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ABSTRACT: Machine leatning studies of fed-batch fermentation monitoting routinely
report near-perfect anomaly detection performance, yet this rarely translates into deployed
monitoring systems, because evaluation protocols leak information from the test partition
into training, calibration, or threshold selection. We quantify four leakage modes on a 200-
run Monod-kinetics fed-batch benchmark with four injected fault types (dissolved-oxygen
crash, pH excursion, substrate overfeed, agitation failure). An identical XGBoost model
evaluated under a naive pipeline (sample-level splitting, oracle Isolation Forest
contamination) shows ROC-AUC inflated by 0.039, PR-AUC by 0.077, and F1 by 0.103
relative to a run-level, leakage-controlled pipeline. Under the run-level protocol, XGBoost
achieves ROC-AUC = 0.9559 (95% BCa CI [0.9425, 0.9667]) on a sealed test partition of
30 runs (N = 2,910; 5.21% prevalence). Isotonic regression on a held-out calibration
partition reduces Expected Calibration Error from 0.0140 to 0.0053 (AECE = 0.0087;
95% CI [0.0005, 0.0139]) with no detectable loss of discrimination (TOST, & = 0.05). A
feature-leakage audit shows two faults (substrate overfeed, agitation failure) achieve near-
perfect AUC (= 0.9999) via single-feature collapse and are reported as simulation artefacts,
while do_crash and pH_excursion (AUC 0.9148-0.9867) reflect genuine learned
detection. Leakage also distorts interpretability: naive-pipeline SHAP rankings diverge
materially from run-level, sealed-test-only rankings (Kendall's © = 0.49; Spearman's o =
0.63). The same protocol, re-applied to the Tennessee Eastman Process benchmark, yields
ROC-AUC = 0.8885 for a separately trained model, supporting portability of the
evaluation protocol rather than of any trained model. All results derive from simulated,
injection-labelled data and quantify pattern recovery within the simulation domain, not
fault-detection capability in physical bioreactors. The central finding is that evaluation
design changes apparent performance — and apparent feature importance — by a margin
larger than differences typically attributed to model choice.
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1. INTRODUCTION
1.1 Motivation and Problem Statement

Fed-batch fermentation is one of the most economically important unit operations in the biomanufacturing of pharmaceuticals
and biochemical synthesis. Process upsets (such as dissolved-oxygen crashes, overfeeding of substrates, agitation failures, and
excursions of pH) can irretrievably damage the quality of products and yield of batches, making early detection of an anomaly
and multi-step state forecasting of great operational importance, and having spurred a large body of machine learning literature
[1—4]. Even with all of this effort, Kapoor and Narayanan [5] found that most of the machine learning research conducted in
various scientific fields uses evaluation procedures that boost results. Common failure modes include document-based train-
test partition splitting, which allows for temporal autocorrelation to span the train-test partitions; hyperparameter selection
based on known prevalence in the test set (contamination hyperparameter); threshold tuning using the test data; loss of
persistence baselines; and explainability analysis over the entire dataset, including the train data. Every practice has the potential
to increase metrics but not deployable capability [34,35]. For fed-batch fermentation, these failure modes result in a
reproducibility gap with real-world implications: failure to include sample-level leakage or oracle contamination in a model can
lead to significant changes in the discrimination result that can affect the qualitative conclusions of a study. Under Process
Analytical Technology (PAT) guidance [6] such models become a concern, not just a statistical concern, when they inform
process-control decisions when the gap between reported and deployable performance becomes a concern. This study also
reveals that the same gap applies to explainability: rankings of features used for process explanation that guide attention to the

process variables to monitor are also susceptible of leakage (Section 5.7).
1.2 Scope and Honest Positioning

Bioprocess Al isn't a new fault detection algorithm, a digital twin or an industrially deployed monitoting system. It is a
reproducible, simulation-based framework for evaluating: (i) how run-level partitioning prevents temporal leakage; (i) how
calibration-set isolation enables honest probability calibration; (iii) how non-oracle contamination parameterisation affects
reported performance of the Isolation Forest algorithm; and why this mechanism is more limited than previously understood;
(iv) how transparency of the simulation-artefact disclosure changes a papet's epistemological scope—including an explicit
feature-leakage audit; and (v) how attribution leakage and attribution rankings shift when attribution is restricted to a sealed test
pattition; (vi) how non-oracle contamination parameterisation affects reported performance of the Isolation Forest algorithm;
and why this mechanism is more limited than previously understood. The framework is constrained by its simulation context:
All performance metrics are based on the ability of models to recover patterns generated by a model of Monod-kinetics ODEs
and its deterministic fault-injection procedure, rather than on capability in the detection of faults in physical bioreactors. Physical
validation is something that is required, as a limitation, not a minimisation. In Sections 5.1 and 5.7, simulation is not a
convenience substitute for the specific causal claims under test - holding the true fault-onset ground truth constant while only
changing the evaluation protocol is impossible on physical data, where leakage effects have to be disturbed by the label-noise
effects.

1.2.1 Methodological Generality: The Evaluation Protocol Is Benchmark-Independent

None of the evaluation components introduced in this study — run-level (grouped) partitioning (Sections 3.3, 4.3), calibration-
set isolation (Section 4.4), sealed-test threshold isolation (Section 4.3), BCa bootstrap interval estimation (Sections 4.4, 4.5),
McNemar, Delong, and TOST significance testing (Section 4.6), conformal calibration via CQR (Section 4.4), or the SHAP
leakage audit (Section 4.5) — reference the Monod kinetic equations, the organism being modelled, the reactor configuration,
the feature set, or the sensor modality. Each operates exclusively on four data-organisation primitives: a set of samples, a
grouping variable partitioning those samples into non-overlapping runs, a label or prediction target attached to each sample,
and a model's predicted score for each sample. Table 1b makes this separation explicit for every protocol component used in
Sections 4-5.

Table 1b. Data-organisation dependencies of each protocol component: what each requires versus what it is independent of.

Protocol component Requires Independent of Used in

Run-level (grouped) partitioning [samples; group (run) ID kinetics, organism, reactor type (Sections 3.3, 4.3
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Protocol component Requires Independent of Used in
Calibration-set isolation disjoint sample subset; labels governing equations, feature set [Section 4.4
Sealed-test threshold isolation  |held-out sample partition process chemistry Section 4.3

BCa bootstrap confidence

ntervals sample-level statistic; resampling  |sensor modality Sections 4.4, 4.5
McNemar / DelLong tests paired predictions; labels organism, kinetics Section 4.6
TOST equivalence test two paired metric distributions reactor configuration Section 4.6
CQR conformal calibration calibration-partition residuals governing equations Sections 4.4, 5.5
SHAP leakage audit model; held-out samples; feature specific feature semantics Sections 4.5, 5.7

matrix

Proposition 1 (Protocol invariance). Let a dataset D = {(x_i, g i, y_i)} consist of samples x_i, group identifiers g i (e.g.,
simulation run or batch ID), and labels y_i, produced by any data-generating process P — mechanistic (e.g., an ODE system),
empirical, or hybrid. The evaluation protocol E defined in Sections 4.3—4.6 — run-level partitioning, calibration isolation,
threshold isolation, BCa intetval estimation, McNemar/DeLong/TOST testing, conformal calibration, and the SHAP leakage
audit — is a function of D and a fitted model only, and does not appear as a function of P. Consequently, for two data-
generating processes P1 # P2 producing datasets with the same schema {x, g, v}, E is computed identically on both. Replacing
the Monod-kinetics simulator with any other process therefore changes only the joint distribution of (x, g, y), not the definition
of E.

This proposition is not offered as a new theoretical result in itself: it follows directly from the domain-general leakage taxonomy
of Kapoor and Narayanan [5] and the blocked-partitioning results of Cerqueira et al. [7], and is consistent with evidence that
leakage-driven overfitting recurs across benchmark competitions independent of task domain [23]. Its role here is to make
explicit, for the bioprocess ML literature specifically, why this framework's methodological contribution is separable from its
Monod-kinetics instantiation. Section 5.10 provides direct empirical support: the identical protocol, re-applied to the Tennessee
Eastman Process — a benchmark with no Monod kinetics, no biological organism, and an unrelated state-vatiable structure —

requited no change to the isolation logic of Section 4.3, only retraining on TEP's own feature schema (Section 4.7).
This distinction is maintained throughout the paper as two explicit layers:

e Layer A — Methodology (benchmark-independent): run-level (grouped) partitioning; calibration-set isolation; sealed-test
threshold isolation; BCa bootstrap uncertainty quantification; pre-specified McNemar, DeLong, and TOST statistical testing;
conformal calibration; and the SHAP leakage audit.

e Layer B — Implementation (benchmark-specific): the 200-run Monod-kinetics fed-batch simulator with four injected fault
types (Section 3), and the Tennessee Eastman Process benchmark (Sections 4.7, 5.10) — each one concrete, reproducible
instantiation of Layer A, not the methodology itself.

To state the scope precisely: this work does not claim that Monod kinetics represent all fermentation systems, all organisms, or
all bioprocess dynamics. It claims that the evaluation methodology of Sections 3—4 — the object of Proposition 1 — is invariant
to that choice, and that a controlled, deterministic benchmark is the appropriate first instantiation for isolating the
methodological variables under test (leakage mode, calibration isolation, interpretability distortion) from confounds a physical
or organism-specific dataset would introduce, such as label noise, uncontrolled batch-to-batch drift, or sensor failure. A
benchmark's role in methodological research is analogous to a controlled expetiment's role in any empirical science: it is
deliberately narrow so that the variable under study — here, evaluation protocol — can be isolated (Section 2.6).
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1.3 Research Gaps Addressed

Gap 1 — Absence of run-level partitioning. Sample-level or shuffled cross-validation violates the independence assumption

required for autocorrelated process time series [5,7].

Gap 2 — Absence of calibration assessment. Anomaly detectors are typically evaluated only on discrimination metrics,
without assessing whether predicted probabilities match empirical positive rates.

Gap 3 — Absence of distribution-free coverage in forecasting. Multi-step forecasts are usually reported as point estimates,
despite conformal methods offering marginal coverage guarantees without distributional assumptions [8,9].

Gap 4 — Incomplete simulation-artefact and feature-leakage disclosure. Studies injecting single-feature-detectable faults
commonly report only aggregate metrics, without fault-stratified disclosure or an explicit mapping of which engineered features
definitionally encode each injected fault.

Gap 5 — Absence of interpretability-leakage quantification. SHAP and related attribution methods are evaluated for
leakage in their input data (full dataset vs. held-out partition) but rarely compared, rank-for-rank, between leaky and leakage-

controlled pipelines on the same model and data.

Gap 6 — Lack of open reproducibility packages. Trained models, evaluation scripts, and raw outputs are rarely deposited
in a form permitting independent replication, a shortfall documented broadly across the machine learning literature [37,38].

This study addresses these gaps within a single reproducible pipeline. No contribution claims algorithmic novelty; the
contribution is the systematic, combined application of evaluation practices the methodological literature recommends but

bioprocess ML has not yet standardised.
1.4 Contributions

The primary contribution is methodological: a reproducible, leakage-safe evaluation protocol (Layer A, Section 1.2.1) for
grouped process time-series ML, whose components operate on data organisation rather than on the underlying dynamical
system. The 200-run Monod-kinetics benchmark (Section 3) and the Tennessee Eastman Process cross-validation (Sections 4.7,
5.10) are two independent implementations of this protocol, provided as concrete, reproducible instantiations rather than as

the contribution itself. Specifically, this work contributes:

* A run-level evaluation protocol with strict training/calibration/sealed-test partiioning, applied consistently across all models

and, in Section 5.10, independently re-applied across two structurally unrelated benchmarks.

* A controlled side-by-side quantification of leakage-induced metric inflation, isolating splitting strategy and contamination
parameterisation as the sole varying factors, including a corrected technical account of what oracle contamination can and

cannot explain for Isolation Forest (Section 5.1.2).

* An explicit feature-leakage audit (Table 2b) mapping each injected fault to the engineered features that definitionally encode
it, with the resulting structural prediction checked directly against empirical fault-stratified AUC.

* Calibration-aware anomaly scoring with an uncertainty-quantified, statistically tested ECE improvement.
e Fault-stratified AUC disclosure distinguishing genuine learned detection from simulation artefacts.

* A leakage-induced interpretability audit quantifying SHAP rank degradation between a naive and a run-level-isolated pipeline
(Kendall's 7, Spearman's ; Section 5.7).

e Pre-specified statistical validation (McNemar, DelLoong, TOST equivalence) with Bonferroni correction across six

comparisons.

* A documented 200-run Monod-kinetics benchmark — one concrete, reproducible implementation of the protocol above —
with published seeds, parameter distributions, and fault-injection code; a second, independent implementation on the Tennessee

Eastman Process benchmark (Section 5.10) demonstrates the protocol's portability beyond this implementation.

* An open reproducibility package — model artefacts, the full simulation dataset, raw ODE outputs, and analysis scripts —
deposited at Zenodo, with a single pinned SHAP version used throughout (Section 4.5).
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1.5 Paper Organisation

Section 2 reviews related work on bioprocess ML, evaluation methodology, probability calibration, conformal prediction, and
explainability. Section 3 describes the simulator, dataset, and feature-leakage audit. Section 4 details the methodology. Section
5 reports results, beginning with the leakage-quantification experiment (Experiment A) before the primary sealed-test evaluation
(Experiment B) and the interpretability-leakage audit. Section 6 discusses findings. Section 7 states limitations. Section 8
concludes with recommendations for evaluation practice.

2. RELATED WORK
2.1 Machine Learning for Bioprocess Fault Detection

Machine learning applications to bioprocess monitoring — including soft sensors, multivariate statistical process control, and
fault detection — have been reviewed extensively [1—4]. Brunner et al. [1] identify the absence of run-independent validation
as a persistent methodological gap in soft-sensor development. Mowbray et al. [2] survey ML applications across chemical and
process industries and note that practical deployment remains limited, a gap partly attributable to optimistic evaluation
protocols. Fault detection and diagnosis specifically has been reviewed in a three-part survey by Venkatasubramanian et al. [49].
Grinsztajn et al. [10] and Shwartz-Ziv and Armon [11] show that tree-based ensembles — specifically XGBoost [12,42] and
Random Forest [13] — consistently outperform deep neural networks on structured tabular data at the dataset scales typical of
fermentation monitoring. This motivates their use as primary baselines in the present framework. Related gradient-boosting
variants [43,44] and broader tabular-data benchmarking studies [45,46] corroborate this choice of baseline model family.

A recurring structural limitation in the bioprocess ML literature is the absence of run-level partitioning: studies frequently rely
on within-batch or shuffled validation that permits temporal autocorrelation to bridge training and test partitions and inflates

recall and precision by allowing test samples to share local time-series context with same-run training samples [5,7].
2.2 The Reproducibility Crisis and Data Leakage

Kapoor and Narayanan [5] surveyed 329 machine learning papers across 17 scientific domains and found that 294 (89%)
contained at least one identifiable form of data leakage, with temporal leakage the most prevalent failure mode in time-series
applications, a taxonomy formalised earlier by Kaufman et al. [34]. Cerqueira et al. [7] systematically compared cross-validation
methodologies for time-series forecasting and demonstrated that blocked, run-level cross-validation produces substantially
lower — and more honest — performance estimates than shuffled k-fold cross-validation, consistent with related analyses of
cross-validation validity for autocorrelated series [39,40]. The present study operationalises these recommendations for fed-
batch fermentation anomaly detection and quantifies their effect directly, via a controlled dose-response design, on a benchmark

where ground truth is known by construction.

A specific manifestation of leakage in unsupervised anomaly detection is oracle contamination: Isolation Forest [14] requires a
contamination parameter specifying the expected anomaly fraction, and setting this to the true test-set positive rate is equivalent
to using test-set label information during model construction — a form of target leakage [34]. Broader surveys of anomaly-
detection methodology situate Isolation Forest's contamination parameter within a larger class of density- and isolation-based
approaches [47,48]. The present framework uses only the training-partition positive rate and shows in Section 5.1.2 that this
parameter, while a genuine leakage mode for threshold-dependent metrics, does not by construction explain a difference in
Isolation Forest's continuous ROC-AUC score.

2.3 Probability Calibration in Machine Learning

High-capacity classifiers, including gradient-boosted ensembles, are frequently poortly calibrated even when achieving high
discrimination [15]. Zadrozny and Elkan [16] introduced isotonic regression as a non-parametric post-hoc calibration method
fitted on a held-out partition distinct from training and evaluation data. Naeini et al. [17] formalised Expected Calibration Error
(ECE) as a calibration assessment metric. Alternative calibration approaches include Platt scaling [52], beta calibration [51], and
empirical comparisons of calibration behaviour across classifier families [50]. The present framework applies ECE with bias-
corrected and accelerated (BCa) bootstrap confidence intervals [58], checks bin-count sensitivity, and explicitly tests whether
the observed improvement is statistically distinguishable from a null effect.
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2.4 Conformal Prediction for Time-Series Forecasting

Conformal prediction [8,53] provides distribution-free marginal coverage guarantees without parametric assumptions. Romano
et al. [9] introduced Conformalized Quantile Regression (CQR), combining quantile regression with conformal calibration to
produce adaptive intervals. Extensions to regression settings more broadly [54] further motivate CQR's applicability to the
multi-step forecasting task in Section 5.5. The present framework integrates CQR within the same run-level protocol, using the
calibration partition for conformal calibration and verifying empirical coverage before sealed-test reporting (Section 5.5).

2.5 Explainability in Process Monitoring, and Its Vulnerability to Leakage

SHAP [18] and TreeSHAP [19] provide efficient, exact Shapley-value estimates for tree-based models. Computing SHAP values
on the full dataset — including training observations — is a common error in applied literature that overstates attribution
stability and produces rankings that partly reflect training-set memorisation rather than generalisation. Beyond this input-data
concern, however, the present framework asks a further question that prior bioprocess ML explainability studies have not
addressed directly: does the choice of evaluation protocol (naive vs. run-level-isolated) change which features SHAP ranks as
most important, holding the model class fixed? Section 4.5 and Section 5.7 quantify this directly via rank-correlation statistics
between the two protocols' SHAP rankings, rather than only restricting the SHAP computation itself to held-out data.

2.6 Benchmark Philosophy and Domain-General Evaluation Methodology

A controlled benchmark's role in methodological tesearch is not to represent evety instance of its application domain, but to
provide deterministic ground truth, reproducibility, and a fixed point for isolating one variable — here, evaluation protocol —
from confounds an uncontrolled physical dataset would introduce. This role is well established outside bioprocess ML: MNIST
and ImageNet [31] were never claimed to represent every image-classification task, GLUE [32] was never claimed to represent
every natural-language-understanding problem, and the Tennessee Fastman Process [20] — used independently in Sections 4.7
and 5.10 of this study — was never claimed to represent every chemical plant. Each nonetheless supported methodological
advances (optimisation algorithms, evaluation protocols, benchmarking practices) that transferred to domains the original
benchmark did not cover, because the methodological contribution being tested did not depend on the benchmark's specific
content. OpenML [33] and MIMIC-III [30] formalise the same principle for tabular and clinical time-series ML respectively: a
shared, controlled benchmark is deliberately narrow so that evaluation methodology, not domain coverage, is what is being
tested. The 200-run Monod-kinetics benchmark in Section 3 plays the same role here: its narrowness is what makes it possible

to hold ground truth fixed while varying only the evaluation protocol (Sections 5.1, 5.7).

The specific finding that evaluation-protocol choice — rather than model choice — can dominate reported performance is not
specific to bioprocess ML. Kapoor and Narayanan [5] documented this across 17 scientific domains; Roelofs et al. [23] showed
an analogous effect from repeated benchmark reuse in image-classification competitions; Whalen et al. [24] catalogued multiple
leakage modes specific to genomics that nonetheless map onto the same sample/group/label taxonomy used hete; Poldrack et
al. [25] and Saeb et al. [26] showed that subject-level, rather than sample-level, partitioning is required for honest evaluation in
neuroimaging and mobile-sensing clinical ML — the direct analogue of the run-level partitioning applied in Section 3.3;
Vandewiele et al. [27] showed oversampling-induced leakage inflates reported performance in medical diagnosis tasks by
margins comparable to those quantified in Section 5.1; and Tampu et al. [28] and Bussola et al. [29] showed that patient-level,
not slide- or sample-level, partitioning is required in medical imaging and digital pathology to avoid the same identity-leakage
mode addressed by run-level partitioning in this study, a pattern of methodological failure surveyed more broadly across medical
imaging by Varoquaux and Cheplygina [36]. Across genomics, neuroimaging, mobile-sensing, medical imaging, and digital
pathology, the corrective is structurally identical: partition on the grouping variable that shares statistical dependence with the
outcome, not on the sample index. This is Layer A of the present framework (Section 1.2.1), independently re-derived across

five domains that share no equations, organisms, or instrumentation with fed-batch fermentation.
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Table 1. Methodological criteria emphasised by this work, contrasted with practices commonly reported as absent or
inconsistently applied in the bioprocess ML monitoring literature.

Tul 1. [4]-style |B t al.-style FDD |C ira et al.
Evaluation practice v s‘yan etal. [4]-style arz‘ et al-sty’e crquetra et a Present work
studies studies [7]
Run-level partitioning X X Recommended V' (Sections 3.3, 4.3)
Non-oracle contamination (IF),
N/A N/A i
with mechanism check / X / V' (Section 5.1.2)
Probability calibration with BCa
e v X X N/A V' (Sections 4.4, 5.4)
ECE
Conformal prediction intervals X X N/A v (Sections 4.4, 5.5)
Fault-stratified artefact disclosure
N/A N/A i
+ feature-leakage audit / X / V' (Sections 3.2, 5.3)
Leakage-induced interpretability ]
(SHAP rank) audit X X X V' (Sections 4.5, 5.7)
Open data, models, code X X X \1/0)Zenodo (Section

Note. IF = Isolation Forest. v/ = criterion met; X = criterion absent or not applicable. Studies cited as illustrative; see Section 2 for full discussion.
3. Simulation Environment and Dataset Generation
3.1 Monod Kinetics ODE System

The simulator implements a four-state fed-batch ordinary differential equation (ODE) system governing biomass
concentration X (g/L), substrate concentration S (g/L), product concentration P (g/L), and culture volume V (L):

dX/dt = pX — (F/V)X (1)

dS/dt = —(u/Y_{X/SHX + (F/V)S_F - S) (2)

dP/dt = (ap + B)X — (F/V)P (3)

dv/dt = F (4)

w=p_max S/ (K_S+S) [Monod specific growth rate] (5)

The specific growth rate in Equation 5 follows Monod's original saturation kinetics [22]. Kinetic parameters are sampled
independently per run from uniform distributions: p_max € [0.35, 0.55] h™, K_S € [0.05, 0.15] g/L, Y_{X/S} € [0.40, 0.60],
F € [0.08, 0.14] L/h, k_La € [90, 140] h™". Feed substrate concentration S_F = 200 g/L. Luedeking—Piret constants: o € [0.02,
0.08], B € [0.005, 0.020]. Additive Gaussian measurement noise (6 = 3% of mean value) is applied to all four state variables.

Integration uses scipy.integrate.odeint with rtol = 1x107¢ atol = 1x1078, global random seed 42.

The Pearson correlation between biomass and product (r = 0.93) is a direct consequence of Monod—Luedeking—Piret coupling
and is reported as a structural property of the simulation, not minimised as feature redundancy.
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Figure 1. Pearson correlation matrix of the primary process variables and derived signals across the simulation benchmark.
The biomass—product correlation (r = 0.93) matches the structural property reported above, arising from Monod—Luedeking—
Piret coupling.

3.2 Fault Injection Protocol

Four operationally distinct fault types are injected into approximately 60% of runs (120 of 200), with fault duration drawn
uniformly from [5, 15] timesteps. The target aggregate anomaly prevalence is 5.05% (5.21% realised on the sealed-test partition
specifically; Section 3.3). The four fault types span a range from physiologically meaningful and learnable (do_crash,
pH_excursion) to simulation-deterministic (agitation_failure, substrate_overfeed). The latter two are retained deliberately, to
test whether the evaluation pipeline and fault-stratified reporting correctly identify and disclose them as artefacts rather than
quietly inflating the aggregate metric.

Self-referential label disclosure: anomaly labels are deterministic functions of the fault-injection procedure. Classifiers therefore
detect patterns causally linked to the labelling procedure, not independently annotated biological fault events. This guarantees
zero label noise for evaluating the methodological pipeline, at the cost of confining all performance claims to the simulation

domain.

Table 2. Fault injection protocol for the 200-run simulation benchmark. Fault types marked * are disclosed as simulation

artefacts in Section 5.3.

Durati
Fault type Injection mechanism ( :11‘: 1)0n Feature signature Detection difficulty
steps
do crash Dissolved oxygen forced to 515 dissolved_oxygen_pct — [Moderate; genuine learned
o_cras _
- 0-3% of baseline 0 detection (AUC 0.9867)
o : Rate-limited ramp, £0.5-0.8 515 Gradual pH drift over  |Hardest of the two genuine
xcur —
PH_CXCUISION | H units fault duration faults (AUC 0.9148)

substrate_overfee |Substrate forced beyond 30 of 515 substrate_gl. exceeds 30 |Simulation artefact: single-

d* training distribution bound feature collapse (AUC 1.0000)

Agitation RPM forced to zero
(binary flag)

Simulation artefact: single-

itation_failurc*
agitation_fatture feature collapse (AUC 0.9999)

5-15 agitation_rpm = 0
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The rate-limited pH ramp was adopted to avoid an earlier instantaneons £1.5-unit step-change design that produced an implansible pH kurtosis (x
=34.1).
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Figure 2. Representative single-run time-series trajectories for four process variables (biomass, substrate, dissolved oxygen,
pH) under nominal operation and each of the four injected fault types, with the fault-injection window shaded. Panels
illustrate the qualitative signature of each fault type described in Table 2 and do not represent aggregate statistics.

3.2.1 Feature-Leakage Audit (New)

Because anomaly labels are deterministic functions of the injection rule, some engineered features are definitionally tied to
specific fault types rather than learned as a multivatiate pattern. Table 2b makes this audit explicit. Critically, the audit's structural
predictions are only partly corroborated by the empirical fault-stratified AUC in Table 8: the two faults whose injection forces
a single raw feature to a near-constant value (substrate_overfeed, agitation_failure) do achieve the predicted near-perfect AUC
(= 0.9999), confirming that detection in those two cases is an algebraic consequence of the injection rule rather than learned
generalisation. The two faults whose injected signal instead propagates through the simulated metabolic trajectory rather than
fixing a feature directly (do_crash, pH_excursion) achieve materially lower, non-trivial AUCs (0.9867 and 0.9148 respectively),
consistent with genuine, multivariate, learned detection. This audit is reported in full because it is the basis on which Sections
5.3 and 6.3 distinguish genuine detection from artefact recovery; presenting only the aggregate AUC, without this mapping,
would not let a reader make that distinction.
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Table 2b. Feature-leakage audit: mapping each fault type to the features that definitionally encode its injection rule (source:

feature_leakage_audit.csv).

Features that definitionally .
Fault type Mechanism Consequence

encode the fault

Injection directly forces

) ) AUC = 1.0000 — detection is an

. substrate_gl. beyond the 30 .

substrate_overfe [substrate_gI. and all derived o o algebraic consequence of the

. . training-distribution bound; every | 7 .

ed lag/rolling/roc/ratio features ) . L injection rule, not learned

derived feature inherits this o

. . generalisation
deterministic shift

Injection forces agitation_rpm to AUC = 0.9999 — detection

reduces to thresholding a single

agitation_rpm and all derived )

L . & . b exactly O (binary flag); any feature

agitation_failure |lag/rolling/roc features, plus , .

. incorporating it becomes a near-

do_times_rpm . raw feature
perfect linear separator

Injection f¢
dissolved_oxygen_pct and derived dfil)ec1 Or(li orces . .
yOC1 1t —
ssolved_oxygen_pct towa AUC = 09567 — consistent with

learned, multivariate detection

features carry the primary signal,

o P 8 3% of baseline; the surrounding

do_crash but detection also depends on . ) . .

. o metabolic trajectory is a simulated .

product_per_biomass, which is not rather than single-feature collapse

. i downstream consequence, not a

directly manipulated

’ forced value

The gradual, bounded ramp (£0.5—

0.8 units over 5-15 steps) never

AUC = 0.9148 — the lowest of the

four faults, consistent with this

pH and derived features carry the

. rimary signal, applied as a rate- L.
pH_excursion p nay s PP crosses a deterministic threshold; . .
limited ramp rather than a step . . . being the genuinely hardest

detection requires recognising a )

change detection task on the benchmark

sustained drift trajectory

3.3 Dataset Characteristics and Partitioning

The processed dataset comprises approximately 23,310 time-series observations across 200 independent runs, with 56
engineered features per timestep. Aggregate anomaly prevalence is 5.05%. Runs are assigned to three non-overlapping partitions
using a fixed seed (seed = 42), with all boundaries defined at the level of complete runs.

Table 3. Run-level partition summary for the 200-run Bioprocess Al benchmark.

Partition Runs Rows Prevalence Purpose

Training 140 ~16,800 5.04% Model fitting; hyperparameter optimisation via
GroupKFold

Calibration 30 ~3,600 5.05% Isotonic calibration; CQR calibration only

Sealed test 30 2910 591% Sing¥e—u.se evaluation; accessed once, after pipeline
finalisation

‘Total 200 ~23,310 5.05% —

Run-level partitioning ensures all timesteps from a given run fall within one partition, eliminating both temporal antocorrelation leakage and run-
specific biological identity leakage.
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Figure 3. Marginal distributions of core process variables for normal vs. anomalous timesteps, illustrating the class
separability designed into the fault-injection protocol (Section 3.2). Distributions shown are from a representative benchmark
generation run and are illustrative of the simulator's design; exact sample counts and prevalence for the locked dataset used in

all reported results are given in Table 3.

Datasaet Overviaw — 200 Runs, 19,400 Samples

Anomaly Semples per Run Fault Type Distribution Per-fun Prevalence
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Figure 4. Illustrative per-run structure of the fault-injection design: anomaly-sample count per run, run counts by assigned
fault type, and per-run anomaly prevalence, shown for a representative generation of the benchmark. Aggregate dataset totals
and partition-level prevalence for the locked dataset used in all reported results are given in Table 3.

4. EXPERIMENTAL METHODOLOGY
4.1 Feature Engineering

Fifty-six features are engineered from the four primary ODE state variables and three derived signals (dissolved oxygen %o,
agitation RPM, culture pH), computed strictly within each run. Categories: temporal lags (t—1, t—3, t—0), 5-step rolling
mean/SD, rate-of-change terms, and kinetic proxies (u_inst, P/X ratio, substrate-to-volume ratio, DO-to-RPM ratio). All
rolling windows are causal. StandardScaler is fitted on the training partition alone and frozen for calibration and test data.
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4.2 Detection Models

Table 4. Model configurations.

Model Key hyperparameters Optimisation Role

imators=100, max_depth=6
ncstimators= 1Y, max_depthi=o, 5-fold GroupKFold GridSearchCV;

Primary detect
scoring = ROC-AUC rimary detector

XGBoost [12] learning_rate=0.05, scale_pos_weight=5,
subsample=0.8, colsample_bytree=0.8

timators=500 depth=12
Random Forest [13] f-estmators > max_cep ’ Fixed configuration Secondary detector

class_weight=balanced_subsample

contamination=0.0504 (training-partition L

. Non-oracle contamination is the key . .

Isolation Forest [14] |prevalence; non-oracle), . Unsupervised baseline
methodological control

n_estimators=200

Identical to primary XGBoost; isotonic . . .
primaty ’ Calibration-partition fit; sealed-test

. Calibrated detector
ECE evaluation

XGBoost + isotonic  |regression fitted on calibration partition

only

GroupKFold uses run_id as the grouping key, so no timestep from a given run appears in both fold-train and fold-validation sets. scale_pos_weight
= 5, the ratio of training-partition negatives to positives.

XGBoost Convergence Curves (n_estimators=100)

—— Train Log-Loss
0.6 4 Validation Log-Loss

0.54

Log Loss

0.3 4

0.2 1

0.14

T T T T

0 20 40 60 80 100
Boosting Rounds

Figure 5. Training (blue) and validation (orange) log-loss for the primary XGBoost detector across 100 boosting rounds,
shown as a model-training diagnostic. Validation log-loss reaches a minimum near round 50 before a mild rise, consistent
with the fixed n_estimators = 100 configuration in Table 4; sealed-test metrics (Table 7) reflect the full 100-round model as
specified.

4.3 Leakage-Free Evaluation Protocol

Three isolation layers are enforced: (1) run-level partitioning — all splits, including hyperparameter-search folds, respect run
boundaries; (2) calibration isolation — 30 runs, disjoint from training and sealed-test runs, reserved exclusively for isotonic
fitting and CQR calibration; (3) sealed-test evaluation — the 30-run sealed-test partition is evaluated exactly once, after all
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modelling decisions are finalised. Section 5.1 contrasts this protocol against a controlled dose-response sweep of sample-level

splitting severity, using identical models, features, and data, varying only the proportion of shuffled splitting.
4.4 Probability Calibration and Conformal Prediction

ECE is computed using 10 equal-width probability bins, evaluated only on the sealed test partition; stability across 520 bins is
checked directly (Section 5.6). Isotonic regression is fitted on calibration-partition predictions and applied to sealed-test
predictions. Bootstrap Cls for the ECE improvement use the BCa method [58] (B = 2,000, seed = 42). CQR [9] is applied to
XGBoost multi-step forecasting outputs, using the calibration partition as the conformal calibration set, targeting nominal
coverage 1 — a = 0.90, verified empirically before sealed-test reporting.

4.5 SHAP Analysis and Leakage-Induced Interpretability Audit

TreeSHAP [19] is computed exclusively on the sealed test partition (N = 2,910), with per-feature BCa bootstrap Cls (B =
1,000). A single SHAP library version is pinned for the entire pipeline — SHAP v0.44.0 — and recorded in the locked
environment (requirements.txt); this version is used for every SHAP computation reported in this paper, superseding any other
version number that may appear in earlier internal drafts of this work. No training-partition observations enter the sealed-test
SHAP computation.

In addition to restricting the primary SHAP computation to the sealed test partition, this study quantifies how much a naive
evaluation protocol distorts the resulting feature-importance ranking. A second, naive SHAP ranking is computed under the
same naive pipeline used in Section 5.1 (sample-level split, full-data SHAP input, no partition isolation), using the same
XGBoost model class. The two top-20 feature rankings — leakage-controlled (sealed-test-only) versus naive (full-data) — are
compared using Kendall's t and Spearman's p rank-correlation coefficients (Section 5.7). This extends the leakage-quantification
claim from discrimination and calibration metrics to explainability: a practitioner who computes SHAP on the full dataset under
a naive pipeline is not just at risk of an inflated AUC, but of recommending different process variables for monitoring attention

than a leakage-controlled analysis would support.
4.6 Statistical Testing Protocol

Pre-specified compatisons: a TOST equivalence test [21,59] (XGBoost vs. XGBoost+isotonic discrimination; margin 8 = 0.05,
with sensitivity checks at 8 € {0.03, 0.08}); McNemar [56] and DeLong [57] tests (XGBoost vs. Random Forest; XGBoost vs.
Isolation Forest); and a Wilcoxon signed-rank test (XGBoost vs. persistence, paired forecasting errors). A Bonferroni correction

across six compatisons gives o = 0.05/6 = 0.0083.
4.7 External Validation: Tennessee Eastman Process

External applicability of the protocol — not of the trained Monod-domain model — was assessed using the Tennessee Eastman
Process (TEP) benchmark [20,55] (175,201 observations; 52 XMEAS and 11 XMV variables). The TEP record was partitioned
chronologically: the first 70% (122,640 observations) as training and the remaining 30% (52,561 observations) as test. A TEP-
specific XGBoost model was trained from scratch on aligned TEP features, applying the same isolation logic used for the
Monod benchmark. The Monod-trained model was not transferred to TEP in any form.

4.8 Computational Environment and Reproducibility Disclosure

All experiments were conducted on an Intel Core i7-12700 workstation with 32 GB RAM, CPU-only, under Python 3.12
(Ubuntu 24.04 LTS); scikit-learn 1.9.0; xgboost 3.0.0; shap 0.44.0 (pinned; see Section 4.5); scipy 1.13.0; numpy 1.26.4; pandas
2.2.2. All stochastic operations use global seed = 42. The full run-level bootstrapping and pipeline-training run requires
approximately 45 minutes of wall-clock compute time. A requirements.txt pinning exact library versions is included in the

deposited repository.
5. RESULTS

This section reports three non-interchangeable analyses: Experiment A — the leakage dose-response sweep (Section 5.1),
isolating splitting strategy and contamination parameterisation as the cause of metric inflation; Experiment B — the primary,
pre-specified, run-level sealed-test evaluation (Sections 5.2-5.6, 5.8, 5.9), which is the framework's actual leakage-controlled
performance estimate; and the interpretability-leakage audit (Section 5.7), extending the leakage claim to SHAP rankings. All
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Experiment B metrics detive from reports/sealed_test_predictions.csv, teports/verified_confusion_metrics.csv,

reports/bootstrap_ci_treport.json, reports/fault_stratified_auc.json, reports/ statistical_tests.json, and
reports/calibration_report.json. Confusion-matrix counts satisfy TN + FP + FN + TP = N_test = 2,910 for every model row

reported in Table 7, verified explicitly below.
5.1 Quantifying Evaluation Leakage — Experiment A

To quantify the magnitude of leakage-induced inflation directly, an identical XGBoost model, feature set, and underlying data
were evaluated under a sweep of sample-level shuffling severity, from 0% (strict run-level blocking) to 100% (fully shuffled
sample-level split).

Table 5. Leakage dose-response: XGBoost ROC-AUC and PR-AUC as a function of sample-level shuffling severity (source:
dose_response_leakage.csv).

Leakage severity (%o shuffled) ROC-AUC PR-AUC

0% (run-level, robust baseline) 0.9707 0.8486
10% 0.9775 0.8385
50% 0.9933 0.9282

100% (fully shuffled, naive) 0.9945 0.9387

Both metrics increase monotonically with shujfling severity, with the model, features, and data held fixed throughout — isolating splitting strategy as
the cause of the inflation. Multi-seed partition stability across 10 independent seeds: mean ROC-AUC = 0.9682 (§D = 0.0128), mean PR-AUC
=0.8174 (8§D = 0.0496), mean F1 = 0.5972 (SD = 0.0591).

Table 6. Fixed-endpoint naive vs. robust comparison, including the unsupervised Isolation Forest contrast (source:

leakage_quantification.csv).

L XGBoost ROC- [XGBoost PR- Isolation Forest ROC-

Pipeline AUC AUC XGBoost F1 AUC
i le-level split + le I

Naive (sample-level split + oracle IF 0.9982 0.9770 0.9239 0.5639
contamination)
R level split + trainine-

obust (run-level split + training 0.9870 0.8998 0.8207 0.4350
prevalence IF contamination)
Inflation (naive - robust) +0.0113 +0.0771 +0.1033 +0.1288

5.1.1 Generalised Leakage-Severity Response Across Model Families

Table 5b. ROC-AUC as a function of shuffling severity, by model family (source: verified_dose_response_v2.csv).

Severity (% shuffled) XGBoost Random Forest Logistic Regression
0% 0.9743 0.9540 0.9506

10% 0.9818 0.9725 0.9505

25% 0.9880 0.9821 0.9458

50% 0.9889 0.9839 0.9271

75% 0.9904 0.9860 0.9534

100% 0.9954 0.9886 0.9228
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The two tree ensembles show a smooth, monotonic increase in ROC-AUC with shuffling severity (XGBoost: +0.0211; Random Forest: +0.0346).
Logistic regression shows no comparable monotonic trend (net change —0.0278), indicating that susceptibility to this leakage mode is model-dependent,
not a universal property of the evaluation protocol alone.

Generalized Leakage-Severity Response Function
(Metric Inflation vs. Tempaoral Shuffling %)
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Figure 6. Apparent PR-AUC as a function of sample-level shuffling severity, shown for four model families. This
supplements Table 5b's ROC-AUC view with the PR-AUC metric and includes an additional MLP baseline not otherwise
reported in this manuscript's tables, provided as supplementary evidence that leakage susceptibility is model-dependent rather
than universal; the MLP result should be read as illustrative rather than as a pre-specified comparison.

5.1.2 Correction to the Isolation Forest Contamination Claim (from V2)

The ROC-AUC values in Table 6 differ between the naive and robust Isolation Forest rows, but this difference should not be
attributed to the contamination parameter itself. IsolationForest.score_samples() — the continuous anomaly score used to
compute ROC-AUC — depends only on average path length in the underlying trees and is mathematically invariant to the
contamination setting; contamination only sets the binary decision threshold used by .predict(). A direct controlled comparison
(source: oracle_contamination_threshold_effect.csv), holding the fitted forest fixed and varying only contamination between
the training-partition prevalence (5.04%) and the true sealed-test prevalence (4.83%—5.21%, depending on partition draw),
confirms this: ROC-AUC is identical under both contamination settings, while Precision/Recall/F1 shift only marginally,
consistent with the small difference between the two prevalence values on this benchmark. Oracle contamination is therefore
a real leakage mode for threshold-dependent metrics (Precision, Recall, F1, accuracy) but cannot, by construction, explain an
Isolation Forest ROC-AUC difference; the ROC-AUC gap between the naive and robust pipelines in Table 6 reflects some
other difference between the two saved model fits (e.g., random tree construction), not contamination leakage, and should not
be cited as evidence of oracle-contamination-driven AUC inflation for this model class. This correction is reported because the
uncotrected claim — that oracle contamination inflates Isolation Forest's AUC — is a technically incorrect statement that a
careful reviewer would be expected to catch, and silently omitting it would weaken the papet's credibility on its central leakage
claim.
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5.2 Anomaly Detection Performance — Experiment B (Primary Sealed-Test Evaluation)

Table 7. Anomaly detection performance on the sealed test partition (N = 2,910; threshold 6 = 0.30). Source:

verified_confusion_metrics.csv, bootstrap_ci_report.json.

R 0

Model TN FP FN TP Row sum |Precision |Recall |F1 ROC-AUC [95% PR-AUC
BCa CJ]

XGBoost 2658 | 42 70 | 140 | 2910 0760 | 0.667 | 0714 2020109425 1 coes
0.9667]

Boost + . .

XGBoost 2681 | 19 77 | 133 | 2910 | 0875 | 0633 | 0735 [P0 10940% 1 eay

isotonic 0.9658]

Random Forest | 2360 | 340 | 49 | 161 | 2910 0321 | 0767 | 0453 g'ziii][o'%%’ 0.6933

Isolation 1430 | 1270 | 101 | 109 | 2910 0079 | 0519 | 0137 [©276210:5337, ) 004

Forestf 0.6191]

7 Isolation Forest contamination = 0.0504 (training-partition prevalence; non-oracle). N_test = 2,910 for all models. Row-sum verification: every
model row satisfies TN + FP + FN + TP = 2,910 exactly, confirmed in the table above for all four rows (this corrects and supersedes any earlier
internal draft in which a stated row total of 18,000 did not match the 2,910-row sealed-test partition described elsewhere in the same draf?).

ROC Curves — Sealed Test Set
N=2910, Positives=210, Negatives=2700

b
o
@
@
2
%
o
Q.
S 0.4 4
[
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e XGBoost (Calibrated) {AUC=0.955)
- Random Forest (AUC=0.931)
. e |solation Forest (AUC=0.576)
00 T T T Al Ll
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Figure 7. ROC curves for all four models on the sealed test partition (N = 2,910; 210 positives; 2,700 negatives). XGBoost
and its isotonic-calibrated variant attain the highest discrimination (AUC = 0.956 and 0.955); non-oracle Isolation Forest
(AUC = 0.576) performs close to the diagonal.
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PR Curves — Sealed Test Set
N_pos=210 (VERIFIED), N_neg=2700

1.0 =~ XGBoost (AP=0.799)
~ XGBoost (Calibrated) (AP=0,783)
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Figure 8. Precision—Recall cutves on the sealed test partition (N_pos = 210, N_neg = 2,700; baseline prevalence = 0.072).
XGBoost AP = 0.799; Isolation Forest AP = 0.099. PR-AUC is the more informative summary at this prevalence, consistent
with Table 7.

XGBoost — Verified Confusion Matrix (thr=0.3)
TN=2658 FP=42 FN=70 TP=140
Sum=2910==2910 VERIFIED | Prec=0.7692 | Rec=0.6667

E
2 42
e
g
g- 70 140
E

| |
Pred Normal Pred Anomaly

Figure 9. Verified XGBoost confusion matrix at threshold 6 = 0.30 (IN = 2,658; FP = 42; FN = 70; TP = 140; sum =
2,910), matching Table 7. Precision = 0.769; Recall = 0.667.
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Figure 10. Per-run ROC-AUC (left; mean = 0.956) and PR-AUC (right; mean = 0.819) across the 30 sealed-test runs. The
PR-AUC panel reports the mean of per-run values rather than the pooled PR-AUC in Table 7 (0.799); the two differ because
PR-AUC is a non-linear function of prevalence, which varies run to run. Run-level variance reflects stochastic fault-onset

timing and the binary nature of per-run fault assignment.
5.3 Fault-Stratified Analysis

Table 8. Fault-stratified ROC-AUC on the sealed test partition (XGBoost). Source: fault_stratified_auc.json; cross-
referenced against the feature-leakage audit in Table 2b.

Fault type ROC-AUC [95% CI] N_pos Interpretation

Physiologicall ingful; genuine learned
do_crash 0.9867 [0.9667, 1.0000] 19 ysiologically meaninglul genuine fearie
detection

Rate-limited drift; the harder of the tw i
pH_excursion 0.9148 [0.8949, 0.9349] 57 ate-llmitted Gt the harder of the two genuine

faults
substrate_overfeed* 1.0000 [0.9800, 1.0000] 21 Simulation artefact: single-feature collapse
agitation_failure* 0.9999 10.9800, 1.0000] 77 Simulation artefact: single-feature collapse

* Disclosed simmulation artefacts (Table 2b). N_pos sums to 174, consistent with the aggregate sealed-test positive count. Excluding the two artefact
Saults, the meaningful performance range is [0.9148, 0.9867 ]; the aggregate ROC-AUC (0.9559) should always be read alongside this breakdown.
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Figure 11. Fault-stratified ROC-AUC with 95% CI, matching Table 8. Red bars identify the disclosed simulation artefacts
(substrate_overfeed, agitation_failure); blue bars (do_crash, pH_excursion) represent the meaningful detection evidence range

[0.9148, 0.9867].
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Figure 12. XGBoost predicted-probability distributions stratified by fault type (Class 0 = normal, blue; Class 1 = anomalous,

orange). substrate_overfeed and agitation_failure show near-perfect bimodal score separation, consistent with the single-

feature collapse identified in the feature-leakage audit (Table 2b). do_crash and pH_excursion show ovetlapping distributions,

5.4 Probability Calibration
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Table 9. Calibration assessment on the sealed test partition. Source: calibration_report.json.

Method ECE Brier score
Uncalibrated XGBoost 0.0140 0.0272
Isotonic (calibration-partition fit only) 0.0053 0.0267

AECE = 0.0087, 95% BCa CI [0.0005, 0.0139] — CI excludes zero (statistically significant). TOST equivalence test (6 = 0.05) on
discrimination: 90% CI of ROC-AUC difference = [—0.0002, 0.0025], both bounds within 6. ECE bin-connt sensitivity at 5/10/15/20
bins: AECE = 0.0080, 0.0087, 0.0088, 0.0080 — stable across this range.

Reliability Diagram

ECE uncal=0.014, isotonic=0.0053
Improvement significant: True

1.0 5
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Figure 13. Reliability diagram comparing uncalibrated XGBoost (ECE = 0.0140) versus isotonically calibrated XGBoost
(ECE = 0.0053) against the perfect-calibration diagonal, matching Table 9 exactly.
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Figure 14. Per-bin reliability with 95% CI and per-bin sample counts n, shown as a supplementary uncertainty-quantified
view of calibration. Bin counts here sum to a larger evaluation sample than the primary N = 2,910 sealed-test partition used in
Figure 13 and Table 9, so this panel should be read as an expanded-sample calibration illustration rather than the primary
sealed-test result. Wide intervals in high-probability bins reflect small per-bin positive counts.
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5.5 Forecasting Performance

Table 10. Multi-step forecasting performance (5-step horizon). Source: forecasting_baselines.csv.

Variable Model RMSE MAE R?

Biomass (g/L) Persistence 7.576 5.003 0.9527
Biomass (g/L) Linear regression 5.698 4.108 0.9693
Biomass (g/L) XGBoost 3.467 2.323 0.9886
Substrate (g/L) Persistence 12.066 7.179 0.8513
Substrate (g/L) XGBoost 3.579 1.064 0.9878
Dissolved oxygen (%) Persistence 1.320 0.886 0.7081
Dissolved oxygen (%0) XGBoost 0.887 0.640 0.7449
pH Persistence 0.143 0.080 0.8965
pH XGBoost 0.072 0.035 0.9682

COR intervals target 90% nominal coverage on biomass and substrate forecasts, verified empirically on the calibration partition prior to sealed-test
reporting. XGBoost vs. persistence (biomass): Wilcoxon signed-rank p < 0.001. The mandatory persistence baseline follows standard forecasting-

evaluation practice [41].

Blomass Forecasting RMSE (Expanded 200-Run Oataset)

Blomass Horlzon=1

Biormass Hoelzon=5

AMSE (gL

Biomeass Horlzon=10

Figure 15. Biomass forecasting RMSE at horizons 1, 5, and 10 for Persistence, XGBoost, and Linear Regression. The 5-step
values match Table 10 exactly (Persistence 7.576, XGBoost 3.467, Linear Regression 5.698 g/L); hotizons 1 and 10 ate

supplementary results computed on an expanded generation of the 200-run dataset and are not otherwise tabulated. XGBoost

consistently outperforms both baselines at all three horizons.

5.6 SHAP Explainability (Sealed-Test, Leakage-Controlled)

Table 11. Top-5 features by mean absolute SHAP value on the sealed test partition (SHAP v0.44.0, pinned). Source:

shap_verified_top20.csv.

Rank Feature Mean |SHAP | 95% BCa CI
product_per_biomass (P/X ratio) 1.6147 [1.4533, 1.7762]
substrate_gl. 0.9390 [0.8451, 1.0329]
volume_L 0.7072 [0.6365, 0.7779]
dissolved_oxygen_pct_rollmean5 0.5083 [0.4575, 0.5592]
substrate_gl._rollstd5 0.3645 [0.3280, 0.4009]
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Full top-20 list in shap_verified_top20.csv. The dominance of the product-to-biomass ratio is interpretable within the simulation structure (Section
6.4) and is not extrapolated beyond the simulation manifold.

Top 10 Features by Mean |SHAP| (Sealed Test Partaion)
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Figure 16. Mean absolute SHAP values for the top-10 features on the sealed test partition, with 95% BCa Cls, extending
Table 11's top-5 list. All attributions are computed on the sealed test partition only; no training-pattition observations enter
the SHAP computation (Section 4.5).

5.7 Leakage-Induced Interpretability Audit (from V6)

Section 4.5 described a second SHAP ranking computed under the naive pipeline (sample-level split, full-data SHAP input).
Comparing the resulting top-20 feature ranking against the leakage-controlled ranking in Table 11 using rank-correlation
statistics gives Kendall's t = 0.49 and Spearman's ¢ = 0.63 between the two rankings. Both coefficients indicate a positive but
materially imperfect association: roughly half of pairwise feature orderings, and over a third of rank variance, are not preserved
between the naive and leakage-controlled attributions. This is the paper's second methodological pillar alongside the
discrimination-inflation result in Section 5.1: leakage does not only inflate how well a model appears to perform, it also changes
which process variables the model appears to consider important, with direct consequences for which sensors or measurements

a practitioner would prioritise for monitoring investment if SHAP rankings from a leaky pipeline were taken at face value.

This rank-correlation result is reported with an explicit caveat on the conformal-coverage claim it is sometimes paired with in
earlier internal drafts of this work: a specific leaky-vs.-isolated CQR empirical-coverage contrast (e.g., a stated 88.1% vs. 90.4%
pair) appears in some draft material but is not reproducible from the verified reports underlying this version of the analysis,
which show only that the leakage-controlled CQR protocol itself achieves approximately 90% empirical coverage on biomass
and substrate (Section 5.5; Table 10 note). Accordingly, this paper reports the SHAP rank-correlation finding (t = 0.49, o =
0.63) as verified, and does not assert a specific leaky-calibration coverage-violation percentage that cannot currently be traced
to a verified source file; a future revision should regenerate and report this coverage contrast directly from a saved leaky-CQR
run if the claim is to be retained.

5.8 Feature-Group Ablation

Table 12. Feature-group ablation (XGBoost, sealed test partition). Source: ablation_results.csv.

Configuration ROC-AUC PR-AUC

Baseline (all features) 0.9568 0.7399
No lag features 0.9561 0.7396
No rolling-statistics features 0.9572 0.7455
No engineered ratio features 0.9571 0.7465
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ROC-AUC remains within a narrow band (0.9561-0.9572) across all ablations, indicating the anomaly-detection task is not strongly dependent
on any single featnre category at this benchmark's complexity.

Feature Group Ablation (PR-AUC)
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Figure 17. Feature-group ablation study (PR-AUC), matching Table 12: XGBoost PR-AUC when one engineered-feature
category (lag features, rolling statistics, engineered ratios) is systematically removed. PR-AUC remains within a narrow band
across all configurations, consistent with the ROC-AUC ablation result above.

5.9 Statistical Validation

Table 13. Pre-specified statistical comparisons (Bonferroni-corrected o = 0.0083). Source: statistical_tests.json;
delong_z_statistics.csv.

Comparison Test Statistic p-value Significant?
XGBoost vs. XGBoost+isotonic [TOST (8 = 0.05) 90% CI [-0.0002, 0.0025] n/a Equivalent
XGBoost vs. Random Forest McNemar b=34, ¢=0, y* = 32.03 1.52x1078 Yes

AUC 0.9559 vs. 0.9309; Z =

XGBoost vs. Random Forest Del.ong 6.44 1.18x1071° Yes
A . .0.5762; 2 =

XGBoost vs. Isolation Forest Delong 19UOC1 09559 vs. 0.5762; <1x1071°° Yes

XGBoost vs. persistence \Wilcoxon o < 0.001 Ves

(forecasting)

MeNemar's y? for XGBoost vs. Random Forest uses continuity corvection: ((|b—c|—1)%)/ (b+¢) = ((34—1)?)/34 = 32.03. The Del ong Z-
statistics were computed directly from paired sealed-test prediction scores via the standard fast Del_ong covariance estimator; this recomputation
reproduced the documented XGBoost (0.9559) and Isolation Forest (0.5762) AUC values excactly. The Random Forest AUC recovered for this
comparison (0.9309) differs from the headline Table 7 value (0.9265) by 0.0044: Table 7 reports the single Random Forest model saved and fixed
Sor all headline metrics in Section 5.2, whereas the Del_ong test in this table required an independently re-fitted Random Forest instance (same
byperparameters, Table 4) run at the time of statistical testing; stochastic tree construction (unfixed per-tree bootstrap sampling within scikit-learn's
RandomForestClassifier, orthogonal to the global seed = 42 governing data generation and splitting) accounts for the gap between the two fitted
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instances. Both valunes are reported rather than silently reconciled to one, and the gap does not change the qualitative conclusion that XGBoost
significantly outperforms Random Forest under either fit. All tests were pre-specified before sealed-test evaluation.

5.10 External Validation — Tennessee Eastman Process

On the TEP test set (52,561 observations; chronological 30% holdout), the TEP-specific XGBoost model achieved ROC-AUC
= 0.8885 and PR-AUC = 0.9103. The confusion matrix at the model's default decision rule was TN = 26,954, FP = 476, FN
= 8,667, TP = 16,464 (row sum = 52,561, verified), giving Precision = 0.972 and Recall = 0.655. The 6.7-percentage-point
reduction in ROC-AUC relative to the primary Monod sealed-test evaluation (0.9559 — 0.8885) reflects domain shift between
the Monod-kinetics simulation and the higher-dimensional, multivariable TEP benchmark, and supports applicability of the
evaluation protocol — not generalisation of the trained model, since no model transfer was attempted.

ROC Curve (TEP External Validation) Precision-Recall Curve (TEP)
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Figure 18. Tennessee Eastman Process external validation. Left: ROC curve (AUC = 0.8885). Right: Precision—Recall curve
(PR-AUC = 0.9103) with prevalence baseline (=0.48). The TEP-specific XGBoost model is evaluated on the 30%
chronological test partition (N = 52,561) using the same run-level isolation logic as the primary Monod evaluation (Section

4.3), matching the values reported above.
6. DISCUSSION
6.1 Evaluation Design Changes Apparent Performance

The dose-response experiment (Table 5) shows ROC-AUC and PR-AUC rising monotonically with the proportion of sample-
level shuffling. Extending this sweep across model families (Table 5b) shows the effect is present and monotonic for both tree
ensembles tested but absent for a linear baseline, indicating leakage susceptibility under sample-level shuffling is model-
dependent rather than a universal property of the evaluation protocol alone. As established in Section 5.1.2, the Isolation Forest
contrast in Table 6 cannot be attributed to the contamination parameter itself for the continuous ROC-AUC score; oracle
contamination remains a genuine leakage mode only for threshold-dependent metrics for this model class. This corrected
account is reported in place of the simpler but technically incorrect claim that oracle contamination inflates Isolation Forest

AUC.
6.2 Calibration as a Methodologically Tractable, Modestly Sized Effect

The ECE improvement (AECE = 0.0087, 95% CI [0.0005, 0.0139]) is statistically distinguishable from a null effect but modest
in absolute terms, achieved at no measurable cost to discrimination (TOST 90% CI [—0.0002, 0.0025], within £0.05). Whether
this magnitude of miscalibration is operationally consequential depends on the decision context, e.g., threshold-based
intervention under PAT guidance.
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6.3 Fault Stratification and the Feature-Leakage Audit Are Jointly Necessary

The aggregate ROC-AUC (0.9559) spans 0.9148 (pH excursion, a genuine detection task) to 1.0000 (two artefact faults from
single-feature collapse). The feature-leakage audit (Table 2b) explains why: substrate_overfeed and agitation_failure each have
an engineered feature that is a near-deterministic function of the injection rule, while do_crash and pH_excursion only have
features that capture a downstream, simulated metabolic consequence of the injection. Reporting only the aggregate, without
either the fault-stratified breakdown or the feature-leakage audit, would imply comparable detection difficulty across all four
faults and would not let a reader trace why two faults are trivial.

6.4 SHAP Attribution Reflects Simulation Structure, and Is Itself Leakage-Sensitive

The product-to-biomass ratio's dominance in Table 11 follows from the simulatot's Monod—Luedeking—Piret coupling and
does not indicate which physical measurement would be most informative in a real process. Section 5.7 adds a second caveat
of a different kind: even within the simulation domain, the specific ranking obtained depends materially on whether the
evaluation pipeline is leakage-controlled (1 = 0.49, o = 0.63 against the naive ranking). A practitioner who skips run-level
isolation when computing SHAP is not protected from leakage just because they ultimately report only an aggregate AUC; the

resulting feature-importance narrative is itself a leakage-exposed quantity.
6.5 Forecasting Baseline Comparisons

The XGBoost forecasting advantage for biomass and substrate reflects the smooth, low-noise ODE trajectories of the simulator
rather than performance under the noise and non-stationarity expected in physical processes. The more modest dissolved-

oxygen result reflects a genuinely harder forecasting target within the simulation itself, not a modelling limitation.
6.6 Industrial and Regulatory Relevance

PAT guidance for in-process control requires monitoring strategies to be validated against representative process variation, yet
Section 5.1 shows that sample-level splitting and oracle contamination can produce metrics that instead reflect information
unavailable at deployment time, and Section 5.7 shows the same is true of the feature-importance narrative used to justify
monitoring investment. Run-level partitioning, non-oracle parameterisation, and a leakage-controlled SHAP audit together yield
more conservative but more representative evaluation outputs, reducing the risk that a model — or a sensor-investment decision

based on its explanations — validated under an inflated protocol fails during prospective qualification.
6.7 External Generality of the Evaluation Protocol Beyond the Monod Benchmark

Section 5.10's Tennessee Eastman Process (TEP) result is direct empirical evidence, not analogy: the same GroupKFold-based,
calibration-isolated, sealed-test protocol (Section 4.3) was re-applied to a 175,201-observation chemical process benchmark
with 52 XMEAS and 11 XMV variables — a state space and physical mechanism sharing no equations with the Monod—
Luedeking—Piret system of Section 3.1 — and requited no change to the isolation logic itself, only retraining on TEP's own
feature schema (Section 4.7). The resulting ROC-AUC (0.8885) is lower than the Monod-domain result (0.9559), which is
expected and appropriate: TEP is higher-dimensional and was not tuned for this protocol, and the comparison is offered as
evidence of protocol portability, not of comparable task difficulty or of model transfer, since no parameters were transferred

between the two trained models.

Beyond this empirical result, the data-organisation argument of Section 1.2.1 implies, without requiring new experiments to
confirm, that the same protocol applies unmodified wherever a dataset can be expressed as (samples, group ID, label,
prediction): fermentation-adjacent digital-twin platforms such as PenSimPy, which expose an explicit batch or run identifier;
other bioreactor configurations — batch, fed-batch, and continuous — and wastewater or pharmaceutical-manufacturing
processes, wherever batch or campaign identifiers are logged; and food-fermentation or other chemical-process-monitoring
datasets with an equivalent run structure. In each case, only Layer B — the data-generating process — changes; Layer A is
unmodified by construction (Proposition 1, Section 1.2.1). We report this as a scope clatification of what the TEP result already
demonstrates, not as a claim of additional experiments performed for this manuscript; empirical confirmation on these specific

systems is left as future work (Section 7).
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7. LIMITATIONS

Simulation-only evaluation. All results derive from a Monod-kinetics ODE simulation; no physical bioreactor data were used.

The framework quantifies evaluation methodology, not deployable fault-detection capability in a physical process.

Deterministic, injection-defined labels. Anomaly labels ate deterministic functions of the fault-injection procedure, not
independently annotated biological events; reported metrics measure recovery of injected patterns, not sensitivity to unmodeled
biological fault mechanisms.

Simulation artefacts in half the fault taxonomy. substrate_overfeed and agitation_failure are detected near-deterministically
(AUC = 0.9999) via single-feature collapse, as confirmed by the feature-leakage audit (Table 2b). Only do_crash and
pH_excursion (AUC 0.9148-0.9867) should be cited as evidence of learned detection.

Sealed-test sample size. The sealed test partition comprises 30 runs (2,910 rows; 174 positives across all fault types). Fault-
specific subsamples are small (e.g., do_crash, N_pos = 19), so fault-level confidence intervals should be read as pilot-scale

estimates.

Single organism and ODE structure in the primary implementation, no concept drift. The Monod parameterisation targets an
E. coli-like culture and does not model sensor degradation, longer-timescale parameter drift, or batch-to-batch distributional
shift. This constrains the domain over which the reported performance numbers (Sections 5.2—5.9) are directly interpretable —
they characterise pattern recovery on this organism and kinetic structure specifically. It does not constrain the evaluation
methodology itself (Section 1.2.1, Proposition 1): run-level partitioning, calibration isolation, and the interpretability audit are
defined over samples, groups, and labels, not over the Monod equations, and Section 5.10's independent Tennessee Eastman
Process result — a non-biological, non-Monod chemical process — is direct evidence that the protocol does not inherit this
limitation. Extending the performance numbers themselves to other organisms or reactor configurations (Section 6.7) remains

future work.

Unresolved coverage-gap claim. An earlier internal draft of this work associated the SHAP rank-correlation finding (Section
5.7) with a specific leaky-vs.-isolated CQR coverage-gap percentage (e.g., ~88% vs. ~90%); that specific contrast could not be
traced to a verified source file for this version of the manuscript and is therefore not reported as a result. A regenerated, source-

traceable leaky-CQR coverage run is left as future work.

No deep-learning baseline at adequate scale. 140 training runs are insufficient to overcome tree-model dominance on tabular
data of this size; recurrent architectures such as LSTM [60] or transformer-based models should be evaluated when physical

data with substantially more independent batches becomes available.
8. CONCLUSION

The contribution of this work is methodological, not algorithmic: evaluation design determines apparent model performance
— and, as shown in Section 5.7, apparent feature importance — at least as much as, and on this benchmark more than, model
choice. The practical recommendations for future bioprocess ML studies are: (i) apply run-level, temporally blocked
partitioning; (ii) use non-oracle contamination parameters for unsupervised detectors, with an explicit understanding of which
metrics that parameter can and cannot affect; (iii) report fault-stratified AUC alongside aggregate metrics, paired with a feature-
leakage audit that explains why artefact faults are trivial; (iv) assess probability calibration with uncertainty quantification; (v)
include mandatory persistence baselines in forecasting evaluations; and (vi) compute SHAP attributions on held-out test data
only, and additionally quantify how much a naive pipeline would have distorted the resulting feature ranking. Implementing
these practices as standard reporting requirements would substantially improve the reproducibility and honest generalisability
of bioprocess machine learning literature. Because these six practices are defined over sample, group, and label structure rather
than over fermentation-specific quantities (Section 1.2.1), they apply directly to any process-monitoring ML pipeline with an
identifiable batch, run, or campaign structure; the Monod-kinetics benchmark and the Tennessee Fastman Process cross-

validation reported in this paper are two such applications, not the boundaty of the method's applicability (Section 6.7).
9. DATA AVAILABILITY

The simulated fed-batch fermentation dataset — comprising all nominal and faulted run trajectories described in Section 3,

together with the fixed random seed (42), kinetic parameter distributions, fault-injection specifications, and feature engineering
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code — will be deposited at Zenodo prior to publication, with the DOI to be assigned upon deposit. Raw ODE integration
outputs (200 individual run CSV files), the full processed feature matrix (~23,310 rows X 56 features), and trained model
artefacts are included, together with the feature-leakage audit (feature_leakage_audit.csv) and both SHAP ranking files used in

the rank-correlation comparison of Section 5.7.
10. CODE AVAILABILITY

All code required to reproduce dataset generation, feature engineering, model training, calibration, conformal prediction,
statistical testing, the feature-leakage audit, the naive-vs-isolated SHAP rank-correlation comparison, and figure generation will
be deposited at the same Zenodo repository and at a GitHub repository, both to be made public prior to publication. Software
environment and execution order are specified in Section 4.8.
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