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Abstract

Chemical mechanical planarization is an integral part of semiconductor industry. It provides wafersurface smoothing at
the nanometer scale and is highly monitored. In a typical industrial fabrication facility, millions of data points are gener-
ated annually for process control, fault detection and classification purposes. By leveraging this sensor and process data
for the training of machine learning models, a foundation for virtual metrology can be established. Utilizing real-world
data from a high-mix, high-volume fab, we developed robust and application-oriented machine learning models capable
of predicting non-uniformity and spatially resolved material removal rates on wafer surfaces. Experimental results demon-
strate the accuracy of these predictions, with a high degree of precision in estimating spatially resolved material removal
rates. Furthermore, the analysis of the feature importance via Shapley Additive Explanations of the models reveals that
polishing time and carrier rotation are among the most critical factors influencing MRR variability.
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Introduction

Semiconductor devices are the backbone of modern elec-
tronics, enabling computing, communication, and auto-
mation advancements. As device dimensions shrink and
performance demands increase, the precision of manu-
facturing processes becomes ever more critical. Chemical
mechanical planarization (CMP) is a key step in semicon-
ductor device fabrication, ensuring ultra-flat surfaces nec-
essary for subsequent lithography and thin-film deposition
steps.

CMP operates through a synergistic combination of
chemical etching and mechanical abrasion, as shown in
Fig. 1. The process involves pressing a rotating wafer face
down onto a polishing pad. At the same time, an abrasive
slurry, a colloidal suspension of nanoparticles (e.g., silica
or alumina), flows between the wafer and pad. The pad is
mounted onto the platen, which rotates in the same direc-
tion as the carrier (polish head). The slurry’s chemical com-
ponents (e.g., oxidizers) weaken the bonds of the wafer’s
atomic surface layer, while mechanical friction from the
pad and abrasive particles removes material. The retaining
ring holds the wafer in place during the polishing process.
Residual by-products and particulate waste are removed by
flushing the apparatus. The conditioner regenerates the pad
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Fig. 1 A schematic overview of the CMP process
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Fig. 2 Tllustrates a schematic approach of the experiments section. A
selection of the wafers’ surface measurements serves as a proxy for
the target parameters. The sensor time series are aggregated to derive
features that are used for ML training. The metrology target prediction
is our approach to VM

after polishing. Consumables, namely the slurry, the polish-
ing pad, the conditioner, and the retaining ring, are typically
replaced or replenished as they degrade during operation.

Maintaining consistent material removal rates (MRR)
across the wafer surface and achieving low within-wafer
non-uniformity (WIWNU) is a critical challenge in CMP.
Non-uniformity can cause significant issues such as exces-
sive topography, interlayer dielectric erosion, and dishing,
directly affecting yield, reliability, and downstream lithog-
raphy accuracy (Shauly and Rosenthal (2020)).

To control material removal after the CMP process, time-
consuming and costly metrological measurements are con-
ducted both pre- and post-polishing. However, the current
methodology relies on sampling. To reduce costs and time,
virtual metrology (VM) is considered a key solution to sur-
pass the physical metrology method. VM predicts important
metrics in semiconductor manufacturing (e.g., film thick-
ness, uniformity, defects) without physical measurements.
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While existing VM models estimate averaged MRRs, they
lack the spatial resolution for uniformity control. This limi-
tation is particularly prominent for multi-zone pressure
heads, where the interfacial pressure between wafer and
pad can be spatially fine-tuned. To address this critical gap,
this paper aims to predict spatially resolved MRRs and the
WIWNU for VM purposes.

Figure 2 illustrates the schematic approach of this study.
We utilize real-world CMP process data provided by Infi-
neon. The targets for the VM are obtained via spectroscopic
reflectometry measurements before and after polishing on
17 chosen measurement sites on the wafer surface. We
aggregate sensor time series data to create sensor-derived
features. Three regression models are employed: linear
regression (LR), random forest regression (RFR), and
extreme gradient boosting regression (XGBoost). We use a
comprehensive dataset of more than 13,000 unique wafer
runs to train the VM models and we evaluate the model’s
performances and investigate the features’ importance to
enable explainability.

A WIWNU prediction model serves as a general predic-
tor of wafer non-uniformity, whereas the spatially resolved
MRR prediction models provide predictions for defined
regions on the wafer surface. Our approach aims to reduce
the dependency on direct wafer measurements while
improving process control in high-mix, high-volume fabs,
by providing the control system with additional ’virtual’
measurements.

A more in-depth investigation of the current challenges
of VM and the literature is presented in Sect. 2. The tar-
get selection for VM, the aggregation of sensor time series
data, and the addition of features to enhance model perfor-
mance are described in Sect. 3. The Section also outlines
the theoretical background of the applied regression models.
Section 4 describes the experimental implementation of the
target and feature design and the code and models deployed.
In Sect. 5, we evaluate the performance of the models and
analyze the feature importance. Section 6 summarizes the
key findings and outlines directions for future work.

Related work

Establishing a uniform surface is commonly managed by
adjusting the pressure distribution through multi-zone pol-
ishing heads, which apply localized pressure in concentric
zones (Shiul et al. (2004)). Traditional methods for deter-
mining optimal pressure distributions are based on Design
of Experiments (DoE). However, as the number of pressure
zones increases in state-of-the-art polishing heads (Wang
et al. (2013)), DoE approaches become impractical due to
the extensive wafer usage required. Those radius-specific
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pressure heads provide fine-tuning options to ensure pla-
narization at the nanometer scale. However, they require
continuous tuning throughout the manufacturing process.
To mitigate wafer consumption, research has focused on
developing models that interpolate DoE results using high-
fidelity simulations, machine learning (ML) techniques (Yi
et al. (2003); Cho et al. (2025)) or hybrid modeling strate-
gies (Rothe et al. (2025)).

Although these model-based approaches effectively
reduce initial wafer consumption, ongoing control of wafer
uniformity in production still relies on Run-to-Run (R2R)
adjustments (Shiul et al. (2004)), allowing pressure tuning
for individual wafers. However, the high costs and temporal
offsets associated with metrology limit the practicality of
extensive physical measurements. Typically, only a small
subset of wafers per batch is measured despite the avail-
ability of Fault Detection and Classification (FDC) sensor
data for every wafer.

To overcome limited metrological coverage VM has
emerged as an effective solution. It leverages sensor data
to predict measurement outcomes, enhancing R2R con-
trol and enabling early detection of process drifts. ML is
increasingly preferred in VM applications due to its ability
to model the complex and nonlinear relationships inherent
in CMP processes, significantly outperforming traditional
statistical methods (Djedidi et al. (2022)). Reflecting this
trend, a recent literature review from Winkler et al. (2025)
covering publications up to 2024 identified 81 ML-focused
CMP studies, with 45 specifically addressing VM.

While diverse in scope, these studies tend to follow a typ-
ical methodological pattern (cf. Winkler et al. (2025)). It is
common to train separate models for different groups (e.g.,
chambers or products), though this often limits generaliz-
ability. Outliers and samples with missing targets are typi-
cally discarded, and continuous sensor signals are reduced
to statistical descriptors (e.g., mean, standard deviation).

Categorical variables are usually one-hot encoded, and
normalization is standard. Feature engineering strategies
frequently include temporal neighbors (e.g., preceding
wafer runs), feature-space neighbors (similar process con-
ditions), and physically derived features Xia et al. (2021),
such as those based on Preston’s equation.

Dimensionality reduction and feature selection methods
are usually applied to manage high-dimensional inputs.
Many algorithms have been explored, from classical mod-
els (e.g., linear regression, random forests) to deep learning
Lee and Kim (2018), Bayesian approaches, and ensemble
methods Wei and Wu (2022). Recent work shows ensem-
ble models consistently outperform individual learners (Li
et al. (2019)), with XGBoost emerging as a top performer
(Deivendran et al. (2025)).

To capture temporal patterns of sensor reading time-
series, sequence-aware features or networks can be applied.
A common middle ground is a sliding-window preprocess-
ing, for example, segment each run into overlapping time
windows and compute the same statistics on each window.
This retains some chronological context and often yields
modest accuracy gains. At the far end are deep learning
models (1-D CNNs, LSTMs, Transformers) that directly
ingest raw time-series and learn feature embeddings. These
can capture complex dynamics and long-range dependen-
cies, potentially improving predictions. For example, on
the Prognostics and Health Management Society (2016)
PHM 2016 CMP dataset, the baseline XGBoost (using run-
level aggregates) by Liu et al. (2022) achieved an MAE
of ~ 1.94. In contrast, a 1-D CNN (trained end-to-end on
the raw sensor sequences) yielded the best accuracy (MAE
~ 1.87). Although the authors did not specify the compu-
tational costs for this model, we can assume that it intro-
duces far greater complexity: e.g., many more parameters,
longer training, as well as inference time, and the need for
specialized hardware or software. Farahani et al. (2025)
showed that transformer architectures can outperform sim-
pler models in some manufacturing time-series problems,
but often with only marginal error reduction. In practice,
deploying a CNN or Transformer in a fab requires signifi-
cant engineering effort (streaming data interfaces, real-time
inference on device, etc.), whereas the XGBoost on sensor
reading aggregates fits readily into existing infrastructures.
The trade-off between model complexity and predictive per-
formance is evident: relying solely on statistical aggregates
yields a parsimonious model with straightforward deploy-
ment, whereas sliding-window or deep learning approaches
can extract marginally greater predictive power, albeit at the
cost of substantially increased computational and integra-
tion overhead.

Despite these advances, critical limitations remain unad-
dressed, particularly in the following areas:

Spatially resolved predictions: Most VM studies focus
on spatially averaged targets, such as mean MRR or post-
polish thickness, while ignoring spatial distributions across
the wafer. However, spatially resolved outcomes are essen-
tial for monitoring and controlling within-wafer uniformity.
To date, no ML-based model has been developed to pre-
dict full-surface MRR or thickness maps from FDC data,
leaving a critical gap for enabling R2R control of unifor-
mity. This represents the central challenge addressed in this
work. Spatially resolved predictions for 17 distinct points
or a full wafer map enable enhanced R2R control strategies
that are not feasible with mean MRR predictions alone. Spe-
cifically, these predictions allow for targeted adjustments in
multi-zone pressure heads, addressing localized variations
in material removal and improving process uniformity. For
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instance, if the prediction model indicates higher removal
near the wafer edge, the R2R controller can proactively
reduce edge-zone pressure while maintaining center pres-
sure, thereby improving uniformity. Similarly, systematic
spatial patterns detected across wafers can be used to update
zone-specific setpoints, leading to a more targeted compen-
sation strategy than with global corrections alone.

Real-world data utilization: Real-world data usage is
complicated by the highly specialized and individualized
nature of wafer polishing, particularly in high-mix manufac-
turing settings, where multiple technologies are produced
concurrently.

Many existing studies rely on synthetic or legacy datas-
ets, such as the widely used PHM dataset from the Prognos-
tics and Health Management Society (2016), which includes
only 2, 398 wafer runs and 25 features. While valuable for
benchmarking, these datasets do not reflect real production
environments’ scale, variability, and feature richness. Some
proprietary datasets from STMicroelectronics (Jebri et al.
(2016); Djedidi et al. (2022)) include up to 149 FDC and
historical features, such as post-etching depth or post-CVD
thickness, but are limited in size, typically covering just 545
to 1, 500 wafers. Only Tsuda et al. (2015) report using data
from an entire year of production without disclosing the
actual number of wafers, making it difficult to evaluate the
scale and representativeness of their study. Their approach
focuses on predicting a single global removal rate per wafer
and relies on multiple linear regression, which cannot fully
capture nonlinear effects. In contrast, this work uses 13, 675
wafer runs and 163 derived features to predict the spatially
resolved MRR distribution across the wafer with modern
machine learning algorithms.

Model explainability: Despite its importance for trust,
validation, and model debugging, explainability remains
largely overlooked in CMP-related ML research. The
mostly interconnected aspects of the CMP operation make
it complex to model the whole process. Physics-informed
models are increasingly in the focus of CMP research. To
predict MRR, hybrid models leverage domain knowledge,
such as the relationship between slurry pH, particle size, and
scratch formation (Li et al. (2019); Rahman et al. (2024)).
By leveraging sensor data, ML algorithms can uncover pro-
cess and tool dependencies that are difficult to capture using
conventional methods by investigating feature importance.
This can inform the physics-based approach. Only a few
studies make explainability a priority. A notable exception
is the work by Zuo et al. (2024), who applied SHAP (SHap-
ley Additive exPlanations) to an XGBoost model to quan-
tify feature importance and provide insight into the model’s
decision-making process. In this work, we follow a similar
approach and use SHAP to analyze feature importance in
our XGBoost-based VM model.
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In summary, we extend existing CMP VM approaches by
(i) estimating MRRs with spatial resolution across sites, (ii)
demonstrating generalization on heterogeneous real-world
operational data, and (iii) integrating SHAP-driven explana-
tions to enable interpretable process optimization.

Methodology

This section presents the theoretical foundations of the
employed feature selection, regression modeling, and SHAP
analysis.

Feature selection using mutual information

The feature selection technique combines the mutual infor-
mation (MI) between the features X; and the targets Y; with
the distance entropy estimates of the k-nearest neighbors.

Mutual Information (MI) quantifies the statistical depen-
dence between two random variables. (Kraskov et al.
(2004)) MI helps identify the most informative features by
measuring how much knowledge of a feature reduces uncer-
tainty about Y;. It is defined as

I(Xi3Y:) = > plx,y)log (M> ; )

S5 p(x)p(y)

where p(x, ) is the joint probability distribution, and p(x),
p(y) are the marginal distributions.

After computing I(X,;;Y;) for each feature X; using
k-nearest neighbors, the features are ranked by their MI
scores. Then, the top-k features with the highest MI are
selected.

Theory of regression models
Random forest regression

A random forest regression is an ensemble learning method
that builds multiple decision trees during training and aggre-
gates their outputs for the final prediction (Breiman (2001)).
Constructing a decision tree involves recursively partition-
ing the data by selecting a random subset of variables to
split a parent node into two child nodes. The splitting crite-
rion for each parent node can be formulated as an optimi-
zation problem that seeks to minimize the sum of squared
errors within the two resulting regions

min Z (yi — ml)2 + Z (yi — m2)2 ) ()
J, € r; ERy T;ERs
my,ma
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where R; and R» denote the two regions resulting from
the splitting process, defined as Ry = z|z; < c¢ and
Ry = x|x; > c, respectively, with the splitting threshold c.
Here, x; represents the j-th splitting variable, ¢ is the cutting
point, and m and ms are the means of the values y; within
the regions R1 and R2 (Breiman (2001)).

XGBoost regression

XGBoost, introduced in 2016 by Chen and Guestrin (2016),
is an ensemble learning method that combines multiple
weak learners, typically decision trees, to improve predic-
tion accuracy. Trees are constructed sequentially, with each
new tree aiming to correct the errors of the previous ones.
During training, each tree is assigned a weight based on its
contribution to reducing the overall prediction error.
The model optimizes the following objective function

K

L) =3 Lyg)+ > Qfr). 3)
=1

k=1

where y; is the true target value, §; is the predicted value, L
is a differentiable loss function (e.g., squared error or cross-
entropy), and Q(fx) is a regularization term that penalizes
tree complexity to prevent overfitting. Specifically, Q(f%)
is defined as

T
me)zqqt+%A§:w; )
j=1

where T 'is the number of leaves in the tree, w; is the weight
of leaf j, and v and A are regularization parameters con-
trolling the penalties for tree complexity and leaf weights,
respectively. By including ( f), XGBoost balances the fit
to the training data with model simplicity, improving gener-
alization performance.

Performance metrics

The coefficient of determination (R2?) quantifies the pro-
portion of variance in the target variable that the model
explains. It is computed as
R2—1_ i (yi — 90) )
Yy — 9’
where the numerator is the residual sum of squares (SSE)
and the denominator is the total sum of squares (SST), y;
is the observed value of the dependent variable, ; is the

predicted value of the dependent variable, and # is the num-
ber of observations.

The mean absolute percentage error (MAPE) measures
the average relative error between predicted values ¢; and
ground truth y;, expressed as a percentage. MAPE is unde-
fined when y; = 0 and can be heavily biased when y; is
close to zero, which may distort the model evaluation. It is
defined as

1 n
NMPE:EE:

=1

Yi — G

x 100. 6
v (6)

In addition to these relative measures, the absolute error
(AE) provides an intuitive measure of the magnitude of the
prediction error in the same units as the target variable. It is
defined as

AE; = |yi — 0il- (7

While the mean or median of the absolute error reflects the
central tendency of the prediction deviations, these statistics
can obscure extreme deviations. To quantify the model’s
performance under worst-case or near-worst-case scenarios,
the 95th and 99th percentile absolute errors (95th pct. and
99th pct. AE) are used. These represent the error mag-
nitudes below which 95% and 99% of all predictions fall.
These high-percentile metrics are particularly valuable for
assessing model robustness and reliability in a manufac-
turing environment. In contrast to the mean-based metrics,
which summarize overall accuracy, percentile-based met-
rics capture the tail behavior of the error distribution and
thus complement the interpretation of model performance
in critical process windows.

Nested cross-validation

Nested cross-validation (NCV) is a well-established
approach for hyperparameter optimization. NCV consists of
two loops: an outer loop and an inner loop, as shown in Fig.
3. The outer loop partitions the labeled dataset into 10 folds.
In each iteration, one fold is held out for validation, while
the remaining nine folds are passed to the inner loop. The
inner loop performs a three-fold cross-validation on these
nine folds, where hyperparameters are optimized via ran-
domly sampled grid search. The best hyperparameters are
then used to retrain the model on all inner loop data, and the
performance is evaluated on the outer validation fold. This
process is repeated across all outer folds, yielding 10 inde-
pendently optimized models. The final performance (R?) is
reported as the mean of the 10 outer validation scores. Since
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Fig. 3 Illustrates the data splitting for the NCV. The dataset undergoes
an initial time-based split (80:20) to separate test data for the feature
analysis and test the models’ ability to generalize over time

no data is reused improperly, NCV is less prone to overfit-
ting in limited-data scenarios than standard cross-validation.

SHAP

SHapley Additive exPlanations was introduced in 2017 by
Lundberg and Lee (2017). Given a machine learning model
fand a set of features X;, the SHAP value ¢; for feature i is
computed as

SIH(1Xi] — |S] = 1)!
)y ISIH(XG| = 1S = 1)

¢ = T (FSUED - ). (g

SCEX\{i}

S is a subset of features excluding i, A\S) is the model’s
prediction using only the features in S. The weighting fac-

[SIHAFI=|S|=1)!
Fl

tor i ensures fair attribution. Following the

game-theoretic approach proposed by Shapley (1997), each
feature X is viewed as a "player" contributing to the "pay-
out" (the prediction), where the goal is to assign credit to
each feature for the difference between the prediction and
the baseline (average prediction).

Tree SHAP is a variant of SHAP optimized for tree-based
machine learning models. Using the recursive structure of
decision trees reduces the computation time through three
mechanisms. First, each tree is traversed recursively. Sec-
ond, the algorithm tracks the proportion of feature subsets in
which a given feature affects the prediction. Third, contribu-
tions are aggregated across all trees in the ensemble. This
approach enables fast and interpretable feature attribution
(Lundberg et al. (2018)).
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Table 1 Aggregation functionals applied for sensor time series aggre-
gation

Type

Numpy Implementation

Area under the curve trapz ()
Maximum max ()
Minimum min ()

Mean mean ()

Peak to peak ptp ()

Mean of the derivative diff() .mean ()
Maximum of the derivative diff () .max ()
Minimum of the derivative diff() .min ()
Experiments

The primary objective of this study is to predict spatially
resolved MRRs and WIWNU from heterogeneous process
data, enabling VM. By adding sensor data, process param-
eters, and consumable states, the models aim to reduce
reliance on physical post-polish measurements. The CMP
machines under consideration are commercial polishing
systems designed for 300 mm wafers. The process is a sin-
gle-step polish operation with a commercially available pol-
ishing pad for oxide removal. The slurry used in the process
is a commercially available formulation optimized for oxide
CMP Table 1.

Aggregation of multivariate time series

The time series data (e.g., pressure, temperature, flow rate,
and torque measurements) encompasses the sensor readings
data recorded for the FDC. We employed basic aggregation
functionals to compress the time series in a computation-
ally efficient protocol. Table 4.1 presents the aggregation
functionals applied for each sensor. According to the pol-
ishing protocol, each polishing operation is segmented into
distinct polishing phases. The "start" step involves loading
the wafer into the carrier, displacing water from the pad, and
coating it with slurry. During the "ramp" step, the carrier is
positioned on the pad, and target pressures and velocities are
established. Finally, the "effective polish" step represents
the primary polishing phase, which is stopped by in-situ
optical endpoint detection. These steps are often succeeded
by additional cleaning and conditioning of the pad and the
platen.

In addition to the aggregation approach presented in this
study, we also evaluated more advanced time-series fea-
ture extraction and comparison methods. For instance, we
applied the Tsfresh library as suggested by Djedidi et al.
(2022) to automatically generate a substantially larger set
of statistical features and characteristics of the frequency
domain per time series. We also tested kernel-based mea-
sures such as the Maximum Mean Discrepancy used by
Cai et al. (2021) to compare all signal profiles. However,
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neither approach improved predictive accuracy and both
introduced significantly higher computational costs. This
outcome can be attributed to the relative simplicity of many
CMP sensor signals, which frequently exhibit near-constant
or linear trends within defined polishing phases. For such
signal structures, basic statistical aggregations (mean, std,
auc, etc.) already capture the essential dynamics. Given the
paramount importance of robustness in applications within
a complex and high-stakes manufacturing environment, we
posit that using statistical aggregates to extract features and
a XGBoost model is a viable and pragmatic choice, as it bal-
ances predictive efficacy and operational simplicity.

Dataset overview

The dataset comprises 13,675 unique wafer runs from a
technology node with one oxide polish step. The data stems
from two CMP tools, each with multiple polishing cham-
bers, and captures ~ 6 million timestamps per polishing
operation. The data spans over a time period of 13 months
of productive process data. It involves two primary key per-
formance indicators for VM: the spatially resolved MRRs
and the derived WIWNU.

These metrics are determined by layer thickness mea-
surements (spectroscopic reflectometry) from production
control. We selected 17 distinct measurement sites for our
dataset and numbered them radially in ascending order
on the wafer. Exemplary positions can be seen in Fig. 4a.
The positioning of the selected measurement sites depends
on the specific product under investigation. The dataset
includes over 30 different products. Since we numbered the
chosen measurement sites on the wafer in ascending order,
we can assign each measurement point to a corresponding
wafer region. In this study, the wafer surface is therefore
divided into five distinct zones, designated as Areal (Al)
through Area5 (AS5) or "Edge region", as depicted in Fig. 4b.
The 17-site measurement pattern is tailored to the specific
geometry of each product type. Consequently, the absolute
physical positions of the sites are product-dependent; how-
ever, the numbering scheme (sites 1-17) consistently cor-
responds to fixed relative locations, normalized from the
defined areas. This approach allows for a spatially resolved

Areal
Area2
Area3
Aread
Edge /Area5

(b)

Fig. 4 a Illustrates an example set of selected measurement positions
on the wafer surface. b Depicts the defined wafer regions in this study

comparison of property gradients across different product
lines.

The change in layer thickness Ad at a given measure-
ment point is defined as the difference between the pre- and
post-polishing layer thickness measurements at that loca-
tion. The material removal rate, which quantifies the polish-
ing efficiency, is calculated as the change in layer thickness
normalized by the effective polishing duration At,

Ad
= —. 9
MRR ; ©

To characterize localized thickness variations in a standard-
ized manner, we employ the WIWNU metric. Following the
definition by Luo and Dornfeld (2004), the WIWNU is com-
puted as the difference between the maximum and minimum
MRR values per wafer and per polishing operation, divided
by twice the mean MRR

MRRyx — MRR

WIWNU =
2 MRRoyg

M 100%. (10)

A perfectly smooth surface would result in a WIWNU of 0,
since the maximal and the minimal difference of the spa-
tially resolved MRRs would be 0. Hence, the greater the
WIWNU, the worse the polish result.

The features of the dataset span over four categories. We
include:

1. Sensor readings: Time series data (e.g., pressure, tem-
perature, flow rate, and torque measurements)

2. Process parameters: Machine information and pre-
process data

3. Consumable data: Usage counters for polish pads,
retainer rings, and conditioners

4. Derived features: product-dependent offset factor
(Equation 11)

(1) To compress the sensor time series data, the segments
of the time series up to the "ramp" phase and including
the primary polishing step are aggregated using the aggre-
gation functionals described in Sect. 4.1 for each sensor.
With this approach, we receive 348 distinct features from
the time series sensor readings. To shrink down the number
of aggregated features, we carefully reviewed the aggrega-
tions and used expert knowledge from Infineon engineers to
remove non-relevant (e.g., "ramp" phase of the conditioner)
or redundant features (e.g., different aggregations for near-
constant features), resulting in 151 sensor-derived features.

(2) and (3) Process parameters and consumable coun-
ters stem from the same protocol and are subsequently
included in the dataset. We conducted a thorough review
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of the feature set and consulted with Infineon engineering
experts to eliminate potentially confounding variables (e.g.,
operation index, fabrication facility identifiers) and redun-
dant features (e.g., dresser lifetime correlated with cumula-
tive wafer processing count), adding a total of 11 additional
features to the dataset.

(4) Furthermore, a product-dependent MRR offset factor
(PF) is introduced to capture the unique characteristics of
each product type and their distinct surface structure. We
discuss this factor in detail in the next section.

The resulting expert-selected dataset comprises 163
features spanning the four aforementioned categories. We
incorporate the WIWNU as a single comprehensive target
variable along with 17 selected measurement reference sites
(MRRs) as target variables. These measurement sites are
systematically assigned to defined wafer areas depending
on radial distance from the wafer center.

Incorporating product identity

The product identity is not used as a categorical feature to
maintain a favorable feature-to-sample ratio and to avoid
modeling products as entirely independent classes. Instead,
systematic product-to-product variation is captured through
a multiplicative Product Factor (PF).

This approach is motivated by the nature of pattern-
dependent effects in CMP. A product’s specific layout
characteristics, such as pattern density and surface topog-
raphy, systematically influence polishing efficiency. These
layout effects are not expected to add a constant offset to
the removal rate but instead scale the overall polishing effi-
ciency, acting as a product-specific proportional bias. The

0.52 Polisher
Il A B

Global PF

Train Test
0.50 ‘ L d

0.48 -1

0.46

0.44

Lot-wise PF

0.42

0.40

0.38 —

Product 1 Product 2 Product 3

Fig. 5 Lot-wise product-dependent offset factors for the three most
common products across the two CMP tools. Boxplots show the distri-
bution with standard 1.5xIQR whiskers, with the central line indicat-
ing the median of the lot-wise factors. Diamonds and circles represent
the global product-dependent offset factor computed on the complete
train and test datasets, respectively
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PF quantifies this bias by comparing a product’s perfor-
mance to a non-patterned baseline,

M RR (non-pattern wafer)
PF = .
MRR (product) an

Non-patterned (blank) wafers are test wafers with no pat-
terned features or surface topography, used for daily tool
monitoring.

In practice, this factor can be established in multiple ways.
A global product-dependent offset factor is computed once
over the full training dataset as the mean MRR of the non-
patterned wafers divided by the mean MRR of the product
wafers, then applied throughout. Alternatively, a lot-wise
product-dependent offset factor is calculated dynamically
by dividing the MRR of the closest-in-time non-patterned
wafer by the median MRR of the product wafers in each lot.

To determine whether a simple global product-dependent
offset factor is sufficient, a comparison between the two
approaches was carried out. As an example, Fig. 5 shows
the product-dependent offset factors for the three most com-
mon products on both machines, which together represent
44.31% of all wafer runs, ensuring statistical relevance for
the analysis.

The factor is clearly product-dependent, as these products
exhibit systematically different values. It is also tool-depen-
dent, with consistent but small shifts observed between the
two tools, confirming that calibration must be performed
separately for each tool. With regard to temporal stability,
the global factors computed on the train (diamonds) and test
(circles) sets nearly overlap for every product-tool combina-
tion, demonstrating that the factor is less time-dependent. In
addition, the global factors of training data consistently lie
close to the lot-wise medians and within the interquartile
ranges, demonstrating that it accurately captures the central
tendency. Quantitative comparison supports this observa-
tion: differences between global and lot-wise means (not
medians shown in the boxplots) are below 0.003 (<1%),
and coefficients of variation are in the range of 3-5%, con-
firming small lot-to-lot variability and that the global factor
provides a robust and practical approximation. Finally, the
lot-wise factors were manually investigated for all products
across the full dataset, showing no drift and no systematic
shifts over time, such that continuous recalibration is not
required. Nevertheless, periodic monitoring is advisable to
account for potential changes. Based on these observations,
the global factor from the training dataset was selected for
subsequent modeling, providing a practical solution that
minimizes calibration effort.

However, the approach does not directly generalize to
previously unseen products. Any product absent from the
dataset including the global PF requires an initial calibration
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stage to obtain a reliable estimate of its product-specific
mean MRR.

Model implementation

Our predictive modeling framework employs a structured
pipeline, as depicted in Fig. 6, to analyze the prediction
capabilities for the spatially resolved MRR measurements
and the WIWNU models. The pipeline integrates:

Data preprocessing (aggregation)

Feature selection based on mutual information (Top 11,
20, 30 and 40 features retained)

Model training with NCV

SHAP investigation

The models for the spatially resolved MRR predictions are
trained using the MultiOutputRegressor from sk-
learn. This implementation allows to create independent
models for each output ;,

9; = Model;(x), j=1,....k. (12)
Due to the spatial proximity of the 17 selected measurement
sites, there is a potential risk of autocorrelation between
adjacent points. To mitigate this issue, the predictive MRR
models are trained independently.

To mitigate overfitting, the hyperparameter search space
was constrained to the ranges depicted in Table 2 and we
evaluated validation performance across the resulting
hyperparameter sweeps.

The R? spread is calculated from the 10 best models of
the outer loop of the NCV. The best hyperparameters from
the inner loops are tracked and employed again to train final
models with the complete training data. To avoid data leak-
age, they are tested with never-before-seen test data from a
non-random time-based start split.

The final models are analyzed with the TreeEx-
plainer from the SHAP library to provide SHAP values
for each parameter entry in the data, see Sect. 5.3.

Results and discussion
Feature analysis

To evaluate the comparative performance of the time series
aggregation approach for uniformity predictions, we con-
ducted a sensitivity analysis across all aggregated repre-
sentations of the platen rotation. Fig. 7 shows the strength
of the linear correlations using a color gradient, where red
denotes positive correlations and blue indicates negative

FDC
timeseries

i

Fig. 6 Schematic representation of the machine learning workflow for
spatially resolved MRR and WIWNU prediction

Flowchart key
I Process
B Data

Table 2 Hyperparameter search ranges and utilized hyperparameters
for XGBoost and RFR

Model Hyperparameter Lower Upper Best
bound bound found

XGBoost n_estimators 50 1000 800
max_depth 2 12 5
learning_rate 0.01 0.1 0.1
subsample 0.7 0.9 0.7
colsample_bytree 0.7 0.9 0.7
gamma 0 0.2 0

RFR n_estimators 50 100 50
max_depth 10 20 20
min_samples_split 2 10 5
min_samples_leaf 1 4 2
max_features sqrt None sqrt

correlations. The features extracted from different aggrega-
tion methods and sensor sources are arranged adjacent to
facilitate direct comparison. The observed clustering pat-
terns suggest that specific aggregation techniques exhibit
a stronger linear influence on the target variable (WIWNU
in the figure) than others, highlighting their relative impor-
tance in the predictive modeling framework.

Specifically, the effective polish step aggregations cor-
relate strongly with post-polish non-uniformity. These
aggregated features directly characterize the main polishing
performance. Among them, the standard deviation (std) and
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Correlation- and sensitivity matrix
for platen rotation aggregations

WIWNU

1) ramp phase (mean)

2) ramp phase (std)

3) ramp phase (ptp)

4) ramp phase (max)

5) ramp phase (mean deriv)
6) ramp phase (max deriv)

7) ramp phase (min deriv)

8) ramp phase (auc)

9) effective polish (mean)

10) effective polish (std)

11) effective polish (ptp)

12) effective polish (max)

13) effective polish (mean deriv)
14) effective polish (max deriv)
15) effective polish (min deriv)
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Fig. 7 Depicts a correlation- and sensitivity matrix with different derived aggregated features for the platen rotation. On the right, further data
clusters of the expert-selected dataset are presented, which are aggregates as well

mean derivative (mean deriv) show a negative correlation
with the WIWNU. These aggregation metrics quantify the
ranges of signal fluctuation, providing critical insights into
process stability. Given that the tool maintains key param-
eters like the platen rotation within narrow operational
bounds, the tool’s natural fine adjustments might benefit the
uniformity result. The remaining aggregation methods posi-
tively correlate with the WIWNU, indicating a degradation
in post-polish uniformity as these metrics increase. How-
ever, the sensitivity of this relationship varies depending
on the specific aggregation method employed. Comparable
trends are observed across other aggregated feature groups,
as seen in Fig. 7.

The area under the curve (auc) aggregation method,
which reflects cumulative trends over time, demonstrates
a stronger correlation with the MRR for variables such
as rotation, pressure and slurry flow rate. In contrast, the
mean and peak-to-peak (pfp) aggregation methods signifi-
cantly influence torque data, respectively. This phenomenon
may be attributed to the functional interpretations of these
aggregation methods: ptp captures the variations in a signal,
while the mean reflects the average behavior.

Further cluster analysis indicates that the pressure data
correlation is ambivalent. In general, it exhibits a slight pos-
itive correlation with removal rates, suggesting that higher
pressures may improve removal efficiency. This corresponds
to Preston’s law, which states that the material removed is
proportional to the mechanical work done on the wafer sur-
face; thus, the MRR is proportional to the applied pressure.
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Fig. 8 Illustrates the MI scores for all features of the expert-selected
dataset, sorted by MI score amount and the cutoff lines for the top 11,
20, 30, and 40 features. The top 5 features are the product-dependent
offset factor, the carrier rotation (auc), the effective polish time, the
platen rotation (auc), and the Area 3 pressure (auc)

Feature selection on the expert-selected dataset with 163
features was performed using mutual information, retain-
ing the top 11, 20, 30, and 40 features that accounted for
the most information gain, as subsequent features showed
markedly diminished returns, see Fig. 8. These top features
predominantly consist of data related to the platen, includ-
ing torque measurements, rotational metrics, and tempera-
ture parameters. In addition, the selected features include
consumable-related data, which capture critical aspects of
consumable performance and wear behavior. Most of the
remaining features originate from the aggregated time series
data of the different pressure zones.

The feature analysis offers a foundation for predictive
modeling, emphasizing the physical and operational aspects
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of the CMP process that influence material removal and uni-
formity outcomes. In the following section, we assess the
resulting VM models.

Model performances

LR is the baseline model, while RFR and XGBoost are
employed as advanced ML algorithms to capture poten-
tial non-linear relationships in the data. The computational
training costs of these models vary significantly, as summa-
rized in Table 3. Their respective predictive performances
are analyzed in detail in the following sections. The end-to-
end single wafer run latency (feature aggregation + predic-
tion) is 51 ms. These latencies are comfortably within the
near-real-time requirements of the VM workflow.

Spatially resolved MRR predictions

The performance metrics of the three regression models,
LR, RFR, and XGBoost, are evaluated using the average of
the outer 10-fold

cross-validation. This section discusses the predictive
capabilities of these models for the spatially resolved MRR
predictions and the WIWNU predictions.

XGBoost emerges as the model that performs best in the
in the evaluation of the 17 MRR measurement sites chosen,
achieving the highest accuracy and the lowest performance
variability, as shown in Table 4.

The XGBoost models demonstrate robust predictive
capabilities even in the absence of the product-dependent
offset factor. However, the inclusion of this factor signifi-
cantly enhances the models’ utility and accuracy in produc-
tive applications, underscoring its importance as a critical
parameter for optimizing model performance.

Figure 9 presents the performance of the XGBoost model
trained on the expert-selected dataset, showing the first 100
wafer runs from the test set. The figure shows the discrep-
ancy between predicted and measured mean MRR (nm/s),
with predictions averaged across the selected wafer areas
(Areas 1-5) and contrasted against the corresponding area-
averaged control measurements. The results demonstrate
highly accurate predictions, particularly for the inner wafer
areas. These regions exhibit minimal deviation between the
predicted and actual MRRs, highlighting the model’s robust
performance.

Figure 10 compares ground truth and predicted MRRs
across all 17 measurement sites, providing an overview of
the model’s overall predictive performance.

After the feature selection, the models achieve an aver-
age R? of 0.86 + 0.03, only relying on the 11 most important
features, determined by their MI scores, including the PF.
Incorporating 29 additional top features yields a marginally

Table 3 Compute times of the expert-selected models (4-16 core CPU,

2-4 GHz)

Model Training time Prediction time
LR 6 s per fold 1 ms

RFR 426 s per fold 10 ms
XGBoost 359 s per fold 13 ms

Table 4 Averaged performance comparison of the 17 MRR prediction
models for different training sets

Model Implementation 9 MAPE 95th pct.  99th pct.
R
absolute absolute
error error
XGBoost expert-selected  0.89+ 1.49% 0.36 0.52
0.01
no PF included  0.83+ 1.74% 0.37 0.58
0.02
top 11 features 086+ 1.78% 0.43 0.59
0.03
top 20 features 0.87+ 1.64% 0.39 0.56
0.03
top 30 features 0.87+ 1.62% 0.40 0.54
0.03
top 40 features 0.88+ 1.52% 0.39 0.54
0.03
final model 0.86 1.63% 0.37 0.57
SHAP
Other LR 083+ 1.82% 0.49 0.66
(expert-selected) 0.02
RFR 0.83+ 1.75% 0.46 0.66

(expert-selected) 0.02

improved R? of 0.88 + 0.03, thereby indicating that the pre-
dictive efficacy of the model is adequately captured by the
initial 11 top features.

Figure 1la and b demonstrate that near-optimal per-
formance is achieved with comparatively few boosting
rounds (n_estimators) and shallow trees (max_depth) for
the expert-selected XGBoost models. Increasing model
capacity beyond these values does not improve validation
performance and, in this data-limited regime, is likely to
exacerbate overfitting.

The sensitivity analysis shown in Fig. 11c was obtained
by perturbing the PF variables by small increments around
their nominal values in the expert-selected pre-trained mod-
els, with the objective of assessing feature stability. The
results elucidate the potential consequences of minor cali-
bration offsets encountered during the onboarding of previ-
ously unseen products. The best performance is achieved
using an accurate PF, with a minimum MAPE of 1.5% and
a R? close to 0.90. Small negative deviations have a mod-
erate effect, while positive misalignment above 10% leads
to a sharp deterioration, with R? dropping below 0.5. This
highlights the importance of accurate offset calibration
for the introduction of new products, as even slight over-
estimation can significantly impair predictive reliability.
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Fig. 9 Comparison of model performances for predicting spatially
resolved MRRs using the expert-selected dataset with XGBoost. Pre-
dictions and ground truth values are averaged across the chosen mea-
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Fig. 10 Ground truth vs. predicted MRR scatter plot for all 17 sites
with a 1:1 reference line for the expert-selected dataset with XGBoost

A smaller-than-accurate PF leads the models to assume a
higher product MRR, which results in a systematic under-
estimation of removal. These errors remain moderate, as
the predictions stay within a physically plausible range. In
contrast, an overestimated factor makes the models assume
a lower product MRR, thereby systematically over-pre-
dicting removal. This effect could compound, particularly
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surement sites according to their respective wafer surface areas. Error
bars represent the site-averaged error

in regions of high removal, potentially leading to a steeper
performance decline with positive PF deviations.

The specification limits for the MRR in the industry
reported by Infineon engineers typically range between
+0.3 nm/s and +-0.8 nm /s, depending on the process layer
and technology node. We therefore evaluate all models as
capable of substituting the post-CMP metrology measure-
ments in production. Across the tested conditions, the wafer
level model predictions remain within the specification lim-
its defined by industry standards. As summarized in Table
4, the wafer-level 99th-percentile absolute prediction error,
used as a proxy for worst-case production risk, remains
small. We discuss further possible improvements of the
models in Sect. 6.

WIWNU prediction

The LR WIWNU prediction model cannot capture the
underlying data structure, demonstrating significant con-
straints in predictive performance. In contrast, the RFR and
XGBoost models substantially improve predictive accuracy.
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Fig. 11 The figure illustrates a multifaceted analysis of performance
metrics for the XGBoost model and the expert-selected dataset. Sub-
plots (a) and (b) depict the validation curves resulting from the exten-
sion of hyperparameters. Subplot (c) presents a sensitivity analysis of
the R? and MAPE metrics with respect to perturbations in the product-
dependent offset factor, revealing that even minor adjustments to this
parameter in the test set can significantly influence the predictive effi-
cacy of the model

Table 5 Performance comparison of WIWNU prediction for various
models and training sets

Model n2 MAPE
LR (expert-selected) 0.32+0.03 17.74%
RFR (expert-selected) 0.65+0.03 12.85%
XGBoost (expert-selected) 0.64 +0.09 12.78%
XGBoost (no PF included) 0.56 +0.15 16.71%
XGBoost (top 30 features) 0.59+0.19 15.53%
XGBoost (final model SHAP) 0.72 11.24%

However, their mean predictive accuracy remains inferior to
that of spatially resolved MRR prediction models.

The exclusion of the PF leads to a measurable degrada-
tion in model performance, underscoring its significance for
accurate post-polish non-uniformity prediction. Subsequent
feature reduction to the 30 most important features yields
comparable predictive accuracy when the PF is included.

All WIWNU prediction models have a relatively high
R? spread over the 10 folds. Given the performance results
from Table 5, we evaluate the models as not yet applicable
for use in productive wafer manufacturing . However, key
improvements can still be implemented and are discussed
in Sect. 6.

0.06
MmN Direct WIWNU MAPE
0.05 EEE Derived WIWNU MAPE
0.04 1 DIRECT WIWNU PREDICTION:
> MAPE: 12.9% = 11.0%
@ Median MAPE: 8.9%
< 0.03 1 R2: 0.64
a
DERIVED WIWNU FROM MRR:
0.021 MAPE: 14.7% + 11.4%
Median MAPE: 12.9%
0.01 1 R2: 0.55
0.00 - ¢ . .
0 50 100 150 200

Mean Absolute Percentage Error (MAPE) [%]

Fig. 12 Error distributions of direct WIWNU predictions (blue) and
WIWNU derived from 17 predicted MRRs (orange). While the direct
model exhibits narrower and more concentrated errors, the derived
WIWNU suffers from amplified deviations due to its dependence on
predicted extreme MRR values, resulting in a broader distribution

Comparison of direct and derived WIWNU predictions

Another option to predict WIWNU is to calculate it from
the 17 individual MRRs predicted by the best XGBoost
model trained on the expert selected dataset as described
in Sect. 5.2.1. This results in a R? of 0.55, when com-
pared to the measured WIWNU, which corresponds to the
WIWNU models performance and demonstrates no sub-
stantial improvement. The reliance of the WIWNU formula
on maximum and minimum MRR values may render it
sensitive to large errors, whereas the direct WIWNU model
learns to be robust against such failures. This suggests that
the directly trained WIWNU model captures aspects of the
data not represented by the simple max-min calculation.
The cumulative effect of individual, smaller-scale errors
emanating from the 17 distinct predictive models may result
in a significant, aggregated error in the WIWNU prediction,
further compromising the accuracy of the overall WIWNU
prediction from the 17 predicted MRRs.

To quantitatively validate the robustness of direct
WIWNU modeling, a comparison against WIWNU values
derived from the predicted 17-sites MRR distributions was
done. The histogram of the MAPE distributions in Fig. 12
confirms the consistent advantage of the direct model across
the test dataset. Moreover, the derived predictions display
heavier-tailed error distributions, indicating that small devi-
ations in predicted minimum and maximum MRR values
propagate into disproportionately large WIWNU errors.

In the next section we apply SHAP analyses for post hoc
explainability.

@ Springer
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Model explanation
Explanation of the WIWNU prediction

First, the overall trend of feature importance in non-unifor-
mity predictions is discussed, and subsequently, the feature
importance of the ML models for the prediction of the MRR
for specific measurement sites is examined. The SHAP
summary plot in Fig. 13 visualizes the 10 most impact-
ful features, according to the mean absolute SHAP values
across all expert-selected XGBoost model samples. In the
SHAP plot, each data point corresponds to the SHAP value
(x-axis) of a feature for an individual observation, indicat-
ing its directional impact on the model’s output (positive
impact is on the right, negative impact is on the left). The
color gradient encodes the relative magnitude of the original
feature value. Red dots represent high feature values, while
blue dots indicate low ones.

The product-dependent offset factor is the most influ-
ential feature. It quantifies inherent material removal varia-
tions across pattern densities and structures (e.g., dense
vs. sparse features). If certain products exhibit consistent
removal rate deviations across the wafer, their cumulative
impact can influence WIWNU. For example, if dense pat-
terns systematically polish slower, the average effect may
dominate the WIWNU. The maximum SHAP contributions
reach approximately +1.5% change in WIWNU. Relative
to the mean WIWNU of our dataset of 4.3 %, these effects
account for about 29 % of the mean variation, indicating
controllable sensitivities.

The edge pressure (std) is the second most influen-
tial feature of the model, suggesting a strong correlation
between Edge control and the resulting WIWNU. The std
metric, which represents the range of fluctuations in the
pressure over time, measures the process’s dynamic stabil-
ity. Since pressure fluctuations are extremely small, minimal
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Fig. 13 Illustrates the SHAP summary plot for the 10 most important
features of the final XGBoost model for predicting the WIWNU
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adjustments in rotation speed can benefit the post-polishing
WIWNU result, as suggested by the SHAP analyses.

Consumable-related features (retaining ring wear, pad
wear, conditioner wear) exhibit a strong influence on the
WIWNU prediction, highlighting possible first wafer effects.
Higher consumable wear is correlated with decreased post-
polish WIWNU. Wafers with freshly applied consumables
might experience "break-in" effects, while later wafers
benefit from stabilized consumables. The wafer count is
a proxy for the tool wear, exhibiting a positive correlation
with increasing non-uniformity. This observation suggests
potential tool-related aging effects.

The SHAP analysis reveals that the WIWNU is predomi-
nantly governed by inherent pattern-dependent removal
variations and modulated by consumable-related features.
However, the relatively wide spread of the performance
metrics (R?) and the relatively small model performance
overall should be considered when interpreting the model
and drawing conclusions. In the following section, the
spatially resolved MRRs model is investigated. It can be
more reliably interpreted because of the relatively strong
performance.

The platen temperature shows a positive relation, sug-
gesting that thermal expansion or altered slurry dynamics
exacerbate non-uniformity. The Area4 pressure (pfp) met-
ric mainly expresses the pressure fluctuation in the defined
area.

Explanation of the spatially resolved MRR predictions

Figure 14 shows four exemplary SHAP summary plots, illus-
trating the 10 most influential features of the final XGBoost
models in predicting the 17 spatially resolved MRRs. The
plots correspond to the measurement sites 4, 9, 13, and 17,
which we described with varying radial distances from the
center of the wafer.

A visual examination of the SHAP summary plots reveals
a degree of variability in the most important features across
the different models. However, certain features consistently
emerge as key contributors, including the effective polish
time, carrier rotation (mean derive), product-dependent
offset factors, and the slurry flow rate. The recurrence of
these features across multiple models suggests their signifi-
cance in predicting the MRRs, warranting further investiga-
tion into their underlying relationships.

The effective polish time emerges as a critical predictor,
especially for the inner wafer areas. With increasing effec-
tive process duration At, the MRR is decreased. Since the
process is terminated via in-situ optical endpoint measure-
ments, it is not regulated by fixed polish times. Equation 9
indicates that with increasing At the removal rate decreases,
while layer thickness is kept constant. This effect is reflected
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Fig. 14 Shows the SHAP summary plot for the 10 most important fea-
tures for the MRR prediction XGBoost models. The numerical values
denoted by the grey circle labels correspond to relative radial positions

in the SHAP plot, where increasing At decreases the MRR
prediction.

The effective polish time exhibits SHAP values up to
approximately +0.9 nm/s, corresponding to 1.8 times the
allowed process deviation (typical range between +0.3 and
+0.8 nm/s,). This means that deviations in polish duration
alone can push the predicted MRR beyond the acceptable
process window, emphasizing the critical role of endpoint
control. Similarly, the mean derivatives of carrier rota-
tion and platen rotation show maximum contributions of
about +0.45 nm/s and +0.35 nm/s, respectively, each
approaching or exceeding 70-90% of the tolerance band.
When these dominant parameters act simultaneously in the
same direction, their combined SHAP contributions can
sum to approximately 1.7 nm/s, exceeding the specified
process window.
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across the wafer surface with a Site 4 (near-center), b Site 9 (mid-
wafer region), ¢ Site 13 (outer-wafer region), and d Site 17 (wafer
edge)

High product-dependent offset factors correlate with
negative values (blue dots, right side). This suggests that
certain products inherently polish with a smaller MRR due
to their removal rate deviations from the blank disc refer-
ence. Low offset values (blue dots, left side) are associated
with negative SHAP values, implying lower MRR for prod-
ucts closer to the blank disc’s removal behavior. This effect
seems especially important in the Area4 and Area5 regions
of the wafer, showing maximum contributions of about
+0.40 nm/s and —1 nm/s, approaching over 100% of the
tolerance band in rare cases.

Rotation and torque metrics of the platen and the car-
rier exhibit significant importance across all SHAP plots. In
particular, the mean derivative and mean aggregation func-
tionals are consistently identified as influential features. The
mean derivative of the rotation and torque metrics captures
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short-term fluctuations in rotational speed under near-con-
stant RPM conditions, whereas the mean represents the
steady-state behavior of the system. Positive changes in the
mean derivative metrics of the rotation and torques seem
to increase the MRR prediction, further underscoring that
minimal adjustments of the tool help to improve the polish-
ing result.

Slurry flow rate auc emerges as a critical predictor for
the Area4 and Area5 MRR models. Low/erratic flow rate
auc (blue dots, right SHAP values) correlates with higher
material removal rates (positive SHAP), and high flow rate
auc (red dots, left SHAP values) decreases MRRs (negative
SHAP). Although the common operational intuition is that
more slurry provides higher MRR, our SHAP-based analysis
indicates a more nuanced relationship. The observed corre-
lation is plausibly driven predominantly through the AUC of
the flow-rate signal. Because the flow rate is approximately
constant, the AUC scales primarily with process duration
rather than true variability in flow. Achieving on-target pol-
ishing requires extended process time and thereby reduced
MRR. Slurry flow rate auc contribute less than 0.1 nm/s
on average, which is below 20% of the spec tolerance.

The SHAP analysis reveals that temporal parameters and
rotational process control dominate spatially resolved MRR
predictions. Although feature importance varies across indi-
vidual measurement sites, these key factors consistently
influence all models at the selected sites.

These findings provide mechanistic insight into the role
of machine components in the process, with further implica-
tions discussed in the conclusion and outlook section.

Comparison to existing CMP VM studies

When comparing our results to the literature, it becomes
clear that prior CMP VM studies differ substantially in data-
set, methodology, and target definition, as shown in Sect.
2. Comparisons are limited to studies related to MRR, as to
our knowledge, no prior work addresses the prediction of
WIWNU.

Tsuda et al. (2015) identified average pressure values,
slurry flow, and motor current as key predictors of removal
rate using partial least squares followed by multiple linear
regression. This agrees with our findings, highlighting pres-
sure distributions, slurry flow, and mechanical load (torque
and rotation) as key drivers. The main differences are that
their analysis is restricted to a single globally averaged
MRR and linear effects, whereas our models extend to spa-
tially resolved predictions and capture nonlinear dependen-
cies. More recent work on the public PHM dataset, typically
using random splits, highlights a different issue. Zuo et al.
(2024) applied SHAP with XGBoost and found dresser table
usage as the most important feature, followed by pressure,
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slurry flow, and rotation. Li et al. (2019) used RFR to find
slurry flow variation and pressure skewness among the top
drivers, but also usage-related variables such as backing
film and table usage. Zhang et al. (2021) and K. Chen et
al. (2024) both relied on Random Forest feature importance
as well and consistently ranked usage counters (dresser,
table, carrier, backing film, membrane) as the most signifi-
cant features. These usage variables increase monotonically
with wafer chronology and are therefore prone to temporal
leakage, raising concerns about the physical interpretabil-
ity of such models. In contrast, our analysis on large-scale
industrial data with a time-based split reveals physically
meaningful drivers such as slurry flow, torque, and pres-
sure distributions, and extends the scope from global wafer
averages to spatially resolved MRR and, for the first time,
WIWNU prediction.

Conclusion and outlook

The proposed models were designed to use derived FDC
features and process information to predict post-polish non-
uniformity and spatially resolved MRR results. We demon-
strated the potential of using ML techniques for this task,
enabling process control improvements and reducing reli-
ance on physical wafer measurements. The main findings of
this study are listed below.

(1) Spatially resolved MRRs can be predicted even with
statistical aggregation functionals to compress sensor
time series with high precision using XGBoost.

(2) We found that the std and mean aggregation of the sen-
sor time series provided the most valuable contribu-
tion to the model’s prediction capabilities. It captures
deviations and the system’s steady state behavior,
respectively.

(3) A post hoc explanation with SHAP provides informa-
tion on the CMP process and possible process adjust-
ments. We found that especially polishing time and
rotation metrics govern the spatially resolved MRR pre-
dictions. Models for different measurement sites on the
wafer surface exhibit different feature relevance.

The main current limitations of this study are listed below.

(1) The WIWNU prediction model shows promising results
but requires further refinement to achieve application
readiness. A hybrid physics-ML route can materially lift
accuracy and robustness. One effective pattern could
be to encode chamber and wafer physics as a differen-
tiable, low-order “grey-box” layer and let ML learn the
residuals. One could parameterize this physics layer by
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recipe settings and tool identifiers to capture systematic
structure.

(2) The importance of a baseline factor that differentiates
products and their surface structures is underscored,
especially showing the value in a high-mix manufac-
turing environment. However, when included, each
new product must undergo a calibration phase in which
the mean MRR for the newly added product must be
determined. To improve practical applicability, the key
is to replace the PF with physically meaningful design
features, adopt transfer learning and domain adapta-
tion so the model learns product-invariant structure,
and add lightweight, adaptive calibration mechanisms
that require only a few wafers to “warm start” a new
product.

(3) Aggregating the sensor reading time series data by
applying statistical aggregators might lead to a loss of
information throughout the complex process.

Incorporating endpoint signal-derived features, which,
depending on the specific process, may be based on optical
or motor current measurements could improve the models.
Features derived from in-situ reflectometry measurements
used for optical endpoint detection could provide spatially
resolved, real-time removal rate information. Other CMP
processes, such as poly-Si polishing, may benefit from
including motor current time series in the dataset. Since
the deceleration profile of the motor current upon barrier
contact can serve as an indicator of in-situ wafer unifor-
mity, its inclusion may enhance model predictive accuracy.
Finally, the time series data aggregation could be optimized
by employing sensor-specific aggregation strategies. This
approach would maximize information extraction from each
time series while minimizing the number of feature param-
eters, thus improving data fidelity without sacrificing com-
putational efficiency.

Beyond prediction, the trained models also offer potential
for prescriptive analytics. Since they approximate non-lin-
ear mapping between process settings and spatially resolved
MRRs with high fidelity, they can be repurposed as surro-
gate simulators in optimization frameworks. For example,
together with Bayesian optimization or evolutionary algo-
rithms, they could enable automated search for process
recipes that minimize WIWNU or achieve specific target
profiles. This inverse optimization of process parameters
would extend the utility of virtual metrology from passive
prediction to active recipe optimization, providing a natural
next step toward autonomous CMP control.

The spatially resolved MRR prediction model can be
directly integrated into industrial CMP processes, support-
ing the semiconductor industry’s transition toward data-
driven and cost-efficient manufacturing. The models, as

shown, can reduce the amount of metrology measurements
and improve process control in the future.
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