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Methanol carbonylation is the primary method for producing acetic acid, but the formulation screening
and process control for homogeneous iridium systems are hindered by limited and heterogeneous
datasets. We compile literature and patent records and construct stratified models based on the pres-
ence of a ruthenium cocatalyst, integrating data augmentation with Bayesian model selection to achieve
high-accuracy, interpretable predictors of formation rate. Multi-scale interpretation, (including rank
correlations and SHAP analysis, reveals that the addition of ruthenium (Ru) alters rate control: the in-
situ water level emerges as the primary driver through its influence on acidity/iodide activity and
methyl iodide (Mel) regeneration. Consequently, the marginal effectiveness of iridium (Ir) increases,
whereas the independent impact of initial acetic acid (AcOH)/Mel is diminished due to the swift
establishment of solvent and Mel pools. Guided by these findings, we define Ru-enabled operating
windows for Ru-containing systems, prioritizing in-situ concentration management by keeping H,O at a
relatively low but non-zero level and maintaining MeOAc in a MeOAc-rich region where the SHAP
curves begin to flatten, indicating diminishing returns. On this basis, fine-tune Ir loading and pressure in
small increments to enhance per-Ir effective turnover without disturbing the established in-situ balance.
© 2026 The Chemical Industry and Engineering Society of China, and Chemical Industry Press Co., Ltd.
All rights are reserved, including those for text and data mining, Al training, and similar technologies.

1. Introduction

cost and thus hold promise as viable alternatives to rhodium-
based systems [9,10].

1.1. Industrial methanol carbonylation

Acetic acid (CH3COOH) is among the highest-volume and most
widely used basic chemicals in modern industry [1—3]. At present,
the methanol carbonylation route is the dominant production
technology, accounting for over 85% of global output [4]. Rhodium-
based catalytic systems have been widely employed in this process
[5,6]. However, these catalysts are expensive and prone to
precipitation-induced deactivation during operation, leading to
substantial economic losses [7,8]. In recent years, iridium-based
catalysts have exhibited excellent catalytic performance at lower
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In industrial practice, iridium-based methanol carbonylation
systems comprise three principal components. (i) The catalytically
active center is an iodide-ligated iridium complex that mediates the
key elementary steps of methylation, CO insertion, and product-
forming reductive elimination [11]. (ii) The iodine cycle, consisting
primarily of methyl iodide (Mel) and hydrogen iodide/iodide (HI/I"),
supplies the methylating agent and helps maintain the iridium
species in its active form [12]. (iii) The solvent medium and pro-
moters: reactions are conducted in acetic acid/methyl acetate under
low-water conditions, with small amounts of ruthenium (Ru)
optionally added as a cocatalyst to enhance turnover [13].

In terms of performance, the catalytic activity is governed
mainly by the iridium loading, Mel concentration, CO partial
pressure, and the effective activity of iodide; a small amount of
water facilitates hydrolysis of acetyl iodide to acetic acid [4].
Selectivity is dictated by the coordination environment of the
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catalyst: the electronic and steric properties of the ligands
modulate binding/release of 17/Mel/CO and the availability of
vacant sites at the metal center, thereby reshaping the relative
ease of oxidative addition, CO insertion, and reductive elimination
and determining whether the main reaction or side reactions
prevail [11,12]. Catalyst stability and speciation, in turn, require a
proper balance of water and iodine: insufficient levels promote
aggregation and deactivation of iridium species, whereas excessive
water can cause corrosion and increase side reactions [14].

1.2. Challenges in Ir-based systems

Nevertheless, formulation screening and process optimization
for homogeneous iridium systems remain constrained by three
interlocking bottlenecks: (i) incomplete understanding of the
structure-activity relationships of key active species and their
deactivation pathways, compounded by sparse and highly het-
erogeneous supporting data [15]; (ii) reliance on empirical trial-
and-error coupled with low-throughput experimentation,
whereby optimizing a single formulation can require thousands of
experiments over multiple years at prohibitive cost [16—18]; and
(iii) intrinsic trade-offs among activity, selectivity, and stability,
which hinder simultaneous multi-objective optimization and
robustness across operating windows. These challenges are espe-
cially acute in complex catalyst formulations where cocatalysts,
solvents, iodides, water, and esters are strongly coupled variables.

1.3. Data-driven methods and Mixup

In recent years, catalyst formulation discovery has been shifting
from experience-driven practice to an integrated paradigm that
combines high-throughput experimentation, computational
chemistry, and data-driven modeling. Automation and micro-
channel platforms have markedly increased the efficiency of data
acquisition [19,20]; density functional theory (DFT) and molecular
simulations continue to deepen mechanistic insight into electronic
structure, transition states, and solvent effects [21]; and machine-
learning and materials-genomics approaches offer a path to
overcome the combinatorial explosion from composition and
structure to performance, enabling rapid predictive modeling and
the inverse design of actionable process-control strategies [22].
However, for catalytic systems where data are expensive to obtain,
limited in quantity, and unevenly distributed, constructing high-
accuracy, interpretable models under small-sample constraints
remains a central challenge for practical deployment [23,24].

To address this challenge, the machine learning community has
advanced strategies such as transfer learning, semi-supervised
learning, and data augmentation to enhance model generaliza-
tion and robustness [25—27]. Among these, Mixup generates
synthetic samples by linearly interpolating both features and
labels—effectively creating examples “between” real samples. This
increases the density of learnable decision boundaries without
altering the overall data distribution, thereby mitigating over-
fitting to idiosyncratic noise and chance artifacts [28]. Mixup has
shown strong performance across diverse domains: Smucny et al.
[29] applied Mixup to fMRI-based prediction of treatment
response in psychiatric disorders, raising accuracy from 76.5% to
80.1% while reducing overfitting and improving generalization;
Dong et al. [30] proposed MixCode, a Mixup-based approach for
source-code classification, achieving a 6.24% accuracy gain and a
26.06% improvement in robustness; and Wang et al. [31] incor-
porated Mixup into a finger-vein recognition system, reaching
99.51% detection accuracy.

1.4. Scope and contributions

We compiled 380 iridium-based methanol carbonylation en-
tries from the literature and patents and stratified them by the
presence of a ruthenium cocatalyst (Ru): 144 with Ru and 236
without Ru. Targeting the acetic-acid formation rate, we built
parallel prediction-and-interpretation workflows for the two
subsets. After systematically comparing six candidate algorithms
(integrating Mixup augmentation and Bayesian optimization, and
benchmarking by cross-validated R?/MAE and robustness), the
optimal configurations were identified as follows: support vector
regression (SVR) for the Ru-containing subset and a recurrent
neural network (RNN) for the Ru-free subset. We then quantified
main effects and interactions using Kendall rank correlations and
SHAP analyses to test whether the rate-determining factors were
reordered upon Ru introduction and to elucidate the underlying
mechanistic shifts. Based on the above results, we provide process
adjustment suggestions for both the Ru-containing and Ru-absent
scenarios to support the stable operation and formulation opti-
mization of the continuous production facility under a wider range
of operating conditions.

2. Results and Discussion
2.1. Dataset and feature design

This study compiles 380 iridium-based carbonylation records
from the open literature and patents, comprising 144 entries with
Ru and 236 without Ru. The prediction target is the acetic-acid
formation rate (mol-L~!-h~'). To align with mechanistic and
process characterization, we model the two subsets separately,
using an identical set of input features while distinguishing by the
presence or absence of Ru: Pressure, AcOH, Mel, MeOAc(1), H,O(1),
Ir, (Ru, for the Ru-containing subset only), MeOAc(2), and H,0(2).
Here, (1) denotes the initial charge mass, (2) denotes the con-
centration at the time the rate is measured, and variables without
a superscript refer to initial charges.

The overall machine learning workflow of this study is shown
in Fig. 1. We first integrate iridium-based methanol carbonylation
data from the literature and patents (partitioned into Ru-
containing and Ru-free subsets) and perform data cleaning and
standardization. Within this grouped framework, we apply Mixup
augmentation (o = 0.1-0.4, expansion factor 2—6) and construct
six candidate models. Bayesian optimization is then used to effi-
ciently search key hyperparameters, with model selection based
on cross-validation and external testing. After identifying the
optimal model for each subset (with Ru: SVR; without Ru: RNN),
we conduct multi-scale interpretability analyses using Kendall
rank correlation and SHAP. We quantify the relative magnitudes of
the positive effect of Ir on the rate and the negative effects of
H,0(2) and MeOAc(2). The results show that, upon introducing Ru,
these dependencies become weaker, yielding a system that is more
stable and easier to control. Finally, we perform residual di-
agnostics and package the optimal models into a web-based rate-
prediction tool to support process decision-making.

2.2. Mixup augmentation and robustness evaluation

Given the limited sample size and strong variable coupling, we
adopt Mixup, which performs linear interpolation in both feature
and label spaces [32,33]. Specifically, given two samples x; and x;
with corresponding labels y; and y;, Mixup generates a new sample
x and label y:
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Fig. 1. Overall machine learning workflow.
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We set @ = 0.1-0.4 and an expansion factor of 2—6, generating
20 augmented datasets for each of the Ru-containing and Ru-free
subsets (40 in total) to assess model robustness (see Fig. 2). To
avoid physically infeasible samples, Mixup pairing and weight
sampling were restricted within the same subset, and Mixup-
generated samples were constrained to remain within the
observed minimum and maximum values of each feature in the
original dataset, ensuring that synthetic formulations stayed
within the experimentally explored operating domain (thus
avoiding unrealistically high Mel or vanishing water contents).

A comprehensive comparison shows that Mixup delivers
consistent performance gains: most models exhibit higher R?
lower MAE, and substantially reduced variance. In the Ru-
containing subset, SVR improves markedly from (R*> = 0.950,
MAE = 1.47) to (R*> = 0.985, MAE = 0.363), with notable error
contraction also observed for random forest (RF) and AdaBoost. For
CatBoost, R? decreases slightly while MAE declines, a typical
pattern indicating reduced model variance accompanied by a mi-
nor increase in bias after augmentation. On the Ru-free data, im-
provements are smaller but directionally consistent; the best-
performing model shifts from kernel/tree methods to an RNN
(R? = 0.958, MAE = 0.73). This suggests that in the absence of Ru,
stronger inter-variable couplings, error magnification with rate,
and greater relational complexity favor an RNN, which is better
suited to capturing complex nonlinearities.

2.3. Model comparison and Bayesian optimization

We employed Bayesian optimization for hyperparameter
search, targeting maximization of validation R? and minimization
of MAE, with performance assessed via 5-fold cross-validation
[34—36]. A fixed search budget was used (an initial set of
random/uniform samples, followed by a total of 1000 evaluations),
and all models were compared under identical data splits and
random seeds. The search was terminated once metric improve-
ments plateaued. Apart from the search space and budget, all other
implementation details followed standard defaults.

In the Ru-containing subset, SVR with Mixup (a« = 0.1, 4x
expansion) achieved the best performance (R*> = 0.985,
MAE = 0.363), with optimal hyperparameters C 43.91,
e = 0.00164, y = 0.0642, and an RBF kernel. In the Ru-free subset,
an RNN under the same augmentation strategy reached R? = 0.958
and MAE = 0.73, with an optimal architecture of hidden units [106,
116,99] and training hyperparameters: learning rate = 3.19 x 104,
batch size = 16, dropout = 0.115, and weight decay = 6.65 x 107>,
In both subsets, the Mixup settings were chosen based on pre-
liminary trials rather than an exhaustive hyperparameter search.
We examined o values in the range 0.1-0.4 and found, as expected,
that smaller « (i.e., synthetic samples closer to the original data)
generally led to better performance; « = 0.1 gave the highest cross-
validated R*> without signs of overfitting, whereas larger « values
did not provide additional benefit and in some cases slightly
degraded accuracy. For the expansion factor, augmentation levels
from 2 x to 6x were tested; the average performance improved as
the expansion factor increased and reached its maximum at 4x,
but started to decline beyond this point, suggesting that overly
aggressive augmentation begins to harm generalization.
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Fig. 2. Performance comparison of six models on the methanol carbonylation dataset before and after Mixup augmentation: (a), (b) Ru-containing subset. (c), (d) Ru-free subset.

Orange: trained on original data; green: trained on augmented data.

Accordingly, we adopted « = 0.1 and a 4x expansion factor in the
final reported models as a practical compromise, and did not
observe any change in the ranking of the candidate algorithms
within this parameter window. From a bias-variance perspective,
SVR in the Ru-containing case exhibits low variance and strong
decision-boundary characterization, whereas the RNN in the Ru-
free case better accommodates nonlinearity and hetero-
scedasticity—findings that are corroborated by the residual di-
agnostics presented later.

2.4. Feature interaction analysis

To statistically elucidate which variables dominate the rate
variations under different formulation scenarios and how they
interact. We combine two complementary tools: Kendall's © to
capture rank correlations and robustly characterize monotonic re-
lationships among variables, and SHAP, a game-theoretic approach
that quantifies each feature's marginal contribution to both indi-
vidual predictions and the global model [37—40] (see Fig. 3).

Upon introduction of Ru, the primary rate-determining factors
are reordered because Ru mainly acts on steps 2 — 4 of the cat-
alytic cycle (Fig. 4). Water rises to the top in global importance,
the importance of Ir increases markedly, while the initial charges
of acetic acid and methyl iodide diminish in importance. Mech-
anistically, Ru serves as an iodide acceptor and promotes CO co-
ordination, facilitating conversion of the anionic precursor
[Ir(CO),IsMe]™ into the neutral, rapidly inserting tricarbonyl
species [Ir(CO)s;l;Me]. In other words, the consecutive steps
“deiodination — CO coordination — migratory insertion” (Fig. 4)
are accelerated. The key iodide-abstraction step can be written as:

2[Ir(CO),I3Me]™ + [Ru(CO)3l5], — 2[Ir(CO),I;Me|
+ 2[Ru(CO)3l3]™
Owing to a reduction in idle or inhibited Ir sites and a

concomitant increase in per-Ir effective turnover, Ir regains a
leading rank in feature importance.

According to Sunley & Watson (2000), within the low-to-
moderate water regime relevant to this study, water content is
positively correlated with the steady-state HI level (decreasing
water lowers HI) [41]. At the extreme low-water limit, insufficient
HI diverts the system into the neutral cycle and depresses the rate;
thus, the dependence is not strictly monotonic at the boundary.
Accordingly, our discussion is confined to the positive-correlation
range within the operational window. Because HI participates as a
Brensted acid in the regeneration loop HI + MeOAc = Mel + AcOH
changes in water content shift acid—base and solvation equilibria
to raise a(H") and the steady-state HI level, thereby increasing the
Mel regeneration flux. In the presence of Ru, this effect is ampli-
fied: Ru's iodide-accepting role and promotion of CO coordination
lower the barrier for the 2 — 4 — insertion sequence, while Ru in
acidic media helps sequester free I~ and accelerates the acid-
catalyzed loop above. Consequently, the sensitivity of the overall
rate to a(HT)/HI is further enhanced, and water—by governing
a(H") and HI—assumes a markedly greater marginal influence on
the rate.

It is important to note that the Mel variable in the diagram
represents the initial charge, not the equilibrium concentration
during the reaction. Under conditions with ruthenium, Mel is
quickly regenerated and sustained through the acid-catalyzed loop
HI + MeOAc = Mel + AcOH. Furthermore, oxidative addition is
not the rate-determining step; consequently, once the initial Mel
surpasses the threshold of sufficiency, its additional impact on the
reaction rate becomes negligible, manifesting as a low global
importance. This does not reduce the mechanistic significance of
Mel. Instead, it suggests that its efficacy is dictated by the regen-
eration rate rather than the initial concentration.

AcOH functions as both a solvent medium and a product. Upon
the introduction of Ru, the flux through the main cycle signifi-
cantly increases, enhancing the production rate of AcOH and
rapidly establishing a steady-state solvent environment composed
of AcOH/H,0/MeOAc. Consequently, the marginal influence of the
initial AcOH charge on the subsequent rate is diminished. Simul-
taneously, system acidity is primarily governed by the dynamic
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Fig. 3. (a) SHAP beeswarm plot (without Ru); (b) SHAP beeswarm plot (with Ru). (c) Global feature importance (Mean |[SHAP|): values denote the mean absolute contribution of
each feature to the predicted shift in the acetic-acid formation rate; dashed arrows indicate changes in ranking after adding Ru. MeOAc(1) and H,O(1) are initial charge masses,

while MeOAc(2) and H,0(2) are in-situ concentrations at the time of rate measurement.

pool of strong acids (HI/H30™), rather than being directly set by the
initial AcOH. Collectively, these factors reduce the global impor-
tance of AcOH (initial charge) to a moderate level under Ru-
containing conditions.

Overall, the two correlation heatmaps (left: without Ru; right:
with Ru) differ only slightly: most cells are near zero, indicating
that feed variables were largely tuned independently in the ex-
periments (see Fig. 5). The addition of Ru did not result in variables
becoming “locked” into co-varying in either an upward or down-
ward direction. A few pairwise relationships have been revised.
The negative association between Mel and AcOH has been weak-
ened (with Ru, faster Mel regeneration means AcOH no longer
pulls the equilibrium back as strongly). The negative correlation
between Ir and the downstream water level H,O(2) has been
slightly strengthened (when water levels are higher, the marginal
gain from adding more Ir is smaller). The coupling between water
and MeOAc has been weakened overall (water more directly sets
acidity/iodide activity, diminishing MeOAc's influence). And a mild
positive correlation has emerged between Pressure and H,O(1) (a
weak operational linkage of modest pressurization within the low-
water window).

In essence, Ru alters which factors are significant—and under
which conditions—rather than compelling variables to uniformly
increase or decrease, aligning with the SHAP results that indicate
“water becomes more critical, Ir more impactful, and the inde-
pendent role of AcOH diminishes.”

In summary, with the introduction of Ru, rate control transi-
tions from the Mel/AcOH material ratios to a predominantly
single-axis control governed by water (through its influence on
a(H") and the effective concentrations of I~ and MeOAc (2). In
practice, operations should focus on coordinated adjustments of
water and MeOAc (2) within a low-but-nonzero water regime,
followed by incremental fine-tuning of the Ir dosage to achieve
optimal yield. Mel should be maintained at a sufficient level to
prevent starvation in the 1 — 2 step of Fig. 4. However, an excess of
Mel could increase Hl/iodide activity and partially negate the
advantages.

2.5. Predictive performance and residual diagnostics

Parity Plot for both the Ru-containing and Ru-free datasets
cluster tightly along the diagonal, with narrow 95% confidence
and prediction bands. Calibration is stronger for the Ru-
containing case (R*> = 0.985, MAE = 0.363), while the Ru-free
case also shows good agreement (R? = 0.958, MAE = 0.735). In-
sets indicate slight conservatism (modest underestimation) in the
low-rate regime for both models, but the magnitude is limited.
Residual plots show residuals centered around zero with no
systematic drift across the prediction range, indicating no
functional-form bias; the broader spread in the Ru-free residuals
suggests mild heteroscedasticity and higher noise. Holdout-set
validation remains highly consistent: With Ru, R> = 0.975 and
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MAE = 1.464; Without Ru, R?> = 0.958 and MAE = 0.895. Overall, 2.6. Guidelines for process decision-making

the models exhibit sound calibration and robustness across

training/validation and external data, providing a reliable foun- The combined evidence from Kendall's © correlation analysis,
dation for SHAP based mechanistic interpretation and process SHAP-based feature attributions, and residual structure examina-
optimization (see Fig. 6). tion highlights several regulatory priorities under Ru-promoted
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Fig. 6. Model predictive performance and residual diagnostics. (a) Predicted vs. observed scatter with 95% confidence and prediction bands; (b) Residuals vs. predictions; (c)

External test-set scatter. Left column (i): with Ru; right column (ii): without Ru.

conditions. The introduction of Ru facilitates iodide abstraction, CO
coordination, and neutral migratory insertion, thereby lowering
the barrier of the main catalytic cycle. Under these circumstances,
process optimization should primarily focus on the fine regulation
of in-situ acidity and iodide activity. Maintaining H,0(2) at a low

yet non-zero concentration is essential to sustain the Hl/a(H")
balance and ensure sufficient Mel regeneration flux. MeOAc(2)
should be adjusted to the threshold beyond which additional in-
creases no longer yield appreciable benefits, thus avoiding un-
necessary dilution or side reactions. In contrast, Ir loading and
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system pressure should only be modified incrementally to
improve the turnover efficiency per Ir center, as excessive pressure
adjustments may perturb the established steady-state equilib-
rium. Finally, the initial Mel concentration should be set at the
minimum level required to avoid feed limitation, while the initial
AcOH concentration can remain within the conventional operating
window, consistent with the Ru-free baseline.

Furthermore, acknowledging the significance of managing
uncertainty in industrial applications, we have encapsulated the
two optimal models into a web-based rate-prediction tool. This
tool includes cross-validation-based interval outputs and input-
compliance checks, which enable a swift evaluation of rates and
uncertainties across various formulations and operating condi-
tions. It also supports plant engineers in making informed ad-
justments to the operating window.

3. Conclusions

Based on 380 records of iridium-catalyzed methanol carbon-
ylation, we constructed stratified models considering the presence
or absence of a Ru cocatalyst. Within a combined framework of
Mixup augmentation and Bayesian optimization, we established a
high-accuracy, interpretable, and practically deployable predictor
for the acetic acid formation rate. Support Vector Regression (SVR)
proved optimal for the Ru-containing subset (R*> = 0.985,
MAE = 0.363), while a Recurrent Neural Network (RNN) was
optimal for the Ru-free subset (R?> = 0.958, MAE = 0.73).

Leveraging multi-scale interpretation through SHAP and Ken-
dall's 7, we offer statistical evidence and mechanistic insights into
the reordering of rate-controlling factors following the introduc-
tion of Ru: the in situ water level emerges as the primary feature
(by modulating a(H")/effective I~ and enhancing the Mel regen-
eration flux); the marginal return of Ir increases (Ru abstracts io-
dide, facilitates CO coordination, and activates a low-barrier
pathway consisting of sequential iodide abstraction, CO coordi-
nation, and migratory insertion); whereas the independent effects
of initial AcOH and initial Mel diminish (the system quickly es-
tablishes steady solvent and Mel pools with continuous replen-
ishment). Correlation heatmaps suggest that the overall
covariation structure largely remains intact, although several pairs
associated with the acidity/iodide network have been restructured
(for example, a weaker Mel-AcOH anticorrelation, partial decou-
pling of H,0-MeOAc, and a slightly more negative Ir-H,0(2)),
which aligns with the SHAP findings.

Accordingly, we propose two actionable process guidelines.
Utilizing Ru, optimization is shifted from front-end ratios and total
pressure towards Ru-enabled operating windows in which in-situ
H,0(2) and MeOAc(2) act as the primary control levers: H,O(2)
should be kept in a relatively low but non-zero region of its
observed range, while MeOAc(2) should be maintained in a rela-
tively high region where the SHAP profiles begin to flatten and
further increases provide only modest additional benefit, and Ir
loading and pressure then serve mainly as secondary, fine-tuning
knobs within conventional industrial ranges. Without Ru, moder-
ately increase the availability of AcOH/Mel/MeOAc to accelerate
the rate while preventing short-lived spikes in H»O and MeOAc(2).
Finally, we encapsulated the optimal models in a web-based rate-
prediction tool, enabling plant engineers to rapidly evaluate rates
under varying formulations and operating conditions and to adjust
the operating window accordingly.
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