
RSF 0.807 £ 0.020 and 0.0751 =+ 0.0030; two-sided Wilcoxon p = 1.9 x 10-6 throughout).
It also attains the lowest expected calibration error at every horizon from 10 to 40 years.
No post hoc calibration is required, and adding one degrades the result. Out-of-time
validation preserves the discrimination, whereas the absolute probabilities require periodic
re-estimation of the baseline hazard. The feature-importance hierarchies agree with the ISO
8044 classification of corrosion factors.

Keywords: survival analysis; time-to-failure modelling; gradient boosting; Breslow
estimator; predictor scale; concordance index; integrated Brier score; material degradation;
pipeline corrosion; PHMSA

1. Introduction

Direct losses from metal corrosion are estimated at 3-4% of the gross domestic product
of developed industrial countries. When equipment downtime, accidents, and environmen-
tal damage are included, the total effect can exceed 6% of GDP [1]. For the United States, a
comparable estimate gives 276 billion USD in annual direct costs at the end of the 1990s
and 550 billion USD when indirect effects are included [2]. For China, the corresponding
share is approximately 3.3% of GDP [3]. A substantial part of these costs can be avoided by
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timely and accurate failure prediction. Accurate models reduce the number of redundant
inspections and lower the risk of a missed defect, which makes the estimation of failure
probability a question of direct economic value.

The scale of these losses follows from the structure of the underlying process. Corro-
sion of metal in contact with soil or water rarely reduces to a single mechanism. Uniform
surface dissolution, localized pitting, stress corrosion cracking, microbially influenced
damage, and corrosion under insulation can develop simultaneously within the same pipe
section [4,5]. These mechanisms can reinforce one another, and the resulting damage rate
depends on dozens of interrelated factors, including the composition of the environment,
the temperature, the condition of the protective coating, the performance of cathodic pro-
tection, and microbial activity. This multifactorial character distinguishes corrosion from
simpler service-life problems and makes it a suitable object for validating methods designed
for heterogeneous, interacting variables. A methodology validated on corrosion data can
later be transferred to other complex degradation processes with a similar data structure,
such as fatigue under cyclic loading, radiation embrittlement, and high-temperature creep.

The growing interest in machine learning for corrosion prediction is motivated by
the limitations of empirical models. Ensembles of decision trees, including Random
Forest, gradient boosting, and XGBoost, systematically outperform classical regression
relationships in predicting the corrosion rate of low-alloy steels in marine and atmo-
spheric environments [6,7]. For pipeline transport, similar ensemble algorithms have
been applied to the estimation of internal corrosion from pressure, temperature, and CO,
concentration [8], while reviews of stress corrosion cracking report limited validation of
such models on field data [9]. Within the RBI methodology, machine learning is used
to automate screening risk assessment and reaches equipment classification accuracies
above 90% [10], including problems specific to hydrogen technologies [11]. These studies
formulate the task as regression of the corrosion rate or as threshold risk classification
rather than as censored time-to-event analysis, and they do not provide a probabilistic
estimate of PoF(t) over an arbitrary horizon.

The task has a statistical structure that is common to all time-dependent degradation
processes. A population of objects with individual characteristics moves toward a failure
event that, for some objects, has not yet occurred at the time of observation, so the data
are right-censored. Survival analysis is the branch of statistics developed for exactly
this data structure. Its machine-learning extensions, such as random survival forests
and gradient boosting with a Cox loss, capture nonlinear feature interactions without
prescribing a specific physical degradation law in advance. The integrity management of
gas transmission pipelines, formalized in the RBI standards API RP 580 [12] and API RP
581 [13], is a convenient testbed for these methods because an extensive open registry of
operational incidents exists and the material and environmental characteristics are clearly
defined. Corrosion accounts for approximately one-quarter of the reported incidents on gas
transmission pipelines in the registry studied here, which motivates the practical interest in
data-driven prediction of corrosion failure probability.

Modern survival analysis originates from the semi-parametric Cox proportional haz-
ards model, in which the coefficients are estimated by maximizing the partial likelihood
and the baseline hazard is recovered separately in a non-parametric way [14]. Random
survival forests relax the proportional-hazards assumption and capture nonlinear feature
interactions through an ensemble of trees [15]. Gradient-boosting models, in particular XG-
Boost with the survival:cox objective, combine the Cox partial likelihood with an additive
expansion over decision trees and are becoming a standard choice in applied work [16].
These methods have been applied to pipeline integrity and to broader material reliability
problems [17-20]. Direct comparisons of different architectures on a single dataset, with
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a unified validation scheme and explicit calibration checks, remain rare [21,22]. In addi-
tion, the interaction between gradient-boosted survival models and post hoc recovery of
the baseline hazard by the Breslow method is poorly studied. This question matters for
obtaining correct absolute probabilities rather than only a correct risk ranking.

This work addresses a specific practical gap. Gradient-boosted survival models are
widely reported to rank objects well while producing absolute failure probabilities that are
unsuitable for engineering decisions, and this pattern is usually attributed to the architec-
ture of the booster. The pattern is reproduced exactly on the present corpus, and its origin
is an interface-level mismatch of predictor-scale conventions between the boosting library
and the baseline-hazard estimator. Once the two conventions are aligned, the contradiction
disappears. XGBoost-Cox becomes superior to Cox PH in discrimination and in calibration
at the same time, and no post hoc correction is required. The result is established on
823 PHMSA corrosion incidents (1986-2025) and is supported by a simulation in which the
true survival function is known by construction. The feature importances recovered inde-
pendently by the three models are consistent with the normative classification of corrosion
factors in ISO 8044 [23], which serves as an interpretability check. Throughout the paper,
the transferability of the approach to other degradation problems is treated as a hypothesis
to be tested rather than as an established property (Sections 3.7 and 4.4).

The distinction matters for how such results are read. A body of work reports gradient-
boosted survival models that discriminate well and calibrate poorly, and proposes post hoc
corrections in response, ranging from isotonic and spline-based recalibration of predicted
probabilities at fixed horizons [24,25] to temporal recalibration of the baseline of an existing
Cox model [26]. Such corrections are appropriate when the deficiency is genuine. When
the deficiency originates instead in a scale-convention mismatch, a monotone post hoc
transformation can appear to repair the model while acting only as an approximate inverse
of a spurious exponential. A logarithmic compression illustrates the mechanism, since
log(1 + exp(1i)) approaches fj for 1] well above zero; the approximation fails for fj < 0, and
the resulting procedure is unstable across splits. Supplementary Material S2 documents
this behaviour on the present corpus. Explicit reporting of the predictor scale is therefore a
precondition for interpreting published calibration results for boosted survival models.

The aim of this study is to determine whether a gradient-boosted survival model
can provide, at the same time, the ranking accuracy required for inspection prioritization
and the calibrated absolute probabilities required for quantitative risk computation within
RBI frameworks. The contributions are threefold. First, we identify and quantify a scale-
convention mismatch in the common XGBoost-Cox pipeline with post hoc Breslow recovery,
and show by simulation against a known survival function that it inflates the integrated
Brier score by a factor of 2.6 while leaving the concordance index unchanged. Second,
we report a corrected benchmark of three survival models on the pipeline corpus, in
which XGBoost-Cox exceeds Cox PH in discrimination and in calibration simultaneously,
without any post hoc correction. Third, we present a validation protocol that combines
repeated random splits, a simulation with known ground truth, permutation controls,
out-of-time and leave-region-out designs, and an explicit treatment of the observation
window, including left truncation and the role of calendar covariates.

2. Materials and Methods
2.1. Data Source and Corrosion Subset

PHMSA incident reports for gas transmission and gathering pipelines for the period
1986-2025 were obtained from the open registry maintained by the U.S. Department of
Transportation [27]. Three reporting periods with different column schemas (1986-2001,
2002-2009, and 2010-2025) were harmonized into a single table with 4293 records. Filtering
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by the cause field CORROSION produced 964 records. Duplicate entries and entries with
critical missing values in modelling-relevant fields were removed. The remaining records
were screened against engineering-validity bounds. The pipeline age had to be consistent
with the installation date, the wall thickness had to lie within API 5L ranges, the diameter
had to be at least 2 in, and the incident and maximum operating pressures had to be strictly
positive and below 4000 psi. Values violating these bounds were treated as invalid and were
either removed or, for isolated implausible covariate entries, set to missing and handled by
the imputation described in Section 2.2. The working corpus contains N = 823 incidents and
covers 38 U.S. states and the federal Outer Continental Shelf waters of the Gulf of Mexico.
The stationarity of the corrosion incident share fcorr(t) = Ncorr(t)/Nall(t) was verified with
the non-parametric Mann—-Kendall trend test [28,29] (Z = —1.11; p = 0.27; Sen’s slope of
—0.001 per year).

The time-to-event variable T is defined as the pipeline age at the moment of the
recorded incident. The event indicator 3 is given by the binary SIGNIFICANT field, which
separates significant from non-significant incidents (597 versus 226 records, imbalance ratio
IR = 2.64). This formulation reduces the problem to a standard right-censored survival
analysis setting.

Three properties of this formulation should be stated explicitly. First, the corpus
consists of incident records only, because the PHMSA registry does not enumerate the
population of in-service pipeline segments that have never experienced a reportable inci-
dent. The estimand is therefore the conditional distribution of pipeline age at a significant
corrosion incident, given that a reportable corrosion incident occurred. This quantity is
suited to comparative risk ranking among incident-prone assets rather than to absolute
population-level failure rates. Second, treating non-significant incidents as right-censored
observations assumes that, conditional on the covariates, a non-significant incident at age t
carries no information about the age at which a significant incident would have occurred.
This non-informative censoring assumption cannot be tested from the registry alone. Its
implications, together with the competing-risks alternative, are discussed in Section 4.4.
Third, pipes installed before the observation window opened in 1986 enter the registry only
if they survived to that date, which constitutes left truncation (Figure 1). A delayed-entry
analysis that quantifies this effect is reported in Section 3.6. The time origin Ty is fixed
as the year of installation, so the time scale T is pipeline age. Because Ty varies across
installation cohorts, the out-of-time and cohort-extrapolation analyses in Section 3.7 test
whether the models capture material ageing rather than epoch-specific manufacturing
effects. A sensitivity analysis in Section 3.8 confirms that removing the records that violate
the validity bounds shifts the headline metrics by less than one standard deviation.

The composition of the corpus drifts across the reporting decades. The share of
incidents classified as significant rises monotonically from 0.38 in the 1980s to 0.87 in the
2020s, and the median pipeline age at incident rises from 24 to 52 years. This drift reflects
both the ageing of the network and the tightening of the reporting criteria across the three
regimes. A decade-by-decade composition table is provided in Supplementary Material S15.
The practical consequence of this drift for model transfer is quantified by the out-of-time
validation in Section 3.6.

2.2. Feature Engineering

Each record is described by fifteen covariates, namely SYSTEM_TYPE, STATE,
CLASS, SHORE, PRESSURE_INCIDENT, PRESSURE_MAX_OP, MATERIAL, INSTAL-
LATION_YEAR, DIAMETER, THICKNESS, MANUFACTURED_YEAR, PIPE_COATED,
PROT, PROT_YEAR, and LOCATION. The categorical feature STATE is one-hot encoded
with 38 levels. Missing values in the PROT and PROT_YEAR fields are treated as an
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informative NO_DATA category because their non-random occurrence carries predic-
tive information about installations that precede the introduction of mandatory cathodic-

protection registration.

Observation process in the PHMSA registry: delayed entry (left truncation)

Pipe A — installed 1960; significant incident 1998 (event, age 38)

Pipe B — installed 1972; non-significant incident 2015 (censored, age 43)

PHMSA observation window, 1986-2025

Pipes A and B enter the risk set already aged
(delayed entry): A at age 26, B at age 14

Pipe C — installed 1995; significant incident 2020 (event, age 25; no truncation)

T
1940

T T T T T T
1950 1960 1970 1980 1990 2000 2010

Calendar year

== (Observed service within the window
Non-significant incident (right-censored, § = 0)

Service before 1986 — outside the registry (unobserved)
Significant corrosion incident (event, § = 1)

Installation (time origin To, age = 0)

Figure 1. Observation process in the PHMSA registry. Pipes installed before 1986 enter the observation
window at a positive age (delayed entry, left truncation); significant incidents are events (5 = 1) and
non-significant incidents are treated as right-censored observations (5 = 0).

Missingness is concentrated in two fields. PROT_YEAR, the year of cathodic-
protection installation, is absent in 37.1% of the records, and MANUFACTURED_YEAR
is absent in 31.7%. The remaining numeric covariates are nearly complete (THICKNESS:
1.1%, PRESSURE_INCIDENT: 0.5%, DIAMETER: 0.1%, and PRESSURE_MAX_OP: 0.1%).
Numeric covariates are imputed with the median computed within each training fold,
which prevents information transfer across the train/test boundary. Categorical covariates
receive an explicit NO_DATA level, which allows the models to treat missingness itself
as potentially informative. Section 3.4 shows that PROT_NO_DATA acts as an age proxy.
No records are deleted because of missingness beyond the physically implausible entries
described in Section 2.1. The full missingness table is given in Supplementary Material 514,
and a sensitivity analysis restricted to records with a directly recorded installation year is
reported in Section 3.8.

2.3. Survival Models

The Cox proportional hazards model parameterizes the conditional hazard as
h(t | x) = hy(t)-exp(BTx) and estimates the coefficient vector B jointly with the baseline
hazard hy(t) by maximizing the partial likelihood [14], combined with the Breslow estima-
tor for the baseline cumulative hazard [30]:

1)

ex T.X"
L(IB):Hizéil[ p(B"xi) ]

YjeR(T;) exp(ﬁij)

Random survival forests aggregate B = 500 survival trees grown on bootstrap sub-
samples with random feature selection at each split node [15]. The implementation
uses the scikit-survival library, version 0.22.2 [31]. XGBoost-Cox, version 0.22.2, opti-
mizes the Cox partial likelihood with respect to a linear predictor fj(x) parameterized
by an additive expansion over regression trees [16]. The baseline cumulative hazard
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is recovered post hoc by applying the Breslow estimator [30] to that linear predictor,
which requires the scale convention of Section 2.5 to be observed. All three models
output a risk score f(x) and a survival function S(t | x) for each object. The hyperpa-
rameters were tuned by five-fold cross-validation on the training set. For XGBoost-Cox
they are max_depth = 4, learning_rate = 0.03, n_estimators = 500, subsample = 0.8, colsam-
ple_bynode = 0.8, reg_lambda = 1.0, and min_child_weight = 5.

The choice of a right-censored survival formulation over a continuous accelerated-
degradation model (ADM) follows from the data structure rather than from preference. An
ADM, or a time-dependent degradation regression, requires repeated measurements of a
degradation state variable, such as wall-loss trajectories from successive in-line inspections,
from which a continuous damage path is reconstructed. The PHMSA registry records a
single event per asset with no inspection history, so the degradation path is unobserved and
the ADM likelihood cannot be identified from these data. What is observed is the age at a
terminal event under right censoring, which is exactly the structure addressed by survival
analysis. When wall-thinning trajectories become available, an ADM is the appropriate
refinement, and the present formulation corresponds to its first-passage description.

For the Cox PH baseline, a ridge penalty of « = 0.1 is applied on standardized covari-
ates with Breslow tie handling; constant and degenerate one-hot columns are removed
before fitting. The random survival forest aggregates B = 500 trees as specified above. All
train/test splits are stratified by the event indicator and use the fixed seeds 0-19. The
headline results are insensitive to the tuning configuration. An alternative XGBoost setting
with 300 trees, a learning rate of 0.05, and per-tree column subsampling of 0.8 reproduces
the metrics within noise. All computations were carried out in Python 3.10.20. The Cox
proportional hazards model, the random survival forest, the Breslow estimator of the base-
line cumulative hazard and the evaluation metrics are taken from scikit-survival 0.22.2 [31];
the gradient-boosted survival model from XGBoost 3.2.0 [16]; and the delayed-entry Cox
analysis of Section 3.6 from lifelines 0.30.0. Preprocessing, resampling and the isotonic
calibration of Supplementary Material S17 use scikit-learn 1.3.2, and the numerical work
uses NumPy 1.26.4 and pandas 2.2.2.

2.4. Validation Metrics

Discrimination is measured by Harrell’s concordance index [32]. Calibration is mea-
sured by the integrated Brier score (IBS),

IBS = %/OTE{(I{T > 1} — 8(t}x)) [ a @)

which is the time-averaged squared deviation of the predicted survival function from the
censoring-corrected empirical survival over the test horizon [33,34]. The evaluation grid is
fixed once for all models and all configurations. Test objects whose observed time exceeds
the largest training time are excluded, since the inverse-probability-of-censoring weights
are not identified beyond the support of the training data, and the grid is then 100 equally
spaced points between the smallest retained test time, floored at 5 years, and the largest
retained test time, capped at 70 years. The number of objects excluded by this rule is
reported per split in Supplementary Material S1. Both metrics are reported with bootstrap
95% confidence intervals computed from 500 resamples. Ranking stability is verified over
20 independent random 80/20 training/test splits stratified on the SIGNIFICANT field.
The significance of pairwise IBS differences across splits is assessed with the Wilcoxon
signed-rank test on the paired differences [35].
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2.5. Predictor Scale in the XGBoost-Cox to Breslow Pipeline

The Cox partial likelihood is defined with respect to a linear predictor n(x) that
enters the hazard as h(t | x) = hy(t)-exp(n(x)). Libraries differ in what they return for
that quantity under the same method name. In scikit-survival, the predict() method of
CoxPHSurvivalAnalysis returns fj(x). In XGBoost, for objective = “survival:cox”, predict()
returns the hazard ratio exp(fi(x)); the linear predictor is obtained only when the flag
output_margin = True is set. The documented rationale is that the hazard ratio is the
quantity of direct interest for that objective. The consequence is that two libraries routinely
combined in the same pipeline adopt opposite conventions.

The Breslow estimator that recovers the baseline cumulative hazard Hy(t) expects the
linear predictor and applies the exponential internally. Supplying the default output of the
XGBoost predict() method to it therefore evaluates the survival function on the wrong scale.
Writing r(x) for the quantity actually passed to the estimator, the intended and the realized
survival functions are

S(t]x) = exp(—FHo(t)-exp(fi(x))) 3)

when the linear predictor is supplied, against
Serr(t | x) = exp(—Ho(t)-exp(exp(fi(x)))) (4)

when the hazard ratio is supplied in its place, both exp and the composition expoexp
are strictly increasing, so the ordering of objects induced by r(x) is identical under the
two conventions and the concordance index takes exactly the same value. Discrimination-
based validation is blind to the substitution. The partial likelihood, by contrast, is not
invariant under such a map. It evaluates exp(n(x;)) against the sum of exp(n(x;)) over
the risk set and therefore depends on the differences n(x;) — n(xj), being invariant only
under the addition of a constant, which cancels between numerator and denominator
and is absorbed by the baseline hazard. The scale of 1j is thus identified by the fit up to
a shift, and it is the quantity the Breslow estimator expects; substituting exp(f}) for it is
an error rather than a reparameterization. The estimated survival function, in contrast,
is destroyed. On the studied corpus, the quantities supplied to the estimator span [0.004,
8.6 x 10%], and the exponential of the upper end exceeds the double-precision range, which
pins S(t | x) at numerical zero for a large fraction of the test objects. The saturation of
gradient-boosted survival models reported for this pipeline is an artifact of the interface
rather than a property of the booster.

The magnitude of the induced bias is isolated by simulation, because on real data
the true survival function is unknown and genuine model error cannot be separated
from scale error. The generating process is a Cox model with a constant baseline hazard.
For n = 3000 objects, eight covariates are drawn independently from the standard normal
distribution and the linear predictor is n = xTB with p = (0.8, —0.6, 0.4, —0.3, 0.2, 0,
0, 0), centred at zero, so that three covariates carry no signal. Event times are drawn
from the exponential distribution with rate A-exp(n) and A = 0.02, which gives the true
survival function S(t | x) = exp(—A-t-exp(n)) in closed form. Censoring times are drawn
independently from the uniform distribution on the interval from 0 to 120 years, and the
observed time is the minimum of the two, so the censoring is random and independent
of the covariates by construction. The data are split 70/30; an XGBoost-Cox model with
the hyperparameters of Table 1 is fitted on the training part, and the baseline hazard is
recovered by the Breslow estimator in three configurations: from the generating linear
predictor, from the estimated margin 1}, and from the estimated hazard ratio exp(fj) with
the same mean shift and clip to £20 used on the pipeline corpus. Metrics are evaluated
on a grid of 60 points from t = 1 to the 90th percentile of the test times. Because S(t | x) is
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known, the mean absolute deviation |5(t | x) — S(t | x)| over that grid is available as a
direct measure of bias alongside the integrated Brier score.

Table 1. Hyperparameter configuration of the three survival models (single frozen configuration
used for all reported results).

Model Configuration

objective survival:cox; 500 trees; learning rate 0.03; max
depth 4; subsample 0.8; colsample_bynode 0.8;
min_child_weight 5; reg_lambda 1.0; reg_alpha 0;
selected by five-fold CV on the training set

XGBoost-Cox

ridge penalty o = 0.1 on standardized covariates;

Cox PH Breslow tie handling
B =500 trees; min_samples_split = 10;
RSF min_samples_leaf = 5; max_features = \/n (sqrt);
bootstrap subsampling; fixed random state
Splits/seeds 20 x (80/20), stratified by event indicator; seeds 0-19

On the pipeline corpus, five configurations were compared over 20 independent
random splits sharing a common stratified partition, a common preprocessing pipeline,
and a common IBS time grid. Two of them are the hazard ratio supplied to the Breslow
estimator and the linear predictor supplied directly; the remaining three involve post
hoc rescaling of the score and are reported in Supplementary Material S2. All fitting,
including recovery of the baseline hazard, is confined to the training partition. The absence
of information leakage across the train/test boundary was verified by a permutation check
in which the training-set event indicators are randomly reassigned, with the pair of event
indicator and observation time permuted jointly, so that the marginal outcome distribution
is preserved and only its association with the covariates is destroyed. The concordance
index then falls to 0.484 £ 0.053, and the integrated Brier score rises to 0.167 & 0.014, against
0.871 & 0.017 and 0.0614 £ 0.0056 on the intact labels (Supplementary Material S1).

3. Results
3.1. Exploratory Characterization of the Corrosion Corpus

Table 2 summarizes the descriptive statistics of the corrosion corpus. The median
pipeline age at incident is 40 years, the median diameter is 16 inches, and the median
operating pressure is 784 psi. Three regions, Texas (197 incidents), Louisiana (182), and the
federal Gulf of Mexico waters (170), together account for 65.4% of the 823 incidents.

Table 2. Descriptive statistics of the numerical covariates of the working corrosion corpus after
removal of duplicate entries, invalid event and time records, and physically implausible values
(N =823).

Field n_Valid Mean Median Q1 Q3 Min Max
PRESSUR(];_SI;)\ICIDENT 819 745.45 784 521.00 925.0 1.5 3176
PRESSURE_MAX_OP (psi) 822 1056.54 1024 809.25 1300.0 50 3377
DIAMETER (in) 822 16.34 16.0 10.75 20.0 2.0 48.0
THICKNESS (in) 814 0.34 0.31 0.25 04 0.125 1.2
PIPE_AGE (years) 823 39.93 40 27.0 51.0 1 99
INSTALLATION_YEAR 823 1966.65 1968 1958.0 1977.0 1908 2018
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3.2. Verification of the Predictor Scale and Simulated Bias

The convention stated in Section 2.5 was verified directly on the fitted booster. For
every test object, the default output of predict() was compared with the output obtained
under output_margin = True. The two are related by an exact exponential: the maximum
absolute discrepancy is max | log predict(X) — 1| = 5.4 x 1078 over the test set, which is
the resolution of the double-precision logarithm (Figure 2a). The linear predictor spans
approximately [—5.3, 9.1] on this corpus and is centred near 1.5 (Figure 2b), so the default
output spans [0.005, 8.9 x 10°]. Figure 2c shows why a logarithmic compression of the
default output appears to repair the pipeline. The sign-preserving map sign(r)-log(1 + Ir!)
reproduces 1] to within 0.001 for j > 5 and to within 0.04 for fj between 2 and 5, and
diverges from it on the 18.2% of objects with 1] < 0, where the mean absolute discrepancy
is 2.03. A check of this kind costs one additional call to predict() and belongs before any
reconstruction of the baseline hazard. Table 3 quantifies the consequence of omitting it, in
a simulation where the true survival function is known by construction. Supplying the
estimated margin to the Breslow estimator gives a mean absolute deviation of the survival
function of 0.073, which is the genuine estimation error of the booster; supplying the hazard
ratio in its place raises it to 0.398, a factor of 5.5, and the integrated Brier score from 0.154 to
0.395. The concordance index is 0.723 under both, because the substitution is a strictly
increasing transformation. Figure 3 shows the same result over time.

predict returns HR =exp(#})

Linear predictor scale

Compression undoes the extra exponent

a maxllogpredict —7l e 15 1b € mismatch on 18 % of objects
3 =5.4x10"% with 77 <0
10 /s ) ~~
© a4
8 d £ =i
o ] X
S 107 s -
hol (= o) 72
9] 5] = 7
B, E z 0 ~
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Figure 2. Predictor scale of XGBoost-Cox on the pipeline corpus: (a) default output of predict() against
the linear predictor obtained with output_margin = True, logarithmic ordinate; (b) distribution of the
linear predictor fj(x); (c) sign-preserving logarithmic compression of the default output against 4,
showing agreement for fj > 0 and divergence for f < 0.

Table 3. Bias induced by the predictor-scale substitution in a simulation with a known survival
function (3000 objects, eight standard normal covariates of which three are noise, constant baseline
hazard A = 0.02, independent uniform censoring, 70/30 split). The first row supplies the generating
linear predictor to the Breslow estimator, the second the estimated margin fj, and the third the default
output exp(}) of the XGBoost predict() method under the same safeguard applied to the pipeline
corpus. The mean absolute deviation of the survival function is taken over the evaluation grid and
over all objects.

Scale Supplied to the Breslow

. C-Index IBS Mean IS — S|
Estimator
Generating linear predictor (truth) 0.739 0.145 0
Estimated hneal.r predictor f 0.723 0.154 0.073
(margin)
Estimated hazard ratio exp(f}) 0.723 0.395 0.398
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Figure 3. Consequence of the scale substitution in the simulation with a known survival function:
(a) estimated survival functions for a low-risk, a median-risk, and a high-risk object against the

generating truth; (b) mean absolute deviation of the estimated survival function as a function of time.

3.3. Discrimination and Calibration of the Survival Models

Table 4 and Figure 4 report the scale configurations on the pipeline corpus over 20 in-
dependent random splits sharing a common stratified partition, a common preprocessing
pipeline, and a common IBS time grid. Direct use of the hazard ratio overflows the ex-

ponential of the Breslow estimator, so that configuration is evaluated with the safeguard
adopted in the original pipeline, a mean shift followed by a clip to +20. The clip prevents
the overflow at the cost of the ranking: the hazard-ratio range of [0.005, 8.9 x 103] col-
lapses onto the two boundaries for the majority of objects, the concordance index falls to
0.619 +£ 0.026, and the integrated Brier score is 0.356 4= 0.043. Supplying the linear predictor
instead gives 0.871 &+ 0.017 and 0.0614 + 0.0056 on the same splits, a reduction in the IBS
by a factor of 5.8 with an improvement on every split (Wilcoxon W =0, p = 1.9 x 107°).
The invariance of the concordance index to the scale substitution, argued algebraically in
Section 2.5, holds exactly in the computation: over the 20 splits, the concordance index
obtained from the unclipped hazard ratio equals the one obtained from the linear predictor
to the last representable digit, with a maximum absolute difference of zero. The collapse to
0.619 is therefore attributable to the clip alone and not to the scale.

021 \
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time
==+ ground truth == inputs; = input HR
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Figure 4. Integrated Brier score by configuration over 20 random splits: (a) all configurations on a
logarithmic ordinate; (b) the working range, with the individual splits overlaid.
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Table 4. Discrimination and calibration of the three survival models over 20 independent random
splits (N = 823), all fitted on the same partitions with the same preprocessing pipeline and the same
IBS time grid. The first four rows differ only in the quantity supplied to the Breslow estimator. The
random survival forest reconstructs the survival function internally and does not use that estimator.
Values are mean =+ standard deviation. The p-values are two-sided Wilcoxon signed-rank tests of the

paired IBS differences against the linear-predictor configuration.

Configuration C-Index IBS p (IBS)
Hazard ratio exp(f}), centred 6
and clipped to 20 0.619 £ 0.026 0.356 + 0.043 1.9 x 10
Linear predictor 0.871 4= 0.017 0.0614 £ 0.0056 reference
Linear predictor | with 0.871+0.017 00638+ 00064 95 x 1076
Cox rescaling
loglp compression with 0.871+£0.017  0.0722 + 0.0280 1.9 x 107
Cox rescaling
Cox PH 0.853 £ 0.018 0.0717 4 0.0067 1.9 x 107°
Random survival forest 0.807 £ 0.020 0.0751 £ 0.0030 1.9 x 107

Against the two reference models evaluated under the identical protocol, XGBoost-
Cox, on the correct scale, is superior on both axes at once. The concordance index is
0.871 £ 0.017 against 0.853 £ 0.018 for Cox PH and 0.807 £ 0.020 for the random survival
forest, with median paired gains of +0.017 and +0.068 (Wilcoxon W =0, p = 1.9 x 10~¢ in
both cases). The integrated Brier score is 0.0614 £ 0.0056 against 0.0717 £ 0.0067 and
0.0751 + 0.0030, with median paired gains of —0.0104 and —0.0150 (W =0, p = 1.9 x 10~¢ in
both cases). The two reference models rank in opposite order on the two axes: Cox
PH discriminates better than the forest (median +0.053, p = 3.8 x 10~°) while the forest
calibrates marginally worse (median +0.0043, p = 0.017). The discrimination—calibration
trade-off reported for gradient-boosted survival models does not arise once the predictor
scale is correct. Post hoc rescaling of the score does not improve on the plain linear predictor:
a single-parameter Cox rescaling raises the IBS to 0.0638 + 0.0064 (p = 9.5 x 10~°), and the
two-step compression-and-rescaling procedure raises it to 0.0722 4= 0.0280, with two of the
20 splits exceeding 0.10. Both are documented in Supplementary Material S2.

Table 5 and Figure 5 resolve calibration by prediction horizon. Decile-binned calibra-
tion diagrams were computed at t of 10, 20, 30, and 40 years, with the observed survival
in each bin estimated by the Kaplan-Meier method and the number of bins adapted to
the size of the test partition. XGBoost-Cox attains the lowest expected calibration error at
every horizon, with 0.012, 0.030, 0.053, and 0.058, against 0.014, 0.030, 0.058, and 0.067 for
Cox PH and 0.018, 0.063, 0.095, and 0.125 for the random survival forest. The ordering by
expected calibration error reproduces the ordering by integrated Brier score, so the aggre-
gate result is not an artifact of averaging over the horizon. The forest degrades fastest with
the horizon, which is consistent with the coarse resolution of its internally reconstructed
survival function at long times. Calibration in the large shows that all three models are
mildly conservative. At t = 30 years, the mean predicted survival is 0.726 for XGBoost-Cox,
0.732 for Cox PH, and 0.752 for the forest, against a Kaplan—-Meier value of 0.782 on the
same test partitions, so the downward, safe-side bias reaches 0.056 in absolute survival.
The level values behind this comparison are tabulated in Supplementary Material S3.
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Table 5. Calibration by prediction horizon, averaged over 20 random splits. The expected calibration
error is computed over bins of predicted survival, with the observed survival in each bin estimated
by the Kaplan-Meier method. The reference column is the Kaplan—Meier estimate on the whole
test partition.

. Kaplan-Meier ECE,
Horizon, yr (1) XGBoost-Cox ECE, Cox PH ECE, RSF
10 0.983 0.012 0.014 0.018
20 0.916 0.030 0.030 0.063
30 0.782 0.053 0.058 0.095
40 0.586 0.058 0.067 0.125
Calibration by prediction horizon Calibration in the large
101 i
S 091 B
3 08+
— S b
5071
- . £ 06
10 20 30 40 1‘0 1I5 2IO 2I5 3I0 3I5 4I 0
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=i~ XGBoost-Cox RSF

Figure 5. Calibration of the three survival models by prediction horizon, averaged over 20 random
splits: (a) expected calibration error; (b) mean predicted survival against the Kaplan—-Meier estimate
on the same test partitions.

3.4. Feature Importance and ISO 8044 Mapping

Figure 6 presents the five most influential features of each survival model, recomputed
on the screened 823-record corpus. RSF places INSTALLATION_YEAR first (AC = 0.049),
followed by MANUFACTURED_YEAR (0.014) and PROT_YEAR (0.014), while PRES-
SURE_INCIDENT (0.005) and the missing-protection-year indicator PROT_NO_DATA
(0.001) contribute much less. Cox PH keeps INSTALLATION_YEAR as the dominant regres-
sor (3 =2.491, HR = 12.07), followed by the geographic indicators STATE_IA (HR = 3.10),
STATE_MO (HR = 2.65), and STATE_IL (HR = 2.61). PROT_NO_DATA ranks third by 13 |
but carries a protective sign (HR = 0.36), so a missing protection-year record is associated
with a lower hazard in this sample. This pattern is consistent with PROT_NO_DATA
marking mainly transmission segments installed before protection-year record-keeping
became mandatory, so the indicator correlates with pipe age rather than acting as an inde-
pendent risk driver. XGBoost-Cox again places INSTALLATION_YEAR first (0.103), fol-
lowed by PROT_NO_DATA (0.067) and SHORE_OFFSHORE (0.056), with STATE_ WATER
(0.048) and PROT_YES (0.046) completing the top five. RSF favours age-related covariates,
whereas Cox PH and XGBoost-Cox favour protection-record and location covariates once
age is accounted for. The union of the top-five features of the three models spans the
four blocks of corrosion factors codified in ISO 8044 [23], namely material age (INSTAL-
LATION_YEAR, MANUFACTURED_YEAR, PROT_YEAR), environment aggressiveness
(STATE_IA, STATE_MO, STATE_IL, SHORE_OFFSHORE, STATE_WATER), protection
state (PROT_NO_DATA, PROT_YES), and mechanical loading (PRESSURE_INCIDENT).
The correspondence with ISO 8044 is presented as a qualitative plausibility check of the
recovered importance hierarchy and not as a physical validation. The standard classifies
corrosion factors into categories but does not prescribe a functional weighting or a pre-
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dictive ranking, so the agreement only confirms that the influential covariates fall into
recognized factor categories. A quantitative physical validation against soil mechanics or
electrochemical benchmarks would require covariates that are absent from the registry and
is left for future work.

(a) Random survival forest, permutation importance AC  (b) Cox PH, |4l on standardized covariates

Installation Year 0.074 Installation Year 2.504
Manufactured Year - 0.027 State Ia
Pressure Incident - 0.017 PROT No Data
PROT Year 0.014 State Mt
Diameter 4| 0.008 State Wi

0.00 0.62 0.64 0.66 0.68 ::}

(c) XGBoost-Cox, gain importance

Installation Year 0.103
PROT No Data
PROT Yes
Shore Offshore

Shore Onshore

0.00 0.05 0.10

Figure 6. Top five influential features for (a) RSF; (b) Cox PH; (c) XGBoost-Cox.

3.5. The Observation Window and the Role of Calendar Covariates

The corpus consists of incident records, so the support of the outcome variable is
determined jointly by the installation year and by the boundaries of the reporting window.
A pipe installed in year I can appear in the registry only at an age between max(0, 1986 — I)
and 2025 — I. Table 6 quantifies the resulting geometry by installation cohort. For every
cohort installed after 1950, the observed maximum age lies at or within four years of the
arithmetic ceiling, so the window is saturated and the upper tail of the age distribution is
fixed by the calendar rather than by the degradation process. The pre-1950 cohort is the
single exception, with an observed maximum of 99 years against a ceiling of 125 years.
Figure 7 shows the same structure at the level of individual records: the admissible region
is a triangle bounded above by 2025 — I and below by max(0, 1986 — I), and the incidents
fill it densely.

Because INSTALLATION_YEAR encodes both the physical age of the asset and its
position relative to the observation window, its contribution has to be separated from the
physics. Two specifications were compared over the same 20 splits. With the calendar
covariates INSTALLATION_YEAR and MANUFACTURED_YEAR retained, XGBoost-Cox
attains C = 0.871 £ 0.017 and IBS = 0.0614 £ 0.0056, and Cox PH attains 0.853 4+ 0.018
and 0.0717 £ 0.0067. With both removed, leaving twelve covariates that describe ge-
ometry, material, pressure, and protection, the discrimination falls to 0.769 £ 0.024 and
0.701 & 0.032, and the integrated Brier score rises to 0.0958 £ 0.0062 and 0.1184 £ 0.0077.
Roughly two-thirds of the concordance above chance therefore rests on calendar infor-
mation. The ordering of the two models is preserved under both specifications, so the
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comparison in Section 3.3 does not depend on the calendar covariates, but the absolute
performance does, and the part of that performance attributable to window geometry
rather than to degradation cannot be identified from incident records alone. A third specifi-
cation addresses the status of PRESSURE_INCIDENT, which is the only one of the fifteen
covariates recorded at the moment of the event; the remaining fourteen are asset attributes
fixed before it. Removing it leaves both models essentially unchanged: XGBoost-Cox
attains C = 0.869 + 0.017 and IBS = 0.0611 4 0.0050, and Cox PH attains 0.851 4= 0.018 and
0.0720 £ 0.0067, so the concordance index shifts by 0.0015 and 0.0017, and the integrated
Brier score by 0.0003 in either direction. No result reported in this paper depends on
that covariate. The full covariate set is retained in the analyses above so that a single
specification underlies every diagnostic, and the reduced set is available as the primary
specification should the concurrent measurement be judged inadmissible in principle rather
than on effect.

Table 6. Geometry of the observation window by installation cohort. The possible maximum age is
2025 — I, evaluated at the lower edge of each cohort. The gap is the difference between the possible
and the observed maximum.

Installation Observed Possible Max Mean Age,

Cohort " Max Age, yr Age, yr yr Gap, yr
1900-1950 112 99 125 64.9 26
1950-1960 136 75 75 499 0
1960-1970 202 63 65 414 2
1970-1980 228 55 55 329 0
1980-1990 85 41 45 23.3 4
1990-2000 37 31 35 18.6 4
2000-2026 23 23 25 11.6 2

Support of the outcome is set by the window By installation cohort

age, years

1920

1940 1960 1980 2000 2020

O o @ ¢ ¢ 1“\\0 8

inctallati " © © © © © © (Chd

installation year OO GO @ O G0 (0T
non significant incident === ceiling 2025 -7 —&— meanage WM ceiling2025—7 M observed maximum
significant incident == entry threshold 1986 -7

Figure 7. Support of the outcome variable in the PHMSA corpus: (a) age at incident against in-
stallation year, with the admissible region bounded by the reporting window; (b) observed and
arithmetically possible maximum age by installation cohort.

3.6. Left Truncation

Pipes installed before 1986 enter the observation window at a positive age, which is
a left-truncation structure (Figure 1). The naive risk set, which admits every object from
age zero, over-represents early ages as a result. A delayed-entry Cox model, in which
each object enters the risk set at the age it had reached in 1986, was fitted on the numeric
covariates for comparison. Figure 8 reports the standardized coefficients under both risk
sets. Four of the five coefficients shift by less than 0.016 in absolute value, which is within
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the estimation noise. The exception is INSTALLATION_YEAR, whose coefficient falls from
1.280 to 1.044, a reduction of 18.4%. The direction is the expected one, since part of the
apparent effect of the installation year is the entry structure of the window and correcting
for delayed entry removes it. The physical covariates, namely diameter, wall thickness,
and the two pressure fields, are insensitive to the correction. The XGBoost objective does
not admit delayed entry, so this diagnostic is available only for the Cox baseline; its result
should be read as an indication of the truncation sensitivity of the calendar covariates in
the boosted model rather than as a correction applied to it. The coefficient table and the
fitting details are given in Supplementary Material S11.

Installation year absorbs the window geometry
DIAMETER { | @

THICKNESS o
PRESSURE MAX OP { @
PRESSURE INCIDENT{ | @

INSTALLATION_YEAR 4 o—o

T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 1.2
Cox coefficient 3, standardized covariates

@ no truncation @ delayed entry

Figure 8. Standardized Cox coefficients under the naive risk set and under delayed entry at the age
reached in 1986. Only INSTALLATION_YEAR shifts materially.

3.7. Out-of-Time Validation and Cohort Extrapolation

Random stratified splits provide statistically valid but temporally uninformed val-
idation. Two complementary out-of-time designs were therefore evaluated on the cor-
rected scale. The first mimics deployment: the model is trained on incidents reported
up to a cutoff year and tested on later incidents. With the cutoff at the corpus median
(2007; N_train = 431, N_test = 392), the concordance index is 0.869, and with the cutoff at
2010 (N_train = 517, N_test = 306), it is 0.852. Discrimination is therefore preserved at the
level of the random-split baseline of 0.871 £ 0.017. The absolute probability level does not
transfer: the integrated Brier score on the later period rises to 0.271 and 0.215 respectively, a
fourfold degradation relative to the random-split value. The cause is a shift in the reporting
regime rather than in the ranking, since the share of incidents classified as significant rises
from 0.38 in the late 1980s to above 0.85 after 2010. Re-estimating the baseline cumulative
hazard on the later period while retaining the booster trained on the earlier one returns the
integrated Brier score to 0.065 in both designs. That figure is an in-sample estimate of the
baseline on the test era and therefore bounds from below what re-estimation can achieve in
deployment, but its distance from 0.271 identifies the baseline level, and not the learned
ranking, as the component that fails to transfer. The second design is a cohort-extrapolation
stress test that splits on the installation year rather than the incident year. Training on
pipes installed up to 1968 and predicting for younger cohorts gives a concordance index of
0.613, and training on pipes installed up to 1985 gives 0.542, which is close to chance. This
reflects genuine non-stationarity of manufacturing technology together with the dominant
role of INSTALLATION_YEAR established in Section 3.5. The two designs bound the
applicability of the method: interpolation across calendar time within observed cohorts is
reliable for ranking, whereas extrapolation to unobserved manufacturing generations is
not. The four designs are tabulated in Supplementary Material 54.
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3.8. Robustness Checks and Additional Diagnostics

Four diagnostic experiments corroborate the reported results. First, variance inflation
factors across the eight numeric covariates confirm the absence of severe multicollinear-
ity. The largest value is 3.48 for PRESSURE_MAX_OP, followed by 2.96 for INSTALLA-
TION_YEAR and 2.46 for MANUFACTURED_YEAR, all below the conventional thresh-
old of 5.0, and the pairs that carry them are the physically expected ones, namely the
two pressure fields and the three year fields (Supplementary Material S5). Second, partial-
dependence plots on the linear-predictor scale for the top five XGBoost-Cox features show
a monotone but strongly nonlinear response to INSTALLATION_YEAR spanning roughly
eleven units of log hazard, a functional form that the linear structure of Cox PH cannot
represent, while the four one-hot covariates that follow it contribute shifts below one unit
(Supplementary Material S6). Third, a Weibull accelerated-failure-time model, fitted as
an independent parametric baseline, attains a concordance index of 0.849 + 0.020, below
XGBoost-Cox and comparable to Cox PH, and provides a third interpretable reference point
(Supplementary Material S7). Fourth, INSTALLATION_YEAR is recorded directly for all
823 retained records, so no imputed installation date enters the analysis and the dominant
covariate carries no imputation artifact (Supplementary Material 59).

Two further checks address geographic structure. A regional stratification of the
test-set discrimination across the three largest PHMSA territories, Texas, Louisiana,
and the federal offshore waters, yields concordance indices of 0.895, 0.855, and 0.887
(Supplementary Material 510). A leave-region-out analysis, which trains with an entire
dominant region excluded and tests on that region, yields 0.890 for Texas, 0.851 for
Louisiana, and 0.824 for the offshore waters, with integrated Brier scores of 0.059, 0.068,
and 0.110 (Supplementary Material S12). Discrimination therefore survives the removal
of a dominant region, whereas calibration degrades on the offshore cohort, whose age
distribution differs most from the onshore corpus. Asset-level uncertainty was quantified
by refitting the pipeline on 100 bootstrap resamples of the training set. At t =30 years, the
95% band on the predicted survival is 0.005 wide for a low-risk asset, 0.035 for a median-risk
asset, and 0.013 for a high-risk asset, so on the probability scale the bands contract toward
both extremes of the risk spectrum and the useful resolution is concentrated in the middle
of the range (Supplementary Material 513).

Finally, two checks address the composition of the corpus and the formulation of
the outcome. A pre-screening sensitivity analysis quantifies the effect of the engineering-
validity screen: on the unscreened corpus (N = 839, which retains sixteen records with
implausible covariate values) the concordance index is 0.871 £ 0.014 and the integrated
Brier score is 0.0609 £ 0.0045, both within one standard deviation of the screened-corpus
values of 0.871 + 0.017 and 0.0614 £ 0.0056, so the reported conclusions are not driven by
the screening decision (Supplementary Material S16). A reformulation of the problem as
binary classification of incident severity, in which the pipe age moves from the outcome
to the covariates and the incident-only sampling ceases to be a limitation, is reported in
Supplementary Material S17. It attains an area under the ROC curve of 0.767 + 0.038 and
a Brier score of 0.161 against a no-skill reference of 0.198, and its net benefit exceeds the
inspect-all strategy across the whole tested range of decision thresholds. A decision-curve
analysis of the survival model itself, at the twenty-year horizon and with the event rate
in the selected group estimated by the Kaplan-Meier method, keeps a positive net benefit
across threshold probabilities from 0.05 to 0.50, whereas the inspect-all strategy turns
negative above 0.08 (Supplementary Material S8).
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4. Discussion
4.1. Origin of the Discrimination—Calibration Divergence

High discrimination does not guarantee correct calibration, because the two are inde-
pendent axes of model quality [36]; see also [21,22]. Reports of gradient-boosted survival
models that rank well and calibrate poorly are common enough that the pattern is often
treated as a property of the architecture, and the previous version of this manuscript ex-
plained it by an invariance of the Cox partial likelihood under monotone transformations
of the predictor. That explanation is mathematically incorrect, and we withdraw it. The
partial likelihood evaluates exp(n(x;)) against the sum of exp(n(x;)) over the risk set, so
it depends on the differences in the linear predictors and not on their ranks alone; the
only transformation it does not see is the addition of a constant, which cancels between
numerator and denominator. The quantity that is invariant under an arbitrary strictly
increasing map is the concordance index, not the likelihood. The distinction carries the
argument of this paper. Precisely because the partial likelihood identifies the scale of 7
up to a shift, the fitted linear predictor is a well-determined quantity and is the one the
Breslow estimator expects. The linear predictor recovered from the fitted booster spans
[—5.3,9.1], an ordinary range for a Cox-type model that poses no numerical difficulty for
the estimator. The failure appears only after the exponential of that predictor, which spans
four orders of magnitude, is passed to an estimator that exponentiates a second time.

The simulation of Section 3.2 separates the two candidate mechanisms, because it
holds the fitted booster fixed and varies only the quantity supplied to the Breslow esti-
mator. Supplying the estimated margin gives a mean absolute deviation of the survival
function of 0.073 against the generating truth, which is the genuine estimation error of
the booster. Supplying the hazard ratio in its place raises it to 0.398, a factor of 5.5, while
the concordance index remains 0.723 in both cases. The scale substitution accounts for
the bulk of the observed calibration failure, and the residual attributable to the booster
itself is small. The divergence in the pipeline corpus therefore resolves in the opposite
direction to the usual reading: with the scale corrected, XGBoost-Cox attains both the
higher concordance index and the lower integrated Brier score, and the trade-off does not
exist. A post hoc correction applied on top of the erroneous scale recovers most of the loss,
because log(1 + exp(f])) approaches 1] from above once 1j exceeds about two. Still, such a
correction is an approximate inverse of an unintended operation rather than an estimate
of a calibration map. It fails on the 18.2% of objects with 7 < 0, where the mean absolute
discrepancy is 2.03 on the log-hazard scale, and it carries five times the variance of the direct
computation across splits (Supplementary Material S2). The implication is procedural. A
pipeline that couples a boosting library to an external baseline-hazard estimator should
assert the predictor scale explicitly, at the cost of one additional call to predict(), and should
state which convention was used.

4.2. Practical Implications

The numerical results translate directly into guidance for model selection in time-to-
failure estimation. On this corpus, XGBoost-Cox on the correct predictor scale dominates
Cox PH on both axes, so it is the preferred choice for ranking assets in an inspection queue
and for computing absolute failure probabilities within an RBI framework alike. Cox
PH retains two advantages that neither metric captures, namely: directly interpretable
coefficients on the log-hazard scale and support for delayed entry, which make it the
appropriate instrument for the truncation diagnostic in Section 3.6. The random survival
forest, which does not rely on the proportional-hazards assumption and does not use
a post hoc baseline reconstruction, is the weakest of the three on this corpus on both
axes, which indicates that the proportional-hazards structure is not the binding constraint
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here; it remains useful as a reference against which that assumption can be checked on
other corpora.

Two operational qualifications follow from the temporal results. The risk ranking pro-
duced by the model is stable across calendar eras and can be carried forward, whereas the
absolute probability level cannot, because the reporting base rate has changed substantially
over the four decades covered by the registry. A deployment should therefore re-estimate
the baseline hazard on contemporaneous data at regular intervals while retaining the
trained booster. The second qualification concerns cohorts. Predictions for manufacturing
generations absent from the training data are not supported, as the extrapolation test of
Section 3.7 shows directly, and a deployment should flag assets whose installation year
falls outside the training range rather than score them.

4.3. Outlook

The methodology was demonstrated on pipeline corrosion as a convenient test case
with publicly available data, clearly defined covariates, and a normative classification of
degradation factors. Both the scale diagnostic and the validation protocol are architecture-
agnostic, because they rely only on a real-valued risk score and a post hoc baseline-hazard
estimator, and neither depends on the specific physical mechanism of degradation. In
future work, we plan to apply the same approach to other complex degrading systems,
in particular to materials under combined thermal and radiation loading, where survival
modelling of property degradation faces the same statistical structure of right-censored
time-to-failure observations and the same coupling between a flexible learner and a non-
parametric baseline estimator.

4.4. Limitations

Five limitations should be acknowledged. First, PHMSA records incidents rather
than inspections or the population at risk. The denominator of the population exposed to
corrosion is unobserved, the estimand is conditional on the occurrence of a reportable
corrosion incident, and the non-informativeness of censoring by non-significant inci-
dents cannot be tested from the registry alone (Section 2.1). The severity classification
in Supplementary Material S17 is the formulation of the same data that avoids this con-
ditioning, at the cost of abandoning the time-to-event structure. Second, the observation
window fixes the support of the outcome variable, and the calendar covariates absorb
part of that geometry. Section 3.5 shows that removing them costs about two-thirds of the
concordance above chance, and Section 3.6 shows that the installation-year coefficient falls
by 18.4% under a delayed-entry risk set. The share of the reported discrimination that
reflects degradation rather than window geometry is therefore bounded but not identified.
Third, the corrosion subset contains no direct electrochemical parameters. Environmental
indicators act as proxies, and coupling with field electrochemical measurements would
strengthen the physical interpretation. Fourth, the covariates are static. An extension to
time-varying inputs, such as seasonal corrosion-rate cycles and operating-pressure history,
requires the time-varying extension of the Cox framework. A concrete pipeline would
combine PHMSA records with gridded climate reanalysis at annual resolution. Fifth, the
absolute probabilities are era-specific, as the out-of-time validation of Section 3.7 shows,
and the transfer of the methodology to other degradation systems should be read as a
testable hypothesis rather than as a demonstrated property.

A further caveat concerns competing risks. Non-corrosion failure mechanisms and
decommissioning events do not appear in the corrosion-filtered corpus, and non-significant
corrosion incidents are treated as non-informative right censoring. Under this conven-
tion, the fitted quantity is a cause-specific hazard of significant corrosion incidents. A
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subdistribution (Fine-Grey) formulation [37] would yield different absolute probabilities if
the competing events were dependent. A cause-specific comparison within the corpus is
precluded by construction, because the CORROSION filter removes the competing-event
records. Linking the corrosion subset back to the full PHMSA registry to enable a Fine-Grey
analysis is a direction for future work.

5. Conclusions

This work compares three survival models, Cox proportional hazards regression, the
random survival forest, and XGBoost with the survival:cox objective, on a corrosion subset
of 823 incidents from the PHMSA pipeline incident database (USA) spanning 1986-2025
and retained after an engineering-validity screen of the covariates. The comparison is
governed by a property of the interface between the two libraries involved. For the
survival:cox objective, XGBoost returns the hazard ratio exp(f]) from predict(), whereas
the Breslow estimator expects the linear predictor f] and applies the exponential itself;
chaining the two evaluates exp(exp(f})). Because both maps are strictly increasing, the
concordance index is identical under either convention, and the defect is invisible to
discrimination-based validation, while the estimated survival function is destroyed. A
simulation against a known survival function places the magnitude at a factor of 5.5 in
the mean absolute deviation of 5(t | x), from 0.073 to 0.398, and a factor of 2.6 in the
integrated Brier score, at an unchanged concordance index. On the pipeline corpus, the
erroneous scale inflates the IBS to 0.356 =+ 0.043 over 20 random splits, and prevention of the
associated numerical overflow by clipping collapses the concordance index to 0.619 & 0.026.
On the correct scale XGBoost-Cox attains C = 0.871 £ 0.017 and IBS = 0.0614 £ 0.0056
and exceeds Cox PH (0.853 &£ 0.018 and 0.0717 % 0.0067) and the random survival forest
(0.807 4 0.020 and 0.0751 +£ 0.0030) on both axes simultaneously, with two-sided Wilcoxon
p=19 x 10~6 throughout, no post hoc calibration, and a measurable degradation when
one is added. It also attains the lowest expected calibration error at every horizon from
10 to 40 years. The feature-importance hierarchies recovered independently by the three
models span the corrosion-factor categories of ISO 8044. Out-of-time validation shows
that the discrimination persists across calendar eras (C = 0.85-0.87), whereas the absolute
probabilities require periodic re-estimation of the baseline hazard on contemporaneous
data, and extrapolation across manufacturing cohorts is not supported. Within these
boundaries, XGBoost-Cox on the correct predictor scale is suitable both for inspection
prioritization and for quantitative risk computation within RBI frameworks, provided that
the predictor scale is asserted explicitly rather than assumed.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/app16167884/s1. Table S1: Leakage controls on 20 stratified
splits; Table S2: Scale and rescaling configurations on the same 20 splits; Table S3: Mean predicted
survival by horizon against the Kaplan-Meier reference; Table S4: Out-of-time validation and cohort
extrapolation on the corrected predictor scale; Table S5: Standardized Cox coefficients under the naive
risk set and under delayed entry; Table S6: Reading of Table S5; Table S7: Leave-region-out validation;
Table S8: Bootstrap 95% bands on the predicted survival at t = 30 years; Table S9: Missingness profile
of the covariates; Table S10: Corpus composition by decade and reporting regime; Table S11: Effect
of the engineering-validity screen; Table S12: Records excluded by the engineering-validity screen;
Table S13: Severity classification, four configurations over 20 random splits; Table S14: Severity
classification, covariate composition; Table S15: Severity classification, forward transfer in time;
Figure S1: Integrated Brier score by configuration over 20 random splits; Figure S2: Calibration
diagrams at t = 10, 20, 30, 40 years; Figure S3: Kaplan-Meier curves of the temporal cohorts; Figure S4:
VIF and Spearman correlation heatmap of numeric covariates; Figure S5: Partial dependence of
the linear predictor on the five most influential features of XGBoost-Cox; Figure S6: Net benefit
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The following abbreviations are used in this manuscript:

ADM accelerated-degradation model
AFT accelerated failure time

API American Petroleum Institute
C-index  concordance index

CoxPH  Cox proportional hazards model

ECE expected calibration error

GDp gross domestic product

HR hazard ratio

IBS integrated Brier score

IPCW inverse probability of censoring weighting

IR imbalance ratio

ISO International Organization for Standardization
KM Kaplan-Meier estimator

PHMSA  Pipeline and Hazardous Materials Safety Administration
PoF probability of failure

RBI risk-based inspection

RSF random survival forest

SD standard deviation

VIF variance inflation factor
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