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Abstract

Reliable deployment of predictive emission monitoring systems (PEMSs) requires eval-
uation under future operating conditions and explicit attention to high-emission events.
This study presents a pollutant-specific, risk-constrained framework for predicting Gas
Turbine CO and NO, emissions under multiyear distribution shift. A dataset containing
36,733 observations was divided chronologically: 2011-2013 were used for model devel-
opment, 2014 for configuration selection and calibration, and 2015 as a locked final test.
Matched random within-prefix and forward temporal validation were compared, and
Extra Trees was selected for both pollutants. Conventional, tail-weighted, covariate-shift-
weighted, and combined configurations were evaluated under global-RMSE budgets of 2%,
5%, and 10%. Random within-prefix validation produced RMSE estimates 25.0% lower for
CO and 34.0% lower for NO, than matched temporal validation. In 2015, CO tail weighting
produced modest changes, reducing global RMSE by 0.9% and Qg9 mean underprediction
loss by 2.0%, without statistically resolved Qg9 improvement. For NOy, tail weighting
reduced Qg9 RMSE by up to 5.5% while increasing global RMSE by 5.8%. Linear calibration
reduced NO, global RMSE from 13.246 to 6.333 mg/m? but worsened Qg9 RMSE. Overall,
temporal generalization, global calibration, and high-emission performance were distinct
criteria, and no adaptation strategy was uniformly preferable.

Keywords: predictive emission monitoring systems; gas turbines; carbon monoxide;
nitrogen oxides; temporal distribution shift; tail-risk prediction; covariate-shift adaptation;
importance weighting; underprediction; machine learning

1. Introduction

Gas turbines play a central role in combined-cycle power generation because of their
high power density, operational flexibility, and capacity to respond rapidly to variations
in electricity demand. Their combustion process produces carbon monoxide (CO) and
nitrogen oxides (NOy), whose concentrations depend on ambient conditions, fuel-air inter-
actions, combustion temperature, turbine load, and the dynamic state of the equipment.
CO is closely associated with incomplete combustion, whereas NO, formation is strongly
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influenced by flame temperature and oxygen availability. Accurate and continuous estima-
tion of these pollutants is therefore essential for environmental management, combustion
supervision, operational optimization, and regulatory compliance [1-3].

Predictive emission monitoring systems (PEMSs) provide a software-based approach
for estimating pollutant concentrations from routinely measured operational and environ-
mental variables. These systems learn the relationship between turbine conditions and
reference emission measurements, enabling continuous prediction from variables already
available in the plant control system. Neural networks, gradient boosting methods, and
modern tabular machine learning approaches have demonstrated the feasibility of accurate
data-driven emission estimation in industrial environments [4-6]. Consequently, the central
challenge is no longer only predictive capacity under historical data, but also maintaining
reliable performance when operating conditions evolve over time.

The Gas Turbine CO and NO, Emission Data Set provides a valuable bench-
mark for studying this problem under multiyear operating conditions [7]. It contains
36,733 observations collected between 2011 and 2015 from a gas turbine, with nine ambi-
ent and process variables describing atmospheric and operating conditions. Kaya et al.
introduced this dataset and established a benchmark PEMS formulation for CO and NO,
prediction [1]. Subsequent studies have applied symbolic regression, gradient boosting,
deep forests, stacked ensembles, and Transformer-based models, obtaining increasingly
accurate predictions [2,3,6,8,9]. However, these advances do not by themselves establish
how the models behave when evaluated prospectively across different years.

Multiyear deployment makes the temporal design of model evaluation a central con-
sideration. Long-term analyses of combined-cycle gas-turbine emissions have identified sys-
tematic trends and year-dependent offsets associated with evolving operating conditions [10].
A random partition distributes observations from different periods across the training and
evaluation sets, thereby measuring interpolation among temporally mixed operating condi-
tions. A chronological partition instead measures prospective generalization from historical
observations to a later operational period. Structured cross-validation therefore provides a
more appropriate framework when the intended use involves future operating conditions [11].

Temporal evolution can also produce dataset shift, broadly defined as a change in the
data-generating distribution between model development and deployment [12]. Covariate
shift is one possible case, in which the predictor distribution changes while the conditional
response relationship remains stable. Importance weighting and discriminative domain
learning provide established mechanisms for adaptation under this assumption [13-16].
Their practical usefulness, however, depends on adequate source-target overlap: severe
domain separation can produce unstable density-ratio estimates and very small effective
sample sizes. Moreover, year-dependent prediction bias may indicate that covariate shift
alone is insufficient to describe the prospective prediction problem. Simpler alternatives
such as recent-history training or labeled recalibration should therefore be compared under
the same chronological framework rather than assuming that importance weighting is
necessarily preferable.

Operational reliability also depends on predictive behavior in the upper part of the
emission distribution. High-emission observations are relatively infrequent, yet they may
carry greater environmental and operational relevance than observations near the center
of the response distribution. Imbalanced-regression and extreme-event studies therefore
motivate explicit evaluation of rare response regions [17,18]. For emission monitoring,
global accuracy alone may conceal substantial error at source-defined Qgp, Qos, or Qog
levels. In addition, reducing underprediction can increase overprediction elsewhere, so
both symmetric tail error and asymmetric prediction costs should be examined.

https://doi.org/10.3390/eng7100538


https://doi.org/10.3390/eng7100538

Eng 2026, 7, 538

3 0f 31

Recent reliability-oriented PEMS research has incorporated adaptive learning and
conformal prediction to generate uncertainty-aware estimates and prioritize model recali-
bration [19]. A remaining gap is the prospective comparison of temporal validation, domain
adaptation, tail-oriented weighting, recent-history training, and recalibration within a sin-
gle leakage-controlled protocol that also accounts for sparse-tail selection uncertainty.

Accordingly, this study develops a reliability-oriented predictive emission monitoring
framework for CO and NO, under multiyear distribution shift. Models are developed
using observations from 2011 to 2013, while 2014 is used for configuration selection and
calibration and 2015 constitutes a locked final test period. Matched-size random within-prefix
and forward temporal validation are compared to quantify the optimism associated with
temporally mixed evaluation. Distribution shift is assessed using univariate and multivariate
diagnostics, common-support and importance-weight analyses, and residual diagnostics.

Predictive performance is evaluated globally and within source-defined Qqp, Qgs, and
Qg9 regions. Four learning configurations are examined: conventional learning (BASE),
tail-weighted learning (TAIL), covariate-shift weighting (SHIFT), and their combination
(SHIFT-TAIL). Configuration selection is performed on 2014 under prespecified global-
RMSE allowances of 2%, 5%, and 10%, and the selected configurations are then frozen for the
2015 evaluation. The analysis is complemented by recent-history and quantile-regression base-
lines, 2014-based calibration, sensitivity to alternative tail objectives, moving-block selection-
stability analysis, and paired moving-block inference. The contribution of the study is therefore
an integrated prospective protocol for comparing adaptation strategies and their global-tail
trade-offs rather than the proposal of a universally superior weighting method.

2. Materials and Methods

2.1. Data Source and Chronological Experimental Design

The experiments used the Gas Turbine CO and NO, Emission Data Set from the UCI
Machine Learning Repository [7]. The measurements were collected from a gas turbine
located in northwestern Turkey between 1 January 2011 and 31 December 2015. The
database contains 36,733 observations distributed as follows: 7411 observations from 2011,
7628 from 2012, 7152 from 2013, 7158 from 2014, and 7384 from 2015.

Nine operational variables were used as predictors: ambient temperature (AT), am-
bient pressure (AP), ambient humidity (AH), air-filter differential pressure (AFDP), gas-
turbine exhaust pressure (GTEP), turbine inlet temperature (TIT), turbine after temperature
(TAT), turbine energy yield (TEY), and compressor discharge pressure (CDP). Carbon
monoxide (CO) and nitrogen oxides (NOy) were modeled as independent regression tar-
gets. CO was excluded from the NOy predictor matrix, and NO, was excluded from the
CO predictor matrix. Calendar year and the within-file row index were used exclusively to
preserve the supplied ordering and were not included as predictors.

The five annual CSV files were concatenated according to year and their original
within-file row order. Column names were standardized, and the nine predictors and two
targets were converted to numeric values. The data audit included annual sample counts,
missing and nonfinite values, and exact duplicates across the measurement columns. No
missing or nonfinite values were detected. Nine rows were flagged as exact duplicates
across the measurement columns and were retained because identical aggregated sen-
sor records may correspond to valid repeated operating conditions. Lagged and rolling
predictors were not constructed because the distributed data do not include individual
timestamps. Consequently, adjacency refers to the supplied row order and does not imply
a verified constant time interval between consecutive records.
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Annual predictor distributions were summarized using the arithmetic mean and
sample standard deviation within each year (Table 1). These descriptive quantities were
used to characterize the dataset and were not used for model selection or preprocessing.

Table 1. Annual descriptive statistics of the operational predictors. Values are reported as
mean + sample standard deviation.

Predictor Unit 2011 (n = 7411) 2012 (n = 7628) 2013 (n = 7152) 2014 (n = 7158) 2015 (n = 7384)
AT °C 1711 £ 7.43 18.40 £ 7.66 17.60 £+ 6.86 18.22 + 6.99 17.23 £ 8.10
AP mbar 1014.17 £+ 6.29 1012.26 + 6.38 1012.00 £+ 6.29 1012.38 £ 5.97 1014.51 £ 6.90
AH Y% 79.17 £13.47 79.07 £ 14.11 80.46 = 14.13 82.14 £ 13.00 68.65 £ 13.54

AFDP mbar 4.09 + 0.66 431 +0.83 3.70 £ 0.81 391 +071 3.60 = 0.61

GTEP mbar 25.66 + 4.33 25.18 £4.01 25.11 +£4.35 25.74 + 3.68 26.13 £ 4.47
TIT °C 1084.73 £ 16.13  1082.89 £ 16.85 1081.57 £17.39 1078.84 £ 16.57 1078.97 £ 19.76
TAT °C 544.50 + 8.29 546.26 + 7.33 545.78 £7.36 547.64 + 4.61 546.64 + 5.49
TEY MWh 135.75 £ 16.21 132.68 £ 15.30 132.17 £ 16.35 132.91 £ 13.60 133.99 £+ 16.18
cDr mbar 1221 £1.15 12.00 £ 1.05 1197 £1.13 12.02 £ 0.95 1210 £ 1.14

Note: AT, ambient temperature; AP, ambient pressure; AH, ambient humidity; AFDP, air-filter differential pressure;
GTEP, gas-turbine exhaust pressure; TIT, turbine inlet temperature; TAT, turbine after temperature; TEY, turbine
energy yield; CDP, compressor discharge pressure. Variable names, numerical values, and units in this table
follow the released dataset metadata. No numerical unit conversion was applied to CDP because the reported
magnitude and published unit label cannot be reconciled unambiguously from the distributed CSV files alone.
Likewise, no additional full-load filtering was applied by the present analysis. Dry/wet concentration basis,
oxygen-reference correction, and other emission-reference conditions were not inferable from the numerical files
and therefore were not reconstructed computationally.

The experimental protocol was divided into three chronological stages. Data from
2011 to 2013 formed the source-development domain,

S ={2011,2012,2013}, ng = 22,191. (1)

The 2014 observations formed a configuration-selection domain,

C ={2014},  n.=7158, )

and the 2015 observations formed the locked final test domain,

T = {2015},  n; = 7384. 3)

According to Equations (1)—(3), model hyperparameters, the primary regression algo-
rithm, and high-emission thresholds were estimated using only S. The labels from C were
subsequently used to select among the alternative BASE, TAIL, SHIFT, and SHIFT-TAIL
configurations. The same 2014 labels were also used in the additional calibration exper-
iments described below; calibration parameters were frozen before application to 2015.
Once selected, the configuration associated with each global-error budget was frozen before
the labels from 7 were evaluated. Accordingly, all results reported for 2015 constitute
selection-independent prospective estimates.

For shift-based configurations, the operational predictor matrix of each target period
was treated as an unlabeled batch. The 2014 predictors were used to estimate source-to-2014
domain probabilities during configuration selection. After the weighting method, strength,
and clipping parameter had been selected, the 2015 operational predictors were used to
re-estimate source-to-2015 domain probabilities. The 2015 CO and NOy, labels were not
used to construct weights, fit models, choose configurations, or select thresholds. This
procedure represents unsupervised transductive covariate-shift adaptation in which the
target covariates are available as a batch at prediction time. It therefore corresponds to a
full-target-batch adaptation setting rather than to causal rolling deployment. No forecast

https://doi.org/10.3390/eng7100538


https://doi.org/10.3390/eng7100538

Eng 2026, 7, 538

5 o0f 31

lead time was defined; consequently, the high-emission analyses evaluate contemporaneous
prediction and identification rather than early-warning capability.

2.2. Regression Models, Hyperparameter Selection, and Matched Validation

Six regression algorithms were included in the definitive experiment: a mean dummy
regressor, Ridge regression, Random Forest, Extra Trees, histogram-based gradient boosting
regression (HistGBR), and XGBoost. Ridge regression was embedded in a pipeline that
standardized every predictor using means and standard deviations estimated exclusively
from each training partition. Tree-based models were fitted on the original predictor scale.

Hyperparameters were optimized independently for CO and NO, using only the
2011-2013 source domain. The source-only tuning stage evaluated 24 randomly sampled
parameter configurations with five forward temporal splits. Model-specific search spaces
included the Ridge regularization coefficient; the number of trees, maximum depth, number
or proportion of candidate predictors, minimum leaf size, and minimum split size for
Random Forest and Extra Trees; the learning rate, number of iterations, maximum leaf
nodes, minimum leaf size, and L, regularization coefficient for HistGBR; and the number
of estimators, maximum depth, learning rate, row and column subsampling, minimum
child weight, gamma, and L; and L, regularization coefficients for XGBoost.

Candidate configurations were ranked first by mean temporal root mean squared error
(RMSE) and then by mean absolute error (MAE). The best source-only parameters obtained
during this tuning stage were stored and reused unchanged throughout the definitive
analysis. Reusing the same parameters ensured that subsequent performance differences
arose from sample weighting and chronological evaluation rather than from a second
optimization using future labels.

After hyperparameter selection, random and forward temporal validation were com-
pared using exactly matched training and validation sample sizes. Five successive source-
domain partitions were first generated using TimeSeriesSplit. For the temporal fold k, let
T;" and Z})* denote its chronological training and validation indices. The corresponding
temporal prefix was defined as

Pe= I UL (4)

As defined in Equation (4), the random comparator was restricted to exactly the same
historical prefix as its temporal counterpart. For the matched random comparator, the ob-
servations in P, were randomly permuted, after which the same numbers of training and
validation observations as in the temporal fold were assigned to the random partitions. Thus,

,random | — k,random | —

iz zel, |z 7). ©)

Equation (5) guarantees identical training and validation sample sizes within each
matched comparison. Restricting the random comparison to the same temporal prefix
prevented differences in sample size or historical coverage from being conflated with the
effect of randomization. The matched comparison was repeated with seeds 17, 42, 137, 2026,
and 7777. These seeds controlled the random partition and stochastic model initialization,
while the forward temporal partitions remained fixed.

Because hyperparameters had already been selected using the source-domain temporal
folds, the matched validation analysis was intended as a controlled post-tuning comparison
of random and chronological resampling strategies rather than as a fully nested estimate of
final prospective generalization. Independent prospective performance was instead assessed
through the subsequent 2014 configuration-selection stage and the locked 2015 evaluation.

The primary regression algorithm for each pollutant was selected as the tuned model

with the lowest mean RMSE under matched forward temporal validation. The selected
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model was refitted using all 22,191 source observations before its unweighted and weighted
variants were evaluated in 2014 and 2015. In the definitive experiment, Extra Trees was
selected independently for both targets. The source-only optimal Extra Trees configuration
for CO used 389 trees, a maximum depth of 12, a predictor-sampling proportion of 0.6,
a minimum leaf size of 1, and a minimum split size of 13. For NOy, it used 451 trees, a
maximum depth of 26, a predictor-sampling proportion of 0.8, a minimum leaf size of 1,
and a minimum split size of 3.

For measured values y; and predictions f;, the principal global regression metrics were

n

1 N
MAE = = Y[y — i, ©
i=1

RMSE = )2, 7)

=
ngl
—
=
|
<

and
R2_ 1. Limi =)
Yt (vi — )
Equations (6)—(8) quantify average absolute error, squared-error sensitivity, and ex-
plained variation, respectively. Bias was defined as

(®)

n

Bias = % Y @i —vi), )
i=1
so that negative values represent average underprediction. According to Equation (9),
positive values indicate average overprediction. The 95th percentile of the absolute error
was also calculated to characterize large individual errors.
Underprediction was decomposed into frequency and severity. Its frequency was
measured using the underprediction rate,

n

UR= 1Y 1(5; < w), (10)

ni3

where 1(-) denotes the indicator function. The mean underprediction loss, which retains
zero loss for observations that were correctly predicted or overpredicted, was

n
MUL = % Y max(y; — §;,0). (11)
i=1

The conditional underprediction magnitude was calculated only among underesti-
mated observations:

oMU = Zi=1Wi — 991 < i) (12)
i1 10 <vi)

When at least one observation was underestimated, these quantities satisfy
MUL = UR x CMU. (13)

Thus, according to Equation (13), MUL reflects both the frequency and conditional
magnitude of underprediction.

To determine whether reductions in underprediction were obtained simply by shifting
predictions upward, analogous overprediction metrics were also computed. The overpre-
diction rate was

n

OR = % Y 19 > i), (14)

i=1
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the mean overprediction loss was
1 n
MOL = - Y max(9; — vi,0), (15)
i=1

and the conditional overprediction magnitude was

oMo - Zim1 Wi = yi)1(@i > yi)
1G> vi)

(16)

Conditional quantities in Equations (12) and (16) were treated as undefined when
their corresponding denominator was zero; they were recorded as missing values rather
than as zero.

This decomposition distinguishes frequent small underpredictions from infrequent
but severe errors.

For illustration, consider three observations with measured values (10, 12,15) mg/m?3
and predictions (8,13,11) mg/m?3. Underprediction occurs in the first and third observa-
tions, giving UR = 2/3 = 66.7%. The positive underprediction losses are (2,0,4) mg/m?,
so MUL = (24 0+4)/3 = 2 mg/m3, whereas CMU = (2 +4)/2 = 3 mg/m>. Accord-
ingly, MUL = (2/3)(3) = 2 mg/m?. The example shows that UR measures frequency,
MUL represents average loss over all observations, and CMU measures severity conditional
on underprediction.

2.3. Distribution Shift and Tail-Risk Assessment

Univariate covariate shift was quantified separately between the source domain and
each of the 2014 and 2015 domains. For every operational predictor, the analysis calculated
the two-sample Kolmogorov-Smirnov statistic and its associated p-value, the first Wasser-
stein distance, the Wasserstein distance normalized by the source interquartile range, the
standardized mean difference (SMD), and the population stability index (PSI).

The SMD for predictor j was defined as

Xsj— X

J(e) 2

where the subscripts s and t denote the source and target domains. Equation (17) expresses

SMD; = (17)

the source—target mean difference relative to their pooled dispersion. PSI was calculated
using bins defined by source-domain deciles:

B .
PSI; =) (Pt,jb - Ps,jb) 1H<Pt'jb ) , (18)

— Ps,jb

where p; jj and p; i are the proportions of source and target observations in bin b. Propor-
tions were lower-bounded by 10~ before evaluating the logarithm.

Multivariate shift was evaluated by assigning domain label D = 0 to source observa-
tions and D = 1 to observations from the target year. Source-to-2014 and source-to-2015
classifiers were fitted separately. The primary weighting grid retained the prespecified
histogram-based gradient boosting (HGB) classifier with a learning rate of 0.05, 180 itera-
tions, 31 maximum leaf nodes, a minimum leaf size of 30, and L, regularization of 1.0. To
evaluate the sensitivity of density-ratio estimation, the reviewer-oriented analysis addi-
tionally considered a standardized logistic-regression domain classifier and both randomly
stratified and contiguous-block outer validation schemes.

For random validation, five-fold stratified out-of-fold probabilities were calculated.
For blocked validation, the source and target sequences were each divided into five con-
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tiguous blocks and corresponding source/target blocks were held out together. For source
observation x;, the resulting probability was

pi =Pr(D =1]x). (19)

Equation (19) was estimated out of fold so that each propensity used for weight
diagnostics or weighting was obtained from a domain model that had not been fitted on
that observation.

A nested probability-calibration sensitivity analysis was also performed for HGB.
Within each outer training fold, raw domain probabilities were generated by three-fold
stratified cross-fitting and converted to logits. A logistic Platt calibrator was fitted only to
these inner out-of-fold predictions and then applied to the held-out outer fold. Thus, the
held-out domain labels were not used for probability calibration.

Domain separability was summarized using ROC-AUC, PR-AUC, Brier score, log loss,
the mean and selected percentiles of p; in each domain, and a domain-classifier ambiguity index

2 ns+ng
Ap = in(p;,1— p;). 2
o=t T mintpu 1) @

According to Equation (20), Ap ranges from 0 for maximally confident domain classi-
fication to 1 when all domain probabilities equal 0.5. Because Ap depends on the classifier,
class priors, validation protocol, and probability calibration, it was treated as a classifier-
dependent uncertainty diagnostic rather than as a universal coefficient of distributional
overlap. Domain classification was used as a shift diagnostic and as an unlabeled source of
sample weights; it was not treated as the final predictive task.

Six domain-estimation sensitivity specifications were evaluated: HGB with random
folds with and without nested Platt calibration, HGB with blocked folds with and without
calibration, logistic regression with random folds, and logistic regression with blocked
folds. The original HGB/random/uncalibrated specification was retained for the principal
49-configuration grid to preserve continuity with the prespecified analysis, while the
alternatives were used to quantify sensitivity of domain discrimination, importance weights,
covariate balance, and locked 2015 prediction performance.

Because changes in predictor distributions do not establish stability of the response
mechanism, the covariate-shift assumption was examined further using year-dependent
residual diagnostics. BASE predictions for 2014 and 2015 were averaged across the five
seeds. Signed residuals were compared between years using Welch’s test and the two-
sample Kolmogorov-Smirnov test, absolute errors using the Mann-Whitney test, and
residual dispersion using Levene’s test. Conditional residual analyses additionally divided
each operational variable and the BASE prediction into five reference-defined strata and
compared residual behavior within corresponding 2014 and 2015 strata. These diagnos-
tics were used to identify predictive miscalibration and year dependence; they were not
interpreted as proof of a specific mechanism such as conditional shift.

The effect of weighting on covariate balance was evaluated in the locked 2015 domain.
For each selected configuration and predictor, the unweighted source mean, weighted source
mean, target mean, and absolute SMD before and after weighting were calculated. Weighted
source variances used normalized sample weights with the finite-sample denominator

15
1-Y w? wi=
iz )3

Mg .
r=1Wr

i (21)

The normalization in Equation (21) was also used when assessing weighted source
covariate balance.

Target observations were additionally stratified according to empirical source-domain
support using propensity ranges. Two sensitivity definitions were used: overlap of the em-
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pirical source and target propensity ranges and membership within the source 0.5th-99.5th
percentile propensity interval. Locked 2015 regression performance was then reported sep-
arately for target observations classified as having adequate or insufficient source support.

High-emission thresholds were estimated exclusively from the source targets. For
q € {0.90,0.95,0.99},

7= Q({yi:i € S}). (22)

The thresholds in Equation (22) were therefore independent of both 2014 and 2015
target labels. These numerical thresholds were held fixed when counting and evaluating
high-emission observations in 2014 and 2015. For target period .4, the corresponding tail
subset was

Ay ={ice Ay, > 1}, ng = |Aql. (23)

All global metrics were recalculated within A;. For example,

1 R
RMSE; = |-~ Y (vi—9:)% (24)
7 ie A,
and 1
MUL, = — Y max(y; — 9;,0). (25)
ng i€ Ay

Equations (24) and (25) distinguish symmetric squared error from asymmetric un-
derprediction loss within the same source-defined tail. Tail-specific UR and CMU were
calculated analogously. Tail-specific OR, MOL, and CMO were also calculated to quantify
the corresponding overprediction cost. Because the thresholds originated in the source
domain, their prevalence was allowed to change naturally in 2014 and 2015.

To characterize whether the small tail subsets represented isolated rows or concentrated
stretches of the record sequence, Qgo, Qos, and Qg9 observations were grouped into contiguous
row clusters within each annual file. Because row-level timestamps were unavailable, these
clusters were not interpreted as verified independent physical emission events.

2.4. Risk-Constrained Weighting, Calibration, and Alternative Baselines

Four regression variants were compared using the source-selected Extra Trees model:
the unweighted baseline (BASE), tail weighting (TAIL), covariate-shift weighting (SHIFT),
and the product of both components (SHIFT-TAIL). All regression models continued to
use only labeled source-domain observations for fitting.

Tail weighting emphasized source observations at or above the source-defined Qgs
threshold. Before stabilization, the tail component was

1+a, v 2> 7095,
1, Yi < T0.95,

@}all —

(26)
where

a € {0.25,0.5,1,2,4,8}. 27)

Equation (26) therefore modifies model fitting according to source-label tail member-
ship only; no 2014 or 2015 emission labels enter the weighting function.

Covariate-shift weights were calculated from the out-of-fold source-domain proba-
bilities in Equation (19). Two formulations were evaluated. The density-ratio importance
weight was
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i i n
w;mp __Pi = (28)
1T —pin
where the sample-size factor corrects for the source-to-target class ratio used by the domain
classifier. A target-proximity formulation was also evaluated:

™ = p;. (29)
The latter gives greater weight to source observations that resemble the target operat-
ing domain without using target-emission labels. The raw density ratios from Equation (28)
and the raw proximity values from Equation (29) were retained before clipping so that the
concentration of the unregularized weighting problem could be examined directly.
Every raw weight vector was transformed using a bounded mean-one projection. For
upper bound ¢, the final weight was

1
w; = clip (Aw,-, C,C), — Z w; =1, (30)

ns i3

where A > 0 was obtained numerically. The pure TAIL configurations used c = 10, while
the SHIFT and SHIFT-TAIL configurations evaluated

c € {3,5,10}. (31)

Equation (30) imposes both a lower bound of 1/¢ and an upper bound of ¢ while
preserving mean weight one.
For SHIFT-TAIL, the stabilized components were multiplied and projected again:

shift-tail __ shift, tail
w; Y= Hc(wi Tw; ‘), (32)

where I1.(-) denotes the bounded mean-one projection in Equation (30). This second
projection ensured that the final product continued to satisfy the same normalization and
clipping constraints.

Weight concentration was assessed using the effective sample size (ESS),

(221 wi)z
Y w12 '

which was also expressed as a percentage of 1. ESS was calculated both for the normalized

ESS = (33)

raw weight vector and after bounded projection. In addition to the minimum, median,
95th percentile, 99th percentile, maximum, mean, and standard deviation, the analysis
recorded the fractions of raw weights lying below or above the eventual clipping bounds
and the fractions of final weights located at those bounds. These quantities directly assessed
whether an apparently acceptable post-clipping ESS masked severe concentration in the
original density-ratio estimates.

The complete grid contained 49 configurations per pollutant: one BASE configuration,
six TAIL configurations, six SHIFT configurations obtained from two shift formulations
and three clipping bounds, and 36 SHIFT-TAIL combinations. Every configuration was
evaluated on the 2014 selection period using the five prespecified seeds. Metrics were
aggregated as means and standard deviations across seeds.

A configuration was considered Pareto-nondominated when no alternative achieved
both a lower global RMSE and a lower Qg9 RMSE, with at least one strict improvement.
Final configurations were chosen using three illustrative global-error budgets. If RMSE,
denotes the 2014 BASE value and b € {0.02,0.05,0.10}, the feasible set is
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Fp = {m : RMSE,, < (1+ b)RMSE,}. (34)

According to Equation (34), the budgets limit allowable global prediction error during
configuration selection; they do not represent regulatory thresholds or guarantees of risk
control in a future year. Within F;, the configuration with the lowest mean Qg9 RMSE
was selected. Ties were resolved using Qg5 RMSE and then global RMSE. Q99 RMSE
was retained as the prespecified primary objective because it penalizes large errors in
the extreme-emission region while remaining directly comparable with the global-RMSE
constraint. Because this symmetric criterion does not uniquely represent underprediction
risk, Q99 MUL was additionally evaluated as an asymmetric sensitivity objective rather
than assuming RMSE to be universally preferable. The 2%, 5%, and 10% values represent
illustrative allowances for global RMSE deterioration and are not regulatory thresholds.

To evaluate whether the selected strategy depended on the definition of tail risk, the
complete 2014 selection procedure was repeated using four primary objectives: Qg9 RMSE,
Qo5 RMSE, Qg9 RMSE, and Qg9 MUL. The same global-RMSE feasibility budgets were
retained. This sensitivity analysis separates changes caused by the tail definition from those
caused by the choice between a symmetric squared-error objective and an asymmetric
underprediction objective.

Because the 2014 extreme subsets were small and the supplied observations were
ordered, configuration stability was evaluated using dependence-preserving moving-
block reselection rather than observation-independent bootstrap alone. For each pollutant,
observation-level 2014 predictions from all 49 configurations and each of the five seeds
were retained. Each bootstrap replicate first sampled one of the five fitted-model seeds and
then resampled the complete 2014 row sequence using moving blocks. Block lengths of 12,
24, 48, 96, 192, and 384 rows were evaluated in the definitive analysis; independent row
resampling (L = 1) was retained only as a sensitivity comparator. A total of 2000 replicates
were generated for every block length.

Within each replicate, global RMSE and the requested tail objective were recomputed
for all configurations. Feasibility was re-established relative to that replicate’s BASE RMSE
according to Equation (34), after which the feasible configuration with the lowest bootstrap
objective was selected. Replicates containing no observations from the requested tail were
recorded as invalid for that objective rather than assigned an artificial performance value.
Exact recovery was defined as the fraction of valid replicates in which the full-2014 selected
configuration was selected again.

Only the configuration identity—variant, weighting formulation, «, and clipping
bound—was transferred from 2014 to 2015. For SHIFT-based configurations, the source
weights were recalculated from the unlabeled 2015 operational predictors using the locked
formulation. The selected configuration was then fitted to all source observations and
evaluated once on the 2015 labels. BASE and each selected configuration were repeated
using the five prespecified seeds.

Cross-model confirmation examined whether the selected weighting effects depended
on the regression architecture. For every pollutant and global-error budget, the exact con-
figuration selected using 2014 was applied to the mean dummy regressor, Ridge, Random
Forest, Extra Trees, HistGBR, and XGBoost. Each weighted model was compared with its
own unweighted counterpart on the locked 2015 test set using the same five seeds.

Simple adaptation baselines were incorporated into the same chronological compari-
son rather than being evaluated only after the main selection. Two recency baselines trained
the source-selected regression architecture using either 2013 alone or 2012-2013, while
preserving the hyperparameters chosen exclusively within the original 2011-2013 develop-
ment period. Both models were evaluated first on 2014 and subsequently on the locked
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2015 period. Their 2014 global RMSE values were explicitly checked against the same 2%,
5%, and 10% feasibility budgets used for the weighting configurations. An extended 2014
selection analysis then admitted the original 49 configurations and the simple baselines to
the same Qg9-RMSE selection framework.

The g = 0.90 and g = 0.95 quantile-regression baselines used histogram-based gra-
dient boosting with quantile loss. Unlike the earlier fixed-parameter comparison, their
hyperparameters were tuned using only the source domain. Twenty-four parameter com-
binations were sampled from grids for the number of boosting iterations, learning rate,
maximum leaf nodes, minimum leaf size, and L, regularization. Five TimeSeriesSplit
folds were used, and candidates were ranked first by mean pinball loss and then by mean
RMSE. The selected quantile models were fitted to all source observations, evaluated in
2014 for budget feasibility, and then frozen for the 2015 comparison.

A direct calibration experiment was added to evaluate whether the large prospective
bias, particularly for NOy, could be corrected without using 2015 labels. For each seed,
BASE and the configurations selected in 2014 generated predictions for the complete 2014
calibration period. Three mappings were then considered: no correction, a constant-offset
correction, and linear calibration. For the offset correction,

g =g+ — Y- 1), (35)
¢ieC
whereas linear calibration estimated
yi=a+bji+e, i€C, (36)

by ordinary least squares and applied the frozen mapping

~cal

Y2015 = a + bjoo1s. (37)

Equations (35)—-(37) use 2014 labels only; no 2015 emission measurements enter esti-
mation of the calibration parameters. Calibration was evaluated for BASE, each primary
locked configuration, and a tail-only comparator under the corresponding budget. Global
and source-defined tail metrics were recalculated after calibration to determine whether im-
proved overall calibration also improved high-emission prediction. A labeled update using
a subset of the 2015 observations was not performed because this would have converted
part of the locked test period into adaptation data and changed the prospective evaluation
protocol. Instead, recent-history retraining and calibration based exclusively on the pre-
ceding 2014 labeled period were included as lower-complexity adaptation comparators
while preserving the complete 2015 label set for final evaluation. A secondary classification
experiment evaluated direct detection of source-defined Qgg, Qos, and Qgg events. For each
pollutant and threshold,

zi = 1(y; > 15). (38)

Equation (38) defines contemporaneous high-emission class membership; it does not
define a future-event forecast. The candidate classifiers were balanced logistic regression,
class-weighted Random Forest, and weighted XGBoost. Logistic regression used standard-
ized predictors, balanced class weights, a regularization parameter C = 1, and a maximum
of 3000 iterations. Random Forest used 250 trees, a maximum depth of 12, a minimum leaf
size of 2, a predictor-sampling proportion of 0.8, and balanced class weights. XGBoost used
350 estimators, a maximum depth of 4, a learning rate of 0.04, row and column subsampling
proportions of 0.8, and
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scale_pos_weight = —. (39)
ny

Classifier selection used two forward-year validation experiments: training with 2011
and validating with 2012, followed by training with 2011-2012 and validating with 2013.
The validation probabilities and labels from both experiments were concatenated. Models
were ranked by PR-AUC and then recall. For each classifier, the decision threshold was
selected from {0.01,0.02,...,0.99} by maximizing the F, score,

5 Precision - Recall
"~ 4 - Precision + Recall’

b (40)

which assigns greater importance to recall. The selected threshold in Equation (40) was
frozen before the 2015 evaluation. The selected classifier was refitted using all source
observations and evaluated on the locked 2015 events. For reproducibility and false-alarm
assessment, locked 2015 results were also retained for every candidate classifier, not only
the selected classifier. Final classification metrics included ROC-AUC, PR-AUC, balanced
accuracy, recall, specificity, precision, F;, Matthews correlation coefficient, Brier score,
prevalence, and the confusion matrix.

2.5. Statistical Inference, Interpretability, and Reproducibility

Uncertainty in the locked 2015 comparisons was assessed using a paired hierarchi-
cal seed—-moving-block bootstrap. This procedure incorporated both model-initialization
variability and dependence among adjacent rows. Predictions from BASE and each config-
uration selected in 2014 were retained for all five prespecified seeds.

For bootstrap replicate r, one seed was first sampled with replacement from

R = {17,42,137,2026,7777}. (41)

Equation (41) defines the fitted-model uncertainty propagated within the hierarchical
bootstrap. Sampling one seed within each bootstrap replicate treats model initialization as
a random model-fitting factor and propagates seed-to-seed variability together with row-
level dependence. The five-seed means reported in the performance tables therefore serve
as descriptive point estimates, whereas the bootstrap intervals characterize uncertainty for
a randomly realized fitted model under the prespecified training procedure.

Moving blocks were then sampled from the complete 2015 row sequence until
7384 indices had been generated. Following the residual-dependence diagnostics and
the reviewer request for longer-block sensitivity, block lengths were extended to

L € {12,24,48,96,192,384} rows. (42)

Because exact timestamps were unavailable, these values represent numbers of con-
secutive rows rather than verified physical durations. Autocorrelation functions were
calculated from lag 1 through lag 384 for the mean BASE residual sequence. In addition,
ACFs were calculated for the paired squared-loss differences and paired underprediction-
loss differences between BASE and each selected configuration. These diagnostics were
used to assess whether the block-length sensitivity range captured dependence in the
quantities entering the paired comparison.

Tail masks were applied after resampling the complete sequence. This preserved the
relative positions and temporal clustering of high-emission observations instead of resam-
pling the tail observations as an isolated series. Bootstrap comparisons were performed
for the complete test set and the source-defined Qq, Qgs, and Qg9 subsets. The evaluated
statistics were MAE, RMSE, MUL, UR, CMU, MOL, OR, and CMO.

For metric M, the paired bootstrap difference was
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A, = M?elected _ MFASE. (43)

Therefore, negative differences favor the configuration selected in 2014 for error, un-
derprediction, and overprediction-loss metrics. A total of 2000 bootstrap replicates were
generated for every pollutant, budget, block length, evaluation subset, and metric. Replicates
containing no observations from the requested tail were excluded for that tail metric and
counted explicitly. Likewise, CMU and CMO were treated as undefined when a resample
contained no underpredicted or overpredicted observations, respectively, instead of assigning
zero. The number of valid and invalid replicates was retained for every analysis.

The 2.5th and 97.5th percentiles formed the 95% confidence interval. The two-sided
empirical p-value used a finite-replicate correction:

B < B >

where B = 2000 in the definitive analysis. Since configuration selection used 2014 and infer-

, (44)

ence used only the locked 2015 outcomes, the resulting comparisons remained independent
of the selection labels. Bootstrap p-values were treated as complementary descriptive
evidence rather than as a family of independent confirmatory tests. Interpretation empha-
sized effect magnitude, 95% bootstrap confidence intervals, and consistency across the
prespecified block lengths; no multiplicity-adjusted significance threshold was applied.

Interpretability was evaluated for the unweighted source-trained Extra Trees models.
For each pollutant, the selected model was refitted using all 2011-2013 observations with
seed 17. Model-agnostic permutation importance was calculated on the locked 2015 test set
using RMSE as the scoring criterion and 15 permutations per predictor. Positive importance
indicates deterioration in prospective RMSE after permuting the corresponding predictor.

Tree SHAP values were calculated for a reproducible random sample of 1500 obser-
vations from the 2015 test set. Feature importance was summarized as the mean absolute
SHAP value. SHAP and external permutation importance were interpreted separately:
SHAP characterized the dependence encoded by the fitted model, whereas permutation
importance quantified the contribution of each predictor to performance in the shifted
target domain. Rather than reporting ranks alone, the definitive analysis retained im-
portance magnitudes and uncertainty. Permutation importance was summarized by its
mean, standard deviation, and empirical 95% interval across the 15 repeats. For Tree SHAP,
uncertainty in mean absolute SHAP magnitude was estimated by bootstrap resampling
of the 1500 evaluated observations. Rank agreement was used to identify variables that
remained influential under both interpretations.

Additional reviewer-oriented diagnostic plots were generated from seed-averaged
predictions for visualization only. These included measured-versus-predicted plots for
2015, residual sequences with source-defined tail observations indicated, and prediction
errors stratified by source-defined quintile ranges of TEY, TIT, and GTEP. Statistical in-
ference continued to use the seed-aware procedures described above rather than these
seed-averaged visualization values.

The analyses were executed using the full 36,733-observation database in Python
3.10.11 on Windows 10. The definitive environment included NumPy 2.2.6, pandas 2.3.3,
scikit-learn 1.7.2, XGBoost 3.2.0, and SHAP 0.49.1. Matplotlib 3.10.8 used the noninteractive
Agg backend to maintain compatibility with parallel model fitting.

The definitive v1.4 analysis used five temporal folds, five prespecified seeds,
24 randomized regression candidates per tunable model, 24 randomized candidates for
each quantile-regression objective, 49 weighting configurations per pollutant, three global-
error budgets, four configuration-selection objectives (Q9g RMSE, Qg5 RMSE, Q99 RMSE,
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and Qg9 MUL), and three source-defined high-emission thresholds. The 2014 configuration-
reselection analysis used 2000 bootstrap replicates for independent-row resampling and for
moving-block lengths of 12, 24, 48, 96, 192, and 384 rows. Locked 2015 inference used the
same six moving-block lengths and 2000 replicates per pollutant, budget, subset, metric,
and block length.

The reproducibility package stored the input-file SHA-256 hash, execution arguments,
software versions, source-only hyperparameters, fold-level predictions, complete 2014
configuration predictions, primary and sensitivity selections, simple-baseline results, cali-
bration parameters and predictions, raw and clipped weight diagnostics, effective sample
sizes, clipping-bound saturation, alternative domain-classifier results, covariate-balance
statistics, support-stratified performance, tail-cluster diagnostics, locked 2015 observation-
level predictions, complete classification probabilities and confusion matrices, bootstrap
outputs, residual and paired-loss ACFs, interpretability uncertainty, and figure manifests.
A persistent task-level checkpoint allowed interrupted runs to resume without repeating
completed analyses.

The protocol was designed as a reliability assessment on a public multiyear benchmark.
Consequently, the reported predictive results do not constitute PEMS certification, approval
under a specific regulatory performance specification, or evidence that the fitted models
can replace certified reference or continuous emission monitoring systems.

3. Results
3.1. Temporal Shift, Domain Separation, and Prospective Validation

The analysis included 36,733 complete observations: 22,191 from 2011-2013 for model
development, 7158 from 2014 for configuration selection, and 7384 from 2015 for locked
evaluation. The target distributions changed substantially across years (Figure 1). Mean
CO was 2.214 mg/m? during 2011-2013, decreased to 2.081 mg/m? in 2014, and increased
to 3.130 mg/m? in 2015. Mean NO, decreased from 68.777 mg/m? during development to
60.067 mg/m? in 2014 and 59.891 mg/m? in 2015. The locked test year therefore combined
a higher CO level with a sustained reduction in NOy, representing two different forms of
temporal target shift.

The annual predictor summaries in Table 1 showed concurrent changes in ambient
and operating conditions. Mean ambient humidity decreased from 82.14 £ 13.00% in 2014
t0 68.65 + 13.54% in 2015, while mean AFDP decreased from 3.91 + 0.71 to 3.60 &= 0.61 mbar.
Mean GTEP increased from 25.74 + 3.68 to 26.13 = 4.47 mbar, and mean TIT declined from
1084.73 +16.13 °C in 2011 to 1078.97 4 19.76 °C in 2015. Formal shift diagnostics were
consistent with these descriptive changes. In 2014, the largest population stability index
(PSI) values occurred for TIT (1.380), TEY (0.702), CDP (0.422), and AFDP (0.302). In 2015,
TEY reached a PSI of 1.444, followed by AH (1.196), TIT (1.015), and AFDP (0.820).

Domain-classification sensitivity analysis confirmed strong source-target distinguisha-
bility, while also showing that its estimated magnitude depended on the validation protocol
and probability treatment. Using the raw histogram-based gradient boosting (HGB) do-
main classifier with random stratified folds, mean ROC-AUC values were 0.99975 for 2014
and 0.99978 for 2015, with corresponding PR-AUC values of 0.99919 and 0.99937. When
contiguous-block validation was used instead, the mean ROC-AUC decreased to 0.9567 for
2014 and 0.9829 for 2015. A logistic domain classifier produced blocked ROC-AUC values
of 0.9837 and 0.9974, respectively. Probability calibration changed the probability-based
ambiguity diagnostic but did not eliminate the strong discrimination between periods.
Because this diagnostic depends on the classifier, probability calibration, and class pri-
ors, it is hereafter referred to as the domain-classifier ambiguity index rather than as a
distribution-overlap coefficient. These results indicate severe temporal domain separation
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while also showing that near-perfect discrimination under randomly mixed folds partly
reflects local dependence among observations.
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Figure 1. Annual distributions of CO and NO, emissions. Boxes represent the interquartile range,
horizontal lines indicate the median, and whiskers summarize the central distribution, while the
individual extreme observations are retained because upper-tail behavior is a primary focus of the
study. The 20112013 observations formed the development domain, 2014 was used for configuration
selection, and 2015 was retained as the locked final test period. An upper-tail empirical distribution
view is provided in the Supplementary Material.

Matched-size validation likewise confirmed that temporal ordering materially affected
estimated predictive performance. Across all models, seeds, and folds, mean CO RMSE
increased from 1.341 mg/m?> under random within-prefix validation to 1.654 mg/m? under
forward temporal validation. For NOy, the corresponding values increased from 5.476 to
7.377 mg/m?3. Identical training and validation sizes were used within each matched pair,
so the comparison isolates the effect of temporal ordering rather than differences in sample
size or historical coverage (see Table 2 and Figure 2).

Extra Trees achieved the lowest forward temporal RMSE for both pollutants and
remained the primary regression architecture for the subsequent adaptation experiments.
For Extra Trees, random within-prefix RMSE was 1.054 versus 1.406 mg/m3 under tem-
poral validation for CO, corresponding to a 25.0% lower random estimate. For NOy, the
corresponding values were 3.838 and 5.818 mg/m?, a 34.0% lower random estimate. The
temporally validated R? values were 0.627 for CO and 0.643 for NOj.

The unweighted Extra Trees model obtained an RMSE of 1.367 mg/ m? and an R? of
0.536 in the 2014 selection period. On the locked 2015 test, CO RMSE was 1.484 mg/ m?,
MAE was 0.869 mg/m?, and R? was 0.559. The mean prediction error changed from a
positive bias of 0.529 mg/m? in 2014 to a negative bias of —0.343 mg/m? in 2015, while the
underprediction rate increased from 25.5% to 68.6%.

For NOy, the 2014 baseline RMSE was 10.782 mg/ m3 with an R? of —0.169 and a
positive bias of 8.529 mg/m3. In the locked 2015 test, RMSE increased to 13.246 mg/m?,
R? decreased to —0.416, and mean bias increased to 11.968 mg/ m?>. Thus, the 2015 NO,
baseline was strongly miscalibrated in absolute concentration despite preservation of the
source-only model-selection protocol.
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Figure 2. Model -specific matched-size comparison between random within-prefix validation and
forward temporal validation in the 2011-2013 development domain. Paired results are shown
separately for each regression architecture rather than pooled across models. Training and validation

sample sizes were identical within each matched comparison.

Table 2. Mean matched-size cross-validation performance within the 2011-2013 development domain.

Target Model Random RMSE Temporal RMSE Temporal R?
CO Dummy mean 2.168 2.465 —0.078
CcO Ridge 1.457 1.684 0.484
CcO Random Forest 1.086 1.451 0.606
CcO Extra Trees 1.054 1.406 0.627
CcO HistGBR 1.143 1.473 0.595
CcO XGBoost 1.138 1.444 0.608
NO, Dummy mean 10.819 11.495 -0.217
NOy Ridge 7.244 8.987 0.217
NO, Random Forest 3.554 6.013 0.620
NO, Extra Trees 3.838 5.818 0.643
NOy HistGBR 3.649 5.997 0.624
NOy XGBoost 3.749 5.955 0.628

Residual diagnostics provided additional evidence of year-dependent predictive be-
havior. Comparing 2014 and 2015, the signed-residual distributions differed for both CO
and NOy according to Welch and Kolmogorov-Smirnov tests (p < 0.001), and the absolute-
error distributions also differed (p < 0.001). Residual variance differed significantly for CO
(Levene p < 0.001), whereas the corresponding NO, variance test was not significant at
the 0.05 level (p = 0.054). Conditional residual analyses across quantile strata of the nine
predictors and the baseline prediction showed nominal year-to-year residual differences in
all 50 evaluated CO strata and in 48 of 50 NOy, strata. These analyses document substantial
year-dependent predictive miscalibration; they do not, by themselves, identify whether
the underlying mechanism is covariate shift, conditional shift, or model misspecification.
Measured-versus-predicted plots, residual-sequence plots, and operating-stratum analyses
are provided in the Supplementary Materials.

3.2. Tail-Risk Selection, Objective Sensitivity, and Source-Domain Support

High-emission subsets were defined using thresholds estimated exclusively from the
2011-2013 source observations. The CO thresholds were 4.815, 6.168, and 10.717 mg/m?
for Qgp, Qos, and Qgy, respectively; the corresponding NOy thresholds were 82.133, 87.133,
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and 107.452 mg/ m3. In 2014, the CO Qgg, Qos, and Qog subsets contained 354, 173, and 56
observations. In 2015, their counts increased to 987, 528, and 123, corresponding to prevalences
of 13.37%, 7.15%, and 1.67%. For NOy, the 2014 Qgg, Qgs, and Qg9 subsets contained 256, 150,
and only 15 observations, respectively, while the locked 2015 subsets contained 350, 210, and
41 observations, corresponding to prevalences of 4.74%, 2.84%, and 0.56%.

For the CO baseline, locked 2015 RMSE increased from 1.484 mg/m? globally to 2.948
at Qqo, 3.688 at Qgs, and 6.790 mg/ m?> at Qg9. At Qgg, mean underprediction loss was
2.686 mg/m3, the underprediction rate was 73.8%, and the conditional magnitude among
underestimated observations was 3.640 mg/m?>.

For NOy, the large positive global bias resulted in a global underprediction rate
of only 1.20%, but this behavior reversed in the extreme tail. At Qqg, 82.4% of the
41 high-emission observations were underpredicted, with a mean underprediction loss
of 8.170 mg/m?> and a conditional underprediction magnitude of 9.922 mg/m3. Thus,
systematic global overprediction coexisted with frequent underprediction of the highest
observed NO, concentrations.

A total of 49 BASE, TAIL, SHIFT, and SHIFT-TAIL configurations were evaluated for
each pollutant on the 2014 selection period using five prespecified random seeds. Selection
minimized source-defined Qg9 RMSE subject to allowable global-RMSE increases of at
most 2%, 5%, or 10% relative to BASE. These percentages represent prespecified selection
allowances rather than regulatory thresholds. The selected configurations were frozen
before the 2015 emission labels were evaluated.

For CO, TAIL weighting with « = 8 minimized the prespecified Q99 RMSE under
all three global-error budgets. Its 2014 global RMSE was 1.347 mg/m> compared with
1.367 mg/ m?3 for BASE, while Qg9 RMSE decreased from 7.602 to 7.338 mg/ m?3. For NOy,
increasing risk budgets selected progressively stronger tail weighting: TAIL « = 1 under the
2% budget, TAIL a = 4 under the 5% budget, and TAIL « = 8 under the 10% budget. Their
2014 Qg9 RMSE values were 20.169, 19.870, and 19.512 mg/ m3, respectively, compared with
20.431 mg/m? for BASE. No SHIFT or SHIFT-TAIL configuration minimized the primary
Q99-RMSE criterion, as shown in Figure 3.

The preferred configuration depended on the risk objective. For CO, Qgg-, Qgs-, and
Q99-RMSE selection all chose TAIL & = 8 under the three budgets, whereas using Qg9 mean
underprediction loss (MUL) as the primary asymmetric objective selected TAIL a = 4.
For NOy, the Qg99-RMSE objective selected SHIFT importance weighting with a clipping
threshold of 5, and the Q95-RMSE objective selected SHIFT-TAIL weighting with « = 4
and clipping threshold 3. In contrast, both Qg9 RMSE and Qg9 MUL selected TAIL « =1,
4, and 8 under the 2%, 5%, and 10% budgets, respectively. Thus, the selected adaptation
mechanism was not invariant to the tail definition or loss function.

Moving-block reselection of the 2014 data further showed that exact configuration
stability was limited when temporal dependence was preserved. The analysis used
2000 replicates and block lengths of 12, 24, 48, 96, 192, and 384 rows, in addition to
observation-independent resampling as a sensitivity analysis. Under the primary Qg-
RMSE objective and a block length of 384 rows, exact recovery of CO TAIL a« = 8 was
31.0%, 28.8%, and 28.8% under the 2%, 5%, and 10% budgets, respectively. For NOy,
recovery frequencies were 7.0% for TAIL « = 1, 46.1% for TAIL a = 4, and 81.1% for TAIL
« = 8. Observation-independent resampling yielded higher NO, recovery frequencies,
particularly for the 10% configuration, demonstrating the importance of accounting for
dependence during selection-stability assessment, as shown in Table 3.
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Figure 3. Configuration selection using only the 2014 period. Each point represents mean global and
source-defined Qg9 RMSE across five seeds. Dashed lines identify empirical Pareto fronts, and black
stars indicate configurations selected under the 2%, 5%, and 10% allowable global-RMSE increases.
The three CO stars overlap because TAIL weighting with « = 8 was selected under all three budgets.

Table 3. Exact recovery of the primary 2014 Qg9-RMSE selections. IID denotes observation-
independent bootstrap resampling; block-384 denotes moving-block resampling with 384-row blocks.

Target Budget Selected Configuration IID Recovery (%) Block-384 Recovery (%)
CcO 2% TAIL, 2 =8 34.65 30.95
CcO 5% TAIL, 0« = 8 33.05 28.80
CcoO 10% TAIL, « = 8 33.05 28.75
NOy 2% TAIL, « =1 24.35 6.98
NOy 5% TAIL, « =4 67.75 46.08
NOy 10% TAIL,x =8 96.70 81.06

The small NO, Qg9 samples were also examined along the supplied record sequence.
The 15 Qg9 observations in 2014 occurred in nine contiguous row clusters, with a maximum
cluster length of four rows; the 41 observations in 2015 occurred in 24 clusters, with
a maximum length of five rows. For CO, the corresponding Qg9 counts of 56 and 123
were distributed across 30 and 60 contiguous clusters. Because individual timestamps are
unavailable, these clusters describe concentration along the supplied record order and are
not interpreted as independent physical emission events.

Importance-weight diagnostics confirmed that density-ratio estimation was poorly
conditioned under the severe domain separation. Across the alternative domain classifiers,
mean raw effective sample size (ESS) for 2015 ranged from approximately 0.57% to 4.42%
of the source sample, with a minimum seed-level ESS of 0.0068%; normalized raw weights
reached values above 18,000 in the most extreme case. Clipping increased ESS substantially,
to approximately 13.0-58.8% depending on the classifier and clipping threshold, but be-
tween 54.3% and 94.6% of weights could be affected by the lower bound and up to 4.0%
by the upper bound. Mean absolute standardized covariate difference was 0.263 before
weighting and reached values as low as approximately 0.184 after weighting. Prediction
performance also varied with the density-ratio estimator and clipping choice. These results
confirm that clipping improves numerical stability and balance but does not eliminate the
underlying common-support limitation. Complete predictor-level covariate-balance results
and locked 2015 performance stratified by empirical source-domain support are provided
in the reproducibility materials.
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3.3. Locked 2015 Performance, Simple Adaptation Baselines, and Calibration

Table 4 and Figure 4 show the independent 2015 performance of the configurations
selected with the primary 2014 Qg9-RMSE criterion. For CO, the same TAIL &« = 8 con-
figuration was selected under all three budgets. Global RMSE decreased modestly from
1.484 to 1.472 mg/m> (—0.87%), while Qg9 RMSE changed from 6.790 to 6.784 mg/m?
(—0.10%) and Qg9 MUL decreased from 2.686 to 2.632 mg/m?> (—2.0%). The Qg9 underpre-
diction rate changed only from 73.8% to 73.5%. Global mean overprediction loss decreased
from 0.263 to 0.252 mg/ m?, whereas Qg9 mean overprediction loss increased from 0.392 to
0.417 mg/m°.

co NOX
B Global === Q99 1 BN Global W Q99
E t
o o
E E
w w
(%] %]
= =
o o
BASE 2% 5% 10% ) BASE 2% 5% 10%
Figure 4. Global and source-defined Qg9 RMSE on the locked 2015 test set. BASE denotes the
unweighted Extra Trees model. The budget labels identify configurations selected using only 2014
under the corresponding maximum allowable increase in global RMSE. Duplicate selections are
represented by the same configuration.
Table 4. Locked 2015 performance of configurations selected using 2014. Percentage changes are
relative to the corresponding unweighted Extra Trees baseline. Negative values represent reductions.
MUL denotes mean underprediction loss.
Locked Global Qo9 Qo9
Target Configuration Budget RMSE A Qos MUL A RMSE A MUL A
(%) (%) (%) (%)
cO BASE — 1.484 0.0 1.082 0.0 6.790 0.0 2.686 0.0
CcO TAIL, x = 8 2%/5%/10%  1.472 —-0.9 1.059 —-21 6.784 -0.1 2.632 —-2.0
NO; BASE — 13.246 0.0 2.151 0.0 11.054 0.0 8.170 0.0
NOy TAIL, 0 =1 2% 13.462 +1.6 2.071 -3.7 10.794 —-2.3 7.952 —-2.7
NOy TAIL, « = 4 5% 13.774 +4.0 2.000 -7.1 10.538 —4.7 7.740 -5.3
NOy TAIL, a« = 8 10% 14.018 +5.8 1.973 —-8.3 10.444 —5.5 7.662 —6.2

For NOy, stronger tail weighting produced progressively larger improvements in
the extreme tail together with increasing global error. Under the 2%, 5%, and 10% con-
figurations, global RMSE increased by 1.63%, 3.99%, and 5.83%, respectively, while Qg9
RMSE decreased by 2.35%, 4.66%, and 5.51%. Corresponding Qg9 MUL reductions were
2.67%, 5.26%, and 6.22%. Global mean overprediction loss increased from 12.039 mg/ m3
for BASE to 12.268, 12.582, and 12.817 mg/ m3, respectively. The reduction in high-emission
underprediction was therefore accompanied by a measurable increase in overprediction
elsewhere in the response distribution.
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The underprediction frequency and conditional severity of the unique locked 2015
configurations are shown in Figure 5.
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Figure 5. Underprediction frequency and conditional severity for the unique locked 2015 configura-
tions. Repeated budget selections of the same fitted configuration are combined to avoid presenting
duplicate models as independent validations.

Simple temporal baselines provided an important comparator to weighting-based
adaptation. For CO, training Extra Trees only on 2013 produced the lowest global 2015
RMSE among the simple baselines (1.389 mg/m3), but this model was feasible in 2014 only
under the 10% global-error allowance and yielded a Qg9 MUL of 3.008 mg/m3. Training on
2012-2013 produced a 2014 RMSE of 1.433 mg/m? and was feasible under the 5% and 10%
budgets. In 2015 it achieved a global RMSE of 1.467 mg/m?, a Q99 RMSE of 6.630 mg/m?,
and a Qg9 MUL of 2.255 mg/ m3. When this baseline was admitted to the same extended
2014 selection framework, RECENT-2012-2013 was selected for CO under the 5% and 10%
budgets, whereas TAIL & = 8 remained selected under the 2% budget.

For NOy, the recent-2013 and recent-2012-2013 models were feasible under the global-
error budgets in 2014 but produced worse Qg9 performance in 2015 than the selected TAIL
configurations. Quantile-regression baselines achieved substantially smaller Qg errors but
were not feasible under any of the prespecified 2%, 5%, or 10% global-error allowances
because of their considerably larger 2014 global RMSE. The comparative results therefore
show that simpler recency adaptation is competitive for CO, whereas the global-versus-tail
trade-off is materially different for NO,, as shown in Table 5.

Direct calibration experiments further separated global predictive calibration from
extreme-tail performance. Calibration parameters were estimated only from the 2014 la-
bels and were then frozen before application to 2015. For NOy, a constant-offset correction
reduced 2015 global RMSE from 13.246 to 6.637 mg/m?, while linear calibration reduced it
to 6.333 mg/m? and increased R? from —0.416 to 0.676. However, the same linear correction
increased Qg9 RMSE from 11.054 to 24.463 mg/ m? and increased Qg9 MUL from 8.170 to
23.559 mg/ m3; all 41 Qg9 observations were underpredicted after calibration. Combining
linear calibration with the selected TAIL configurations retained the strong global-RMSE
improvement but further increased Qgg error. By contrast, neither constant-offset nor linear
calibration improved the CO baseline globally. The NOjy calibration results are summarized
in Table 6.
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Table 5. Simple temporal and quantile-regression baselines. “Feasible” indicates the global-RMSE
budgets satisfied on the 2014 selection period.

Target Baseline 2014 RMSE Feasible Budgets 2015 RMSE 2015 Qg9 RMSE 2015 Q99 MUL
CO Multiyear BASE 1.367 reference 1.484 6.790 2.686
CcO Recent 2013 1.477 10% 1.389 6.883 3.008
CO Recent 2012-2013 1.433 5%, 10% 1.467 6.630 2.255
CO Quantile Qgg 1.908 none 1.558 6.605 2.593
CO Quantile Qo5 2.510 none 1.994 6.506 2.242
NOy Multiyear BASE 10.782 reference 13.246 11.054 8.170
NO, Recent 2013 10.280 2%, 5%, 10% 14.223 13.392 10.196
NO, Recent 2012-2013 10.956 2%, 5%, 10% 14.304 11.318 8.989
NO, Quantile Qqg 16.970 none 19.946 7.159 3.138
NO, Quantile Qo5 18.758 none 22.078 7.134 1.646

Table 6. NO, calibration fitted using only 2014 labels and frozen for the locked 2015 evaluation.
Linear-calibration combinations with the three selected TAIL configurations are included to show the
global-versus-tail trade-off.

Configuration Calibration Global RMSE R? Bias Qg RMSE Q¢ MUL
BASE None 13.246 —0.416 11.968 11.054 8.170
BASE Offset 6.637 0.644 3.439 18.199 16.519
BASE Linear 6.333 0.676 2.814 24.463 23.559
TAIL,a« =1 Linear 6.330 — — 24.846 23.997
TAIL, « = 4 Linear 6.328 — — 25.700 24.939
TAIL, « = 8 Linear 6.347 — — 26.283 25.569

3.4. Statistical Robustness, Cross-Model Confirmation, and Secondary Analyses

Paired seed-moving-block bootstrap inference used 2000 replicates and block lengths
of 12, 24, 48, 96, 192, and 384 rows. Resamples containing no observations in the requested
tail, or no observations required for a conditional metric, were treated as undefined for
that metric rather than assigned a zero value. Figure 6 shows Qg9 RMSE differences at a
representative block length of 192 rows.

For CO, the small Q99 RMSE and MUL differences for TAIL &« = 8 were not statisti-
cally resolved at any examined block length. At 192 rows, the Qg9 RMSE difference was
—0.007 mg/m? (95% CI, [—0.121,0.080]), and the Q99 MUL difference was —0.057 mg/m3
(95% CI, [—0.191, 0.099]). Thus, the point estimates favored TAIL only slightly and remained
compatible with no tail improvement after accounting for dependence.

For NOy, statistical support depended on the allowable global-error budget. The 2%
configuration did not show a statistically resolved Q99 RMSE improvement at any block
length. The 5% configuration became significant for block lengths of 96 rows and longer;
at 192 rows its mean Qg9 RMSE difference was —0.460 mg/m?3 (95% CI, [—1.017, —0.038];
p = 0.034). The 10% configuration produced negative Qg9 RMSE confidence intervals
at every examined block length; at 192 rows the difference was —0.555 mg/m? (95% CI,
[—1.273, —0.131]; p = 0.018). In contrast, the Qg9 MUL differences remained statistically
unresolved for all three NO, budgets.

Residual and paired-loss autocorrelation supported the expanded block-length sensi-
tivity analysis. BASE residual autocorrelation at lag 1 was 0.436 for CO and 0.789 for NO,.
At lag 96 it was 0.107 and 0.470, respectively, and at lag 384 it decreased to 0.005 for CO
but remained 0.337 for NOy. For the NOy 5% comparison, squared-loss-difference autocor-
relation decreased from approximately 0.743 at lag 1 to 0.102 at lag 384. The longer-block
analyses therefore remained particularly relevant for NOj.
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Figure 6. Paired seed—moving-block bootstrap differences in source-defined Qg9 RMSE on the locked
2015 test set using a block length of 192 rows and 2000 replicates. Points represent mean differences
between the configuration selected in 2014 and BASE; horizontal lines represent 95% confidence
intervals. Negative values favor the selected configuration.

Cross-model confirmation showed that the effect of weighting depended on regression
architecture. For CO, TAIL a« = 8 reduced Qg9 MUL across the evaluated regressors,
although changes in Qg9 RMSE and global RMSE were not uniformly favorable. For
example, Random Forest and Ridge showed lower Qg9 underprediction loss but higher
Qg9 RMSE after tail weighting. For NOy, the strongest TAIL configuration (¢« = 8) reduced
Qg9 RMSE across all confirmatory regression architectures, while global error generally
increased. These results support a recurring tail-versus-global trade-off rather than uniform
superiority of a single weighting strategy.

The secondary high-emission classification experiments quantified the associated
event-detection and false-alarm burden. On the locked 2015 test, selected CO classifiers
achieved ROC-AUC values of 0.943, 0.868, and 0.896 for Qqgp, Qos, and Qgg, respectively. At
Qog, recall was 52.0% and precision was 88.9%, corresponding to 64 true positives, 8 false
positives, and 59 false negatives. For NO,, ROC-AUC values were 0.958, 0.978, and 0.951.
The Qqq classifier detected 39 of the 41 source-defined high-emission observations (95.1%
recall), but generated 398 false positives, yielding a precision of 8.9%. Its PR-AUC was 0.103
compared with a positive-class prevalence of only 0.56%. Complete confusion matrices and
decision thresholds are provided in the Supplementary Material.

Predictor-importance magnitudes and uncertainty are summarized in Figure 7. For CO,
external permutation importance ranked TIT first, followed by TAT, GTEP, and CDP; mean
absolute Tree-SHAP magnitude likewise ranked TIT and TAT first and second, followed
by TEY. For NO,, ambient temperature was the dominant predictor under both methods.
Permutation importance next ranked TAT, AFDP, and TIT, whereas Tree SHAP ranked TIT,
AH, and TAT after ambient temperature. Thus, agreement was strongest for the leading
variables, whereas lower-order contributions remained attribution-method-dependent.

Overall, the expanded analyses confirmed three distinct features of prospective PEMS
evaluation. First, randomly mixed validation substantially underestimated future-period
error relative to matched forward temporal validation. Second, severe source-target sepa-
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ration made unconstrained importance weighting poorly conditioned, and simple recency
adaptation was competitive for CO under moderate global-error allowances. Third, global
calibration and extreme-tail performance represented different objectives: NO, calibra-
tion substantially improved global RMSE while markedly worsening Qg9 underprediction,
whereas stronger tail weighting improved Qg9 RMSE at the cost of global error. The moving-
block analyses further showed that statistical support and configuration stability weakened
when temporal dependence and the small effective number of extreme observations were
explicitly considered.

CO — External permutation CO — Tree SHAP
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GTEP A
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AP -
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Figure 7. Predictor-importance magnitudes and uncertainty for the locked 2015 evaluation. External
permutation importance is expressed as the increase in RMSE after predictor permutation, whereas
Tree SHAP importance is expressed as the mean absolute SHAP value. Points represent importance
magnitudes and horizontal bars represent 95% uncertainty intervals. Results are shown separately
for CO and NO,.

4. Discussion
4.1. Temporal Validation, Distribution Shift, and Empirical Support

The results show that validation design materially affects the apparent reliability of
gas-turbine PEMS. For the selected Extra Trees models, matched random within-prefix
validation produced RMSE estimates approximately 25.0% lower for CO and 34.0% lower
for NO, than matched forward temporal validation. Because the paired protocols used
the same historical prefixes and identical train—validation sample sizes, the difference is
primarily attributable to temporal mixing rather than sample-size effects. This finding
is consistent with recommendations that validation partitions for structured data should
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reflect the intended deployment setting [11], and complements prior PEMS studies focused
mainly on predictive accuracy under conventional validation [2-6,9].

Prospective degradation occurred together with substantial changes in both emissions
and operating variables. Domain classifiers strongly separated the source period from 2014
and 2015, although discrimination decreased when contiguous-block rather than randomly
stratified validation was used. Residual distributions also changed between 2014 and
2015 across both pollutants and many operating-variable strata. These results establish
year-dependent predictive miscalibration and limited empirical support, but they do not
uniquely identify the underlying mechanism: covariate shift, conditional change, model
misspecification, and support limitations can produce overlapping signatures. Covariate
shift should therefore be interpreted here as one candidate adaptation setting rather than
as a verified description of the temporal change [12].

The importance-weight diagnostics reinforce this limitation. Across the alternative
domain classifiers, the mean raw effective sample size for the 2015 comparison represented
only approximately 0.57—4.42% of the source sample, and some normalized raw weights
exceeded 18,000. Clipping improved numerical stability and covariate balance, but a
substantial fraction of observations remained affected by the clipping bounds. Alternative
classifiers and probability calibration changed the estimated weights without removing the
common-support problem. Thus, clipping and ESS monitoring can regularize importance
weighting, but they cannot reconstruct target operating conditions that are absent or poorly
represented in the source domain [13-16].

4.2. Pollutant-Specific Adaptation and Tnil-Risk Trade-Offs

For CO, the primary Qgo-RMSE criterion selected TAIL weighting with & = 8 under all
three global-error allowances. On the locked 2015 period, however, the resulting changes
were small: global RMSE decreased by approximately 0.9%, Qg9 RMSE by approximately
0.1%, and Qg9 mean underprediction loss by approximately 2.0%. None of the Qg9 differ-
ences was statistically resolved in the moving-block bootstrap analyses. Configuration
identity was also unstable under dependence-preserving 2014 reselection, indicating that
several neighboring configurations provided similar empirical trade-offs. A simpler recent-
history model trained on 2012-2013 was feasible under the 5% and 10% allowances and
was preferred when admitted to the same extended selection framework. These results
suggest that additional adaptation complexity does not necessarily improve prospective
CO performance.

NOy exhibited a different problem: the locked baseline was strongly miscalibrated,
with substantial positive bias and poor global fit. Historical-label calibration corrected
much of this global error without using 2015 labels; linear calibration reduced global RMSE
from 13.246 to 6.333 mg/ m? and increased R? from —0.416 to 0.676. However, the same
correction increased Qg9 RMSE from 11.054 to 24.463 mg/ m? and worsened high-emission
underprediction. Conversely, progressively stronger TAIL weighting reduced Qg9 RMSE
by approximately 2.4-5.5% while increasing global RMSE by approximately 1.6-5.8% and
increasing overprediction elsewhere. Bootstrap support was budget-dependent: the 2%
configuration was not statistically resolved, the 5% configuration was supported only at
longer block lengths, and the 10% configuration showed a consistent reduction in Qg9 RMSE
across the examined dependence scales. The corresponding Qg9 mean-underprediction-
loss differences nevertheless remained statistically uncertain. Global calibration and high-
emission performance are therefore distinct objectives rather than interchangeable measures
of reliability.
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Sparse tails further constrain the strength of configuration-level conclusions. Only
15 NOy observations exceeded the source-defined Qg9 threshold in 2014, and exact moving-
block recovery of the selected configuration ranged from approximately 7% to 81% across
the three global-error allowances. Sensitivity analyses also showed that the preferred
strategy changed with the tail definition and loss function: broader Qgy and Qgs objectives
could favor SHIFT or SHIFT-TAIL, whereas the primary Qqg criterion favored pure TAIL
weighting. No SHIFT-based configuration was selected under the primary Qg9 objective
for either pollutant. Together with the severe support limitations, this result argues against
treating any single adaptation mechanism as universally preferable.

4.3. Operational Interpretation

The asymmetric analyses emphasize why global bias alone is insufficient for
deployment-oriented assessment. The baseline NO, model overpredicted the 2015 distri-
bution on average while still underpredicting most actual Qg9 observations. Tail-oriented
weighting reduced some high-emission errors but increased overprediction elsewhere, so
a statistically favorable tail metric should not be interpreted automatically as improved
operational reliability without specifying the relative costs of missed high-emission con-
ditions and false alarms [17,18]. The supplementary classification experiments illustrate
the same issue: the NO, Qqg classifier achieved high recall but low precision because of
the very low prevalence of extreme observations. Because the dataset contains no verified
forecast lead time, these results represent contemporaneous high-emission identification
rather than early-warning prediction.

Interpretability results were comparatively stable for the dominant predictors. TIT
was the leading CO variable under both external permutation importance and Tree SHAP,
while ambient temperature dominated NO, under both approaches. Lower-order rankings
differed more substantially, consistent with correlated predictors, interactions, and the
distinction between model-internal attribution and external performance degradation.
These quantities therefore describe predictive dependence in the fitted models rather than
isolated causal effects of turbine variables.

From a deployment perspective, the results support objective-specific rather than
method-specific adaptation. Recent-history training was competitive for CO, tail weighting
provided the clearest extreme-region squared-error reduction for NOy, and historical-label
calibration substantially improved global NO, accuracy while degrading the extreme tail.
The compared strategies also differ in their deployment requirements. Recent-history
retraining uses previously available labeled data, SHIFT additionally requires an unlabeled
target-period predictor batch and domain-model estimation, and historical calibration
requires a recent labeled reference period; a true target-domain update would further re-
quire new reference emission measurements. Thus, recent-history retraining and historical
calibration are computationally simpler, whereas SHIFT avoids target emission labels at
the cost of additional target-covariate access and density-ratio estimation. The 2%, 5%,
and 10% global-RMSE allowances should therefore be interpreted only as methodological
decision parameters for comparing trade-offs, not as regulatory limits or guarantees. Regu-
latory use would additionally require site-specific qualification, reference-method testing,
oxygen-reference corrections, permit-specific limits, and the applicable procedures under
frameworks such as U.S. EPA Performance Specification 16 and the European industrial-
emissions directives [20-22].
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4.4. Limitations and Future Work

Several limitations restrict the scope of these conclusions. The data originate from
a single gas turbine, and the public files do not provide independent load-state labels,
row-level timestamps, or sufficient metadata to reconstruct dry/wet emission basis, oxygen-
reference correction, or all measurement reference conditions. The published CDP unit was
therefore retained without reinterpretation. Because elapsed time between adjacent rows is
unknown, moving-block lengths represent dependence-sensitivity parameters rather than
physical durations; residual dependence in NO, remained appreciable even at the longest
examined block. Tail-specific inference is additionally limited by the small numbers of Qg9
observations, and the SHIFT procedure is transductive because the target predictor batch is
assumed to be available when the density ratio is estimated.

Future work should therefore evaluate multiple turbines, fuels, operating regimes, and
timestamped sequences that permit genuinely sequential adaptation. Larger labeled cali-
bration and selection periods would support more precise tail-risk estimation and adaptive
recalibration, while broader density-ratio estimators and explicit common-support rejection
rules could improve robustness under severe domain separation. Methods that jointly
account for underprediction and overprediction costs, together with adaptive conformal
prediction, could provide a more complete uncertainty-aware framework [19]. Plant-level
studies should ultimately connect statistical tail metrics to application-specific outcomes
such as missed high-emission conditions, false-alarm burden, reference-method compliance,
and intervention costs.

5. Conclusions

This study developed a reliability-oriented framework for CO and NO, predictive
emission monitoring under multiyear distribution shift. For the selected Extra Trees models,
matched random within-prefix validation produced RMSE estimates approximately 25.0%
lower for CO and 34.0% lower for NO, than matched forward temporal validation, rein-
forcing the importance of chronological assessment. Selection on 2014 followed by locked
evaluation on 2015 identified pollutant-specific trade-offs: for CO, the primary Q99-RMSE
criterion selected tail weighting with &« = 8 under all three global-error budgets. On the
locked 2015 period, this configuration produced only modest changes, reducing global
RMSE by approximately 0.9%, Q99 RMSE by approximately 0.1%, and Q99 mean under-
prediction loss by approximately 2.0%. The Q99 differences were not statistically resolved
in the moving-block bootstrap analyses. A recent-history model trained on 2012-2013 was
also competitive and was preferred in the extended selection framework under the 5% and
10% global-error allowances. For NOy, increasing tail-weight intensity reduced Q99 RMSE
by approximately 2.4%, 4.7%, and 5.5% under the 2%, 5%, and 10% budgets, respectively,
while global RMSE increased by approximately 1.6%, 4.0%, and 5.8%. Bootstrap support
depended on the selected budget and dependence scale: the 10% configuration showed a
consistent reduction in Q99 RMSE across the examined block lengths, whereas the corre-
sponding reductions in Q99 mean underprediction loss remained statistically uncertain.
Moving-block reselection also showed that exact configuration stability was more limited
than suggested by observation-independent resampling, particularly for CO and for the
more restrictive NO, budgets. Sensitivity analyses using Q90, Q95, Q99, and an asymmetric
underprediction objective further confirmed that the preferred adaptation can depend on
the tail definition and loss function used for selection.

The calibration analysis further showed that global predictive calibration and high-
emission performance are distinct objectives. For NOy, linear calibration estimated ex-
clusively from 2014 reduced locked 2015 global RMSE from 13.246 to 6.333 mg/m3 and
increased R? from —0.416 to 0.676, but simultaneously increased Q99 RMSE from 11.054 to
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24.463 mg/m?3. Thus, a substantial improvement in overall calibration did not translate
into improved performance for the highest-emission observations. Overall, the results
establish global accuracy and high-emission reliability as complementary deployment
criteria. They also indicate that no single adaptation strategy was uniformly preferable
across pollutants, risk objectives, and allowable global-error budgets. Temporal valida-
tion, domain-support diagnostics, asymmetric tail metrics, selection-stability analysis, and
locked risk-constrained evaluation together provide a reproducible basis for comparing
PEMS adaptations under evolving operating conditions. The severe source—target sep-
aration and sensitivity of raw importance weights additionally indicate that covariate
weighting should be applied only with explicit support and effective-sample-size diagnos-
tics. The SHIFT formulation evaluated here is a batch-transductive adaptation procedure
and should not be interpreted as an online or early-warning system. Broader validation
across turbines, fuels, load regimes, and labeled target periods, together with timestamped
sequential evaluation, larger extreme-emission samples, and adaptation strategies that
jointly consider global error, underprediction, and overprediction, is the next step toward
transferable and uncertainty-aware deployment.
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/ /www.mdpi.com/article/10.3390/eng7100538/s1: Figure S1: Upper-tail empirical cumulative
distribution functions of CO and NO, emissions across 2011-2015; Figure S2: Measured versus
predicted CO and NO, concentrations on the locked 2015 test set; Figure S3: Residual sequences for
the locked 2015 predictions, highlighting high-emission observations; Figure S4: Prediction RMSE
stratified by source-defined TEY quintiles for CO and NO,; Figure S5: Autocorrelation functions of
baseline residuals and paired loss differences. Additional materials include analysis code, detailed
result tables, observation-level predictions, statistical outputs, and reproducibility metadata.
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Abbreviations and Symbols

The following abbreviations and symbols are used in this manuscript:

General, modeling, and operational abbreviations

PEMS
CcO

NO,
UCI
Ccsv
BASE
TAIL
SHIFT
SHIFT-TAIL
HGB
HistGBR
XGBoost
SHAP
11D

ACF
SHA-256

Predictive emission monitoring system

Carbon monoxide

Nitrogen oxides

University of California, Irvine Machine Learning Repository
Comma-separated values

Conventional unweighted baseline learning configuration
Tail-weighted learning configuration
Covariate-shift-weighted learning configuration

Combined covariate-shift and tail-weighted learning configuration
Histogram-based gradient boosting

Histogram-based gradient boosting regressor

Extreme gradient boosting

SHapley Additive exPlanations

Independent and identically distributed

Autocorrelation function

Secure hash algorithm with a 256-bit digest

Operational predictors

AT
AP
AH
AFDP
GTEP
TIT
TAT
TEY
CDP

Ambient temperature

Ambient pressure

Ambient humidity

Air-filter differential pressure
Gas-turbine exhaust pressure
Turbine inlet temperature
Turbine after temperature
Turbine energy yield
Compressor discharge pressure

Regression, risk, and diagnostic metrics

MAE
RMSE

RZ

UR

MUL
CMU
OR
MOL
CMO
SMD

PSI

ESS
ROC-AUC
PR-AUC
F1

F2

Mean absolute error

Root mean squared error

Coefficient of determination

Underprediction rate

Mean underprediction loss

Conditional underprediction magnitude
Overprediction rate

Mean overprediction loss

Conditional overprediction magnitude

Standardized mean difference

Population stability index

Effective sample size

Area under the receiver operating characteristic curve
Area under the precision-recall curve

F1 score, harmonic mean of precision and recall

F2 score, recall-weighted harmonic mean of precision and recall

Tail-risk and experimental symbols

https://doi.org/10.3390/eng7100538


https://doi.org/10.3390/eng7100538

Eng 2026, 7, 538

30 of 31

Ns
N
ng
Yi
i
v
q
T
Ag
g

Source-defined 90th-percentile emission threshold

Source-defined 95th-percentile emission threshold

Source-defined 99th-percentile emission threshold

Source-development domain comprising observations from 2011 to 2013
Configuration-selection and calibration domain comprising observations
from 2014

Locked final test domain comprising observations from 2015

Number of observations in the source-development domain

Number of observations in the configuration-selection domain

Number of observations in the locked test domain

Measured emission concentration for observation i

Predicted emission concentration for observation i

Mean measured emission concentration

Quantile level used to define a high-emission region

Source-defined emission threshold corresponding to quantile g

Subset of observations whose measured emissions are at or above 1,
Number of observations in the source-defined tail subset A,

Distribution-shift and weighting symbols

D

Pi

Ap
~im
w i P
- prox
i
wi
w}ail
w?hift
w?hlftftall

114

Domain indicator, with D = 0 for source observations and D = 1 for target
observations

Estimated probability that observation i belongs to the target domain,
Pr(D=1]x;)

Domain-classifier ambiguity index

Raw density-ratio importance weight for source observation i

Raw target-proximity weight for source observation i

Final normalized and bounded sample weight for observation i
Tail-weight component for observation i

Covariate-shift-weight component for observation i

Combined covariate-shift and tail weight for observation i

Tail-weighting strength parameter

Upper clipping bound for stabilized sample weights

Lower clipping bound for stabilized sample weights

Scaling factor used in the bounded mean-one weight normalization
Bounded mean-one projection operator with clipping bound c

Set of configurations feasible under global-RMSE allowance b

Maximum allowable proportional increase in global RMSE during configu-
ration selection

Statistical-inference symbols

Moving-block length expressed in consecutive rows

Number of bootstrap replicates

Set of prespecified random seeds used in hierarchical bootstrap inference
Bootstrap replicate index

Generic performance metric evaluated in the paired bootstrap

Paired bootstrap difference between the selected configuration and BASE in
replicate r

Confidence interval

Empirical two-sided bootstrap p-value, when used in statistical inference
L1 regularization penalty

L2 regularization penalty
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