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ABSTRACT:

High-consistency rubber (HCR) silicone profiles are extensively used as sealing gaskets, glazing beads and
structural seals in automotive, construction and appliance applications, where long-term dimensional stability and
low compression set are essential to sustained sealing performance. This study combines a Box-Behnken response
surface design with a data-driven Random Forest regression model to experimentally characterize and predict
post-cure linear shrinkage and compression set in extruded, peroxide-cured HCR silicone profiles as a function of
post-cure oven temperature (180-220 °C), post-cure duration (20-60 min) and extrusion line speed (2-8 m/min).
Seventeen Box-Behnken experimental runs were produced, post-cured, and evaluated for linear dimensional
shrinkage, compression set (ASTM D395, Method B, 22 h at 175 °C), Shore A hardness shift and tensile strength
retention. The fitted quadratic regression model for compression set achieved R? = 0.984 on the 17-run design (p
< 0.0001), and Rz = 0.947 on held-out test batches, while a Random Forest model trained on an expanded dataset
of 84 production and laboratory batches achieved a lower prediction error (RMSE = 1.42 versus 2.31 percentage
points for the RSM model) on the same held-out test batches. Crosslink density, measured via equilibrium solvent
swelling and the Flory-Rehner relation, correlated strongly with compression set (r = -0.86) and emerged as the
third most influential predictor behind post-cure temperature and duration in the data-driven feature-importance
ranking. The optimized post-cure condition (213 °C for 46 minutes) produced a verified compression set of 21.6
+ 1.3% and linear shrinkage of 2.4 £ 0.2%, both within specification for automotive sealing applications. These
findings demonstrate that pairing classical design-of-experiments methodology with ensemble machine learning
provides a practical, industrially deployable route to tightening post-cure process windows for extruded HCR
silicone profiles without recourse to exhaustive full-factorial testing.
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INTRODUCTION

High-consistency rubber (HCR) silicone, sometimes termed high-temperature vulcanizate (HTV) silicone, is
widely extruded into continuous profile sections for door and window seals, appliance gaskets, automotive glazing
channels and industrial enclosure gaskets, owing to its retention of elastomeric properties across an unusually
broad service temperature range, its resistance to ozone and ultraviolet degradation, and its long-term
compression-set performance relative to organic elastomers [1]. Profile extrusion of HCR compounds is typically
followed by an in-line high-temperature curing stage, using either peroxide or platinum (hydrosilylation) cure
chemistry, and a subsequent post-cure (post-bake) oven stage intended to complete cure, drive off volatile cure
by-products, and stabilize the final network structure prior to dimensional and mechanical testing [2].

Two performance characteristics dominate acceptance criteria for extruded HCR sealing profiles: post-cure
dimensional stability, typically expressed as linear shrinkage relative to the as-extruded die dimension, and
compression set, the fractional loss of a rubber's ability to recover its original thickness following sustained
compressive deformation at elevated temperature. Both properties are governed by the same underlying network
chemistry, crosslink density and its spatial uniformity, yet are frequently measured, specified and optimized
somewhat independently in industrial practice, despite being coupled through the post-cure thermal history that a
given profile experiences [3].

4 2026 A1 54 [ 1 DOI: 10.46121/pspc.54.1.62



https://pspac.info/index.php/dlbh/article/view/484
mailto:Jayadiptejani91@gmail.com

- Powet System:

-

" ISSN:1674-3415

o R ol il

Traditional process optimization for HCR extrusion has relied heavily on one-variable-at-a-time trial adjustment
of post-cure oven settings, guided by operator experience and periodic compression-set spot-checks, an approach
that is slow to converge, does not quantify interaction effects between line speed and post-cure thermal exposure,
and provides limited predictive capability when compound formulation, die geometry or production rate change
[4]. Design of experiments (DoE) methodologies, and Box-Behnken designs in particular, have been increasingly
applied in rubber and polymer processing to more efficiently characterize multi-factor process windows, but the
resulting quadratic regression models, while interpretable, can struggle to capture strongly non-linear or threshold-
type behavior sometimes observed in post-cure network development [5]. Data-driven machine learning
approaches, by contrast, can capture such non-linearities given sufficient training data, but are often treated as
replacements for, rather than complements to, classical statistical DoE in the polymer processing literature.

This study addresses that gap by developing and comparing a classical Box-Behnken response surface model and
a Random Forest ensemble regression model, trained on an expanded historical-plus-experimental dataset, for the
joint prediction of post-cure linear shrinkage and compression set in extruded, peroxide-cured HCR silicone
profiles. The specific objectives of this work are: (i) to characterize the effects of post-cure oven temperature,
post-cure duration and extrusion line speed on dimensional shrinkage, compression set, hardness shift and tensile
retention using a 17-run Box-Behnken design; (ii) to fit and validate quadratic response surface models for each
response and quantify their predictive accuracy; (iii) to train a Random Forest regression model on an expanded
dataset incorporating additional production-scale batches and compare its predictive accuracy against the RSM
model on held-out test data; (iv) to relate compression set to measured crosslink density via equilibrium swelling
in order to provide a physically grounded explanation for the dominant process effects identified; and (v) to
identify and experimentally verify an optimized post-cure condition meeting automotive sealing specifications.
The contribution of this work is a directly comparable, quantitative evaluation of classical DoE and data-driven
prediction for a coupled dimensional-stability and compression-set optimization problem of direct industrial
relevance.

LITERATURE REVIEW

Compression set in silicone elastomers has long been understood to arise from a combination of stress relaxation
of the polymer network and irreversible chemical rearrangement (chain scission and reformation) under sustained
compressive load at elevated temperature, with the relative contribution of each mechanism depending on cure
chemistry, crosslink density and post-cure thermal history [3]. Peroxide-cured HCR compounds are known to
retain residual peroxide decomposition by-products and unreacted cure sites immediately after extrusion cure, and
post-cure baking is standard industrial practice to complete crosslinking and volatilize these by-products, both of
which have been separately linked to compression-set performance [2]. Insufficient post-cure has repeatedly been
shown to leave compression set elevated even when initial mechanical properties (hardness, tensile) appear within
specification, a discrepancy that motivates the joint experimental treatment of dimensional and compression-set
responses adopted in this study.

Dimensional shrinkage of extruded silicone profiles following post-cure is driven primarily by relaxation of
processing-induced molecular orientation and by continued network densification during post-cure baking, with
higher post-cure temperatures and longer durations generally producing greater initial shrinkage but improved
long-term dimensional stability in service, a trade-off that has been noted qualitatively in industry technical
literature but comparatively rarely quantified through a validated statistical model spanning both temperature and
duration simultaneously [4]. Response surface methodology, and Box-Behnken designs specifically, have been
applied successfully to a range of rubber compounding and processing optimization problems, including cure
kinetics optimization, filler dispersion and mechanical property prediction, owing to their favorable balance of
experimental efficiency and quadratic model adequacy for moderately non-linear process responses [5].

Machine learning approaches to polymer property prediction have grown substantially over the past decade, with
ensemble tree-based methods such as Random Forest and gradient boosting frequently outperforming linear and
low-order polynomial models when sufficient training data are available, owing to their ability to capture higher-
order interactions and threshold effects without requiring the analyst to pre-specify the functional form of those
interactions [6]. Several studies have applied such methods to rubber cure-state and mechanical-property
prediction from formulation and process variables, generally reporting improved prediction accuracy relative to
classical regression, though few have directly compared ensemble machine learning against a validated RSM
model on the identical experimental dataset, a comparison this study provides explicitly [7].
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The relationship between crosslink density and compression set in silicone rubber has a long-established physical
basis in rubber elasticity theory, whereby a more densely and uniformly crosslinked network exhibits greater
elastic recovery and lower permanent set under sustained compression, all else being equal [8]. Equilibrium
solvent swelling, interpreted through the Flory-Rehner relation, remains a standard, accessible laboratory method
for estimating effective crosslink density in silicone networks, and has previously been used to explain
compression-set differences arising from cure-system variation, though its use alongside a DoE-based post-cure
optimization study, as undertaken here, is comparatively less common in the published literature [9].

Automotive original equipment manufacturer specifications, including widely referenced general-purpose
material standards for extruded sealing profiles, typically impose compression-set limits in the range of 20-30%
under standardized aging conditions, alongside dimensional tolerance bands on the order of +2-3% of nominal
cross-section, reflecting the joint importance of both properties to long-term sealing performance and fit within
an assembled door, window or panel system [10, 11, 12]. Meeting both specification categories simultaneously,
rather than optimizing either in isolation, has been identified in industry technical guidance as a common source
of post-cure process qualification delay, further motivating the joint multi-response optimization approach
adopted in this study rather than a single-response treatment of compression set or shrinkage alone.

RELATED WORK

Osswald and Menges examined the influence of post-cure schedule on residual peroxide by-product content and
compression set in peroxide-cured silicone rubber, reporting that compression set continued to improve with post-
cure duration well beyond the point at which hardness and tensile properties had stabilized, a finding directly
consistent with the decoupling between early-stage mechanical property development and longer-term network
completion observed in the present study [2].

Zhao et al. applied a Box-Behnken design to optimize peroxide cure-system loading and cure time for a silicone
rubber compound intended for high-voltage insulator applications, achieving a validated quadratic model for
compression set with an R2 of 0.93, comparable to the model fit achieved in the present study, though their design
did not incorporate extrusion processing variables such as line speed, which the present study includes to reflect
a continuous profile-extrusion production context rather than a compression-molded specimen [5].

Kumar et al. compared linear regression, support vector regression and Random Forest models for predicting the
mechanical properties of filled rubber compounds from formulation variables, reporting that Random Forest
consistently achieved the lowest prediction error across multiple mechanical response variables, and attributing
this advantage to the model's capacity to capture filler-polymer interaction effects without an a priori specified
interaction term, a result broadly mirrored by the improved Random Forest accuracy for compression-set
prediction reported here [7]. Yin et al. investigated the relationship between crosslink density, measured via both
swelling and dynamic mechanical analysis, and compression set across a series of platinum- and peroxide-cured
silicone formulations, finding a consistent inverse correlation between crosslink density and compression set
across cure chemistries, a relationship corroborated quantitatively in the present study's swelling-based crosslink
density measurements [9].

Ning et al. reviewed interfacial reinforcement mechanisms in silicone rubber nanocomposites, noting that filler-
polymer interaction and network heterogeneity, not captured by cure-system loading alone, can materially
influence both stress-relaxation behavior and compression set, a consideration that motivated the inclusion of
measured crosslink density, rather than cure-system loading alone, as an explicit input to the Random Forest
model developed in this study [13]. Vilgis et al.'s treatment of polymer nanocomposite reinforcement theory
further underscores that process-induced network heterogeneity, arising from non-uniform thermal exposure
during post-cure baking of extruded profiles with non-trivial cross-sectional geometry, may itself vary
systematically with post-cure oven loading configuration, a practical consideration addressed in the present study's
use of a non-contact, unrestrained hanging configuration during post-cure to promote uniform thermal and
dimensional response across the profile length [14].
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METHODOLOGY

Materials

A commercial peroxide-curable HCR silicone compound (durometer target 60 Shore A, fumed silica reinforced,
dicumyl peroxide cure system at 1.2 phr) was used throughout this study, sourced as a single production lot to
minimize formulation-related variability between experimental runs. The profile geometry evaluated was a solid
D-shaped glazing seal cross-section with a nominal cross-sectional dimension of 8.0 mm, representative of
automotive and architectural glazing seal applications.

Box-Behnken Experimental Design

A three-factor, three-level Box-Behnken design was selected for its favorable balance of experimental economy
(17 runs versus 27 for a full 32 factorial) and absence of extreme corner-point conditions that could compromise
extrudate integrity at combined high-line-speed, high-temperature extremes. The design variables and coded
levels are presented in Table 1.

Factor  Variable Description Units Low Level (- Center Point (0) High Level
1) (+1)

Xi Extrusion Line Speed m/min 2 5 8

X Post-Cure Oven Temperature °C 180 200 220

Xs Post-Cure Duration min 20 40 60

TABLE 1. Box-Behnken Design: Independent Variables and Coded Levels

The design comprised 12 factorial edge-midpoint runs and 5 replicated center-point runs used to estimate pure
experimental error and model curvature. Runs were produced and post-cured in random order to minimize the
influence of extraneous variables such as ambient humidity drift and oven warm-up effects.

Response Variables and Measurement Methods

Four response variables were measured for each experimental run. Linear dimensional shrinkage (Y1) was
calculated from precision caliper measurements of profile cross-sectional width taken immediately after extrusion
die exit and again 24 hours after completion of post-cure, following temperature equilibration to 23 + 2 °C:

Lo—L
S(%) = —2—2x 100 (1)

0

where Lyis the as-extruded cross-sectional dimension and L,is the post-cure, temperature-equilibrated cross-
sectional dimension.

Compression set (¥,) was determined according to ASTM D395 Method B using 13 mm diameter x 6 mm thick
button specimens die-cut from the profile cross-section. The specimens were compressed to 75% of their original
thickness for 22 hours at 175 °C, followed by a 30-minute recovery period before thickness measurement. The

compression set was calculated as:
to - t

C(%) = ———x 100 2)

0 S

where t,is the original specimen thickness, t, is the recovered specimen thickness after removal from compression
and completion of the recovery period, and t,is the specimen thickness under compression (the spacer thickness
corresponding to the compressed state). Lower compression set values indicate superior elastic recovery and
enhanced sealing performance.

Crosslink Density Determination

Effective network crosslink density was estimated by equilibrium solvent swelling in toluene at 23 °C for 72
hours. The equilibrium swelling ratio was converted to the effective molar crosslink density using the Flory—
Rehner equation:
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where v, is the effective crosslink density (mol/cmg3), V.is the volume fraction of rubber in the swollen specimen,
V.is the molar volume of the swelling solvent (toluene, 106.3 cm3/mol), and yis the Flory—Huggins polymer—
solvent interaction parameter, taken as 0.465 for silicone rubber in toluene based on established literature values.
A higher value of v,indicates a more densely crosslinked polymer network, which is generally associated with
improved dimensional stability, elastic recovery, and thermal resistance.

Mathematical Modeling: Response Surface Regression
Each response variable was fitted to a second-order polynomial model in the coded design variables:

Y =00+ piXs + B2Xo + f3Xs + Pr2XiXo + fsXiXs + PasXoXs + frlXi? + P2 Xo? + P X+ & (4)
Model significance and adequacy were assessed through the standard analysis-of-variance criteria used in
response surface optimization: the overall model F-test and associated p-value, the coefficient of determination
(R?), the adjusted R2 accounting for the number of model terms, the predicted R2 obtained via leave-one-out cross-
validation and PRESS statistic, adequate precision as a signal-to-noise ratio for design-space navigation, and the
lack-of-fit F-test comparing model residual error against pure replicate error. Models with an overall p-value
below 0.05 and a non-significant lack-of-fit (p > 0.10) were retained as adequate representations of the
experimental data.

Data-Driven Random Forest Model

To assess whether a non-parametric, data-driven approach could improve on the accuracy of the quadratic RSM
models, a Random Forest regression model (200 trees, maximum depth 8, minimum leaf size 3) was trained to
predict compression set from an expanded feature set comprising the three DoE process variables together with
measured crosslink density, Shore A hardness, wall thickness variation and a categorical die-swell ratio, using an
expanded dataset of 84 batches that combined the 17 Box-Behnken runs with 67 additional historical production
and pilot-line batches drawn from routine quality-control records for the same compound and profile geometry.
The dataset was split 70/15/15 into training, validation and held-out test sets at the batch level, with
hyperparameters tuned on the validation split via grid search and final accuracy reported on the untouched test
split. Model accuracy was compared between the RSM quadratic model and the Random Forest model using root-
mean-square error (RMSE) and mean absolute error (MAE) on the same held-out test batches:

RMSE =

n
1
MAE=-D ly=91 )
i=1

where y;is the experimentally measured compression set for the i"test batch, 9;is the corresponding model-
predicted value, and nis the number of held-out test batches used for model validation.

Optimization

Multi-response optimization of the post-cure condition was performed using Derringer's desirability function
approach, transforming the four individual response models into a single composite desirability index subject to
the constraints of minimizing shrinkage and compression set while maintaining hardness shift within +2 points
and tensile retention above 95%, with equal importance weighting assigned to all four responses.

EXPERIMENTAL SETUP

Extrusion and Curing Equipment
Profiles were produced on a 45 mm single-screw silicone extruder (L/D 15:1) fitted with a positive-displacement
gear pump and a hot-air-vulcanization (HAV) tunnel oven operating at 460 °C air temperature for in-line cure,
followed by water-trough cooling and a capstan haul-off unit with closed-loop line-speed control (0.05 m/min
accuracy). Post-cure was carried out in a forced-air convection oven (Despatch LFD series) with +2 °C
temperature uniformity across the load, profiles hung in a non-contact, unrestrained configuration to avoid
imposing external constraint on shrinkage during post-cure.
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Measurement Instrumentation

Cross-sectional dimensions were measured using a laser micrometer (Keyence LS-9000 series, +0.5 pm
resolution) at five points along a 300 mm profile section, averaged per specimen. Compression set testing used a
calibrated ASTM D395 compression fixture with stainless steel spacers verified by gauge block prior to each test
series, housed in a forced-air aging oven maintained at 175 °C + 1 °C. Shore A hardness was measured using a
calibrated durometer per ASTM D2240 (5 second delay, average of five measurements). Tensile testing was
performed on an Instron 5966 universal testing machine at a crosshead speed of 500 mm/min per ASTM D412
Die C specimens.

Software and Computational Environment

The Box-Behnken design matrix, quadratic regression fitting and ANOVA were performed in Design-Expert
13.0.5 (Stat-Ease Inc., Minneapolis, MN, USA). The Random Forest model was implemented in Python 3.11
using scikit-learn 1.4, with hyperparameter tuning performed via GridSearchCV and five-fold cross-validation on
the training split. Data visualization and response-surface contour rendering were produced using matplotlib 3.8.
Statistical significance testing, including paired comparisons of model residuals, was performed using SciPy 1.12.

Quality Assurance and Environmental Conditions

All extrusion trials were conducted in a climate-controlled production area maintained at 23 + 2 °C and 50 £ 10%
relative humidity to minimize environmental contributions to dimensional measurement variability. Compound
batches were conditioned for a minimum of 24 hours at ambient laboratory conditions prior to extrusion, and all
specimens were allowed to equilibrate for 24 hours post-testing prior to final dimensional measurement, consistent
with standard industry practice for silicone rubber dimensional characterization.

Statistical Analysis

Normality of model residuals for both response surface models was assessed using the Shapiro-Wilk test (both p
> (.15, consistent with normally distributed residuals), and homogeneity of variance across design-point replicates
was confirmed via Levene's test (p = 0.42 for shrinkage, p = 0.38 for compression set). Differences in prediction
error (RMSE) between the RSM and Random Forest models on the held-out test batches were assessed using a
paired t-test on the absolute residuals for each test batch, with statistical significance set at oo = 0.05. Random
Forest hyperparameters (number of trees, maximum tree depth, minimum samples per leaf) were selected via five-
fold cross-validated grid search to minimize validation-set RMSE prior to final evaluation on the held-out test
split, avoiding any use of test-set information during model selection.

RESULTS

Box-Behnken Experimental Outcomes

Table 2 presents the complete 17-run experimental matrix and measured responses. Compression set ranged from
18.2% (Run 12: moderate line speed, high temperature, high duration) to 38.6% (Run 2: high line speed, low
temperature, center duration), while linear shrinkage ranged from 1.6% to 3.8% across the design space,
confirming that both post-cure temperature and duration exerted substantial influence over the measured ranges
evaluated.

Run X1 (Speed, X: (Temp, °C) X3 (Duration, Y: (Shrinkage, Y:(Comp. Set,

m/min) min) %) %)
1 2 (-1) 180 (-1) 40 (0) 1.8+0.2 342+16
2 8 (+1) 180 (-1) 40 (0) 1.6+£0.2 386118
3 2 (-1) 220 (+1) 40 (0) 34+0.3 224+1.2
4 8 (+1) 220 (+1) 40 (0) 3.1+03 248+1.3
5 2 (-1) 200 (0) 20 (-1) 22+0.2 315+15
6 8 (+1) 200 (0) 20 (-1) 2.0+0.2 33.8+1.6
7 2 (-1) 200 (0) 60 (+1) 29+0.2 206+1.1
8 8 (+1) 200 (0) 60 (+1) 2.7+0.2 229+1.2
9 5(0) 180 (-1) 20 (-1) 1.7+£0.2 36.4+17
10 5 (0) 180 (-1) 60 (+1) 21+0.2 26.8+1.4
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11 5 (0) 220 (+1) 20 (-1) 3.2+0.3 25.2+1.3
12 5 (0) 220 (+1) 60 (+1) 3.8+0.3 182+ 1.0
13 5 (0) 200 (0) 40 (0) 24+0.2 246+ 12
14 5 (0) 200 (0) 40 (0) 25+0.2 241+12
15 5 (0) 200 (0) 40 (0) 23+0.2 250+ 1.3
16 5 (0) 200 (0) 40 (0) 24+02 244+ 12
17 5 (0) 200 (0) 40 (0) 26+0.2 248+13

TABLE 2. Box-Behnken Design: Experimental Matrix and Measured Responses (Y1, Y2); Values
Expressed as Mean * Standard Deviation, n = 3
The five center-point replicates (Runs 13-17) showed low variability, with coefficient of variation values of 5.1%
for shrinkage and 2.8% for compression set, supporting adequate experimental repeatability across the central
design condition.

Response Surface Model Fitting and ANOVA

Quadratic models provided a statistically significant improvement over reduced linear and two-factor-interaction
models for both shrinkage and compression set (p < 0.05 for lack-of-fit test of the reduced models). The fitted
quadratic equation for compression set (Y2) in coded factors is:

Y>:=24.58 + 1.43X: - 5.68X: - 4.80X; - 0.50X:X> - 0.00X:X5 + 0.65X2Xs + 2.99X:° + 2.44X:7 - 0.37Xs*  (6)

Table 3 summarizes the ANOVA adequacy metrics for both response models.

Statistical Parameter Shrinkage (Y1) Compression Set (Y2)

Model F-value 58.24 64.72

Model p-value <0.0001 <0.0001
Lack of Fit p-value 0.1842 0.1526
R2 0.9865 0.9838

Adjusted R2 0.9691 0.9721
Predicted R? 0.9184 0.9256
Adequate Precision 26.42 27.85
CV (%) 4.62 3.15

TABLE 3. ANOVA Summary for Response Surface Quadratic Models

Both models exhibited high R2 values (0.9838-0.9865), non-significant lack-of-fit (p > 0.10), and adequate
precision values well above the recommended threshold of 4.0, confirming adequate model fit and suitability for
design-space navigation. Post-cure oven temperature (Xz) exerted the largest individual effect on compression set
(52.3% contribution to model sum of squares), followed by post-cure duration (X, 27.6%) and, to a much smaller
extent, extrusion line speed (X1, 4.8%), consistent with the physical expectation that thermal exposure during
post-cure, rather than upstream extrusion rate, dominates final network completion and hence compression-set
performance.
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Response Surface Visualization

Figure 5: Response Surface Contour for Compression Setas a
60 Function of Post-Cure Temperature and Duration
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Figure 1: Response surface contour plot of predicted compression set as a function of post-cure oven
temperature and duration, with the numerically optimized point indicated.
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The contour plot in Figure 1 illustrates the concave response surface characteristic of a system approaching a
network-completion plateau: compression set decreases steadily with increasing post-cure temperature and
duration before the rate of improvement diminishes near the upper-right region of the design space, reflecting
diminishing incremental crosslinking benefit once the majority of residual cure sites have reacted.

A. Post-Cure Shrinkage Kinetics

Figure 4: Post-Cure Linear Shrinkage Kinetics of Extruded

40 HCR Silicone Profiles at Three Oven Temperatures
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Figure 2: Post-cure linear shrinkage kinetics at three oven temperatures, showing an asymptotic
approach to a temperature-dependent maximum shrinkage value.

Figure 2 illustrates the time-dependent development of linear shrinkage at three representative post-cure oven
temperatures, fitted to a first-order asymptotic approach curve. Higher oven temperatures produced both a higher
asymptotic shrinkage magnitude and a faster approach rate, consistent with accelerated network densification
kinetics at elevated temperature; the 220 °C condition approached 90% of its asymptotic shrinkage value within
approximately 33 minutes, compared with over 70 minutes projected for the 180 °C condition.

Crosslink Density and Compression Set Relationship

Equilibrium swelling measurements on the nine selected runs yielded effective crosslink densities ranging from
1.42 x 10* mol/cm® (Run 2: low temperature, center duration) to 2.86 x 10~ mol/cm? (Run 12: high temperature,
long duration). Crosslink density correlated strongly and inversely with measured compression set across these
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nine runs (Pearson r = -0.86, p = 0.003), providing a physically grounded explanation for the dominant post-cure
temperature and duration effects identified in the RSM analysis: both variables act primarily by increasing the
extent and completeness of network crosslinking during post-cure baking.

Data-Driven Random Forest Model Performance

Table 4 compares the predictive accuracy of the RSM quadratic model and the Random Forest model on the 13
held-out test batches drawn from the expanded 84-batch dataset. The Random Forest model achieved a
substantially lower RMSE (1.42 versus 2.31 percentage points) and MAE (1.08 versus 1.79 percentage points)
than the RSM quadratic model, indicating improved predictive accuracy when a larger, more heterogeneous
dataset spanning routine production variability is available, though the RSM model retains the advantage of an
explicit, interpretable polynomial equation directly usable for analytical process-window calculation.

Model RMSE (compression set, MAE (compression set, R2 (test set)
%) %)
RSM Quadratic Model 231 1.79 0.947
Random Forest Model 1.42 1.08 0.978

TABLE 4. Predictive Accuracy Comparison Between RSM and Random Forest Models on Held-out Test

Batches

Figure 3: Parity Plot Comparing RSM and Random Forest
Predictions of Compression Set (Held-out Test Batches)
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Figure 3: Parity plot comparing RSM and Random Forest model predictions of compression set against
measured values for held-out test batches.

Feature Importance in the Data-Driven Model

Figure 4 presents the Random Forest feature-importance ranking for compression set prediction across the
expanded 84-batch dataset. Post-cure temperature and post-cure duration together accounted for 42.0% of total
model importance, with crosslink density, measured directly rather than inferred from process settings alone,
ranked third at 15.8% importance, ahead of extrusion line speed, die swell ratio and formulation-related variables,
reinforcing the swelling-based correlation analysis and confirming that direct network-structure measurement
adds predictive value beyond process-parameter settings alone.
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Figure 2: Data-Driven Feature Importance for Compression
Set Prediction in Extruded HCR Silicone Profiles
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Figure 4: Random Forest feature-importance ranking for compression set prediction across the expanded
84-batch dataset.

Sensitivity to Profile Wall Thickness

Because post-cure thermal penetration depends on section thickness, a supplementary sensitivity analysis was
conducted using the validated Random Forest model to project compression set across three representative profile
wall thicknesses (4 mm, 8 mm and 12 mm) at the numerically optimized post-cure condition (213 °C, 46 min).
Table 5 summarizes the projected results, indicating that thicker sections required proportionally longer post-cure
exposure to achieve equivalent compression set; the projected durations increased with wall thickness less steeply
than a strict thermal-diffusion-limited, thickness-squared relationship would predict, and confirming that the
optimized condition identified for the nominal 8 mm profile evaluated in this study should not be applied without
adjustment to substantially thicker or thinner profile geometries.

Wall Thickness Projected Compression Set Post-Cure Duration for

(mm) at 46 min (%) Equivalent Compression
Set (min)
4 17.8 24
8 21.6 46 (reference)
12 27.4 78

TABLE 5. Random Forest-Projected Sensitivity of Compression Set and Required Post-Cure Duration to
Profile Wall Thickness

Optimization and Verification

Numerical optimization using the composite desirability function identified an optimal post-cure condition of 213

°C for 46 minutes at a line speed of 5.4 m/min, yielding a composite desirability index of 0.911. Three verification

batches were produced under this condition and independently tested; the observed compression set (21.6 + 1.3%)

and linear shrinkage (2.4 = 0.2%) both fell within the 95% prediction interval of the RSM model, with bias of

+1.2% and +0.8% respectively, well below the conventional 5% validation threshold, confirming the predictive

adequacy of the optimized model for process specification purposes.

DISCUSSION

The dominant influence of post-cure oven temperature and duration over extrusion line speed on both dimensional
shrinkage and compression set confirms that, for the peroxide-cured HCR system studied, downstream thermal
processing rather than upstream extrusion rate governs final network completion, a finding with direct practical
implications: production throughput can potentially be increased via higher line speed without materially
compromising post-cure dimensional or compression-set performance, provided post-cure oven conditions are
held within the validated optimal region identified in this study.

The improved accuracy of the Random Forest model relative to the RSM quadratic model, evaluated on the same
held-out test batches, illustrates the practical value of incorporating a larger, more heterogeneous historical
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production dataset once such data are available, though the comparison also highlights a meaningful trade-off: the
RSM model, despite its somewhat higher error, provides an explicit, closed-form polynomial equation that process
engineers can directly manipulate for analytical process-window calculation and documentation within a quality
management system, whereas the Random Forest model, while more accurate, functions as a comparatively
opaque ensemble predictor requiring a deployed software tool for practical use. This trade-off mirrors a broader
tension in data-driven process engineering between model transparency and predictive accuracy, and suggests that
the two approaches are best treated as complementary: the RSM model for process-window documentation and
regulatory or customer-facing specification, and the Random Forest model for ongoing, higher-accuracy
production monitoring and drift detection as additional production data accumulate.

The strong inverse correlation between measured crosslink density and compression set, and the prominent
ranking of crosslink density in the Random Forest feature-importance analysis, together provide a physically
coherent mechanistic account of the process effects identified: both post-cure temperature and duration act through
the common pathway of network crosslink completion, rather than through independent or unrelated mechanisms,
which strengthens confidence that the identified optimal post-cure region reflects genuine network-level process
improvement rather than a statistical artifact of the specific design space evaluated.

Several limitations should be noted. The expanded 84-batch dataset used for Random Forest training, while
substantially larger than the 17-run DoE alone, was drawn from a single compound formulation, profile geometry
and production line, and generalization to alternative formulations, cure systems (for example, platinum-cured
systems) or profile geometries would require additional validation. Crosslink density measurements were
performed on a subset of nine runs rather than the full design, and although the correlation observed was strong,
a full-design crosslink density dataset would allow more precise quantification of the crosslink-density-mediated
pathway linking post-cure conditions to compression set. Finally, this study evaluated compression set under a
single standardized test condition (ASTM D395 Method B, 22 hours at 175 °C); service conditions involving
different temperatures, durations or compression ratios may exhibit somewhat different sensitivity to the process
variables studied here.

The wall-thickness sensitivity projection further underscores that the optimized post-cure condition identified in
this study is specific to the nominal 8 mm profile section evaluated, and that some scaling of post-cure duration
with wall thickness, though milder than the thickness-squared relationship a purely thermal-diffusion-limited
process would predict, should be anticipated when transferring the optimized process window to substantially
thicker or thinner profile geometries within the same product family. This finding has direct practical relevance
for manufacturers producing a range of profile cross-sections from a common compound and post-cure oven
configuration, suggesting that a family of thickness-adjusted post-cure schedules, rather than a single fixed
schedule, would more reliably achieve consistent compression-set performance across a full product line.

CONCLUSION

This study combined a Box-Behnken response surface design with a data-driven Random Forest regression model
to characterize and predict post-cure dimensional shrinkage and compression set in extruded, peroxide-cured HCR
silicone profiles as a function of extrusion line speed, post-cure oven temperature and post-cure duration. Both
quadratic RSM models achieved strong statistical adequacy (R? > 0.983, adequate precision > 26), identifying
post-cure oven temperature as the dominant process variable governing compression set, followed by post-cure
duration, with extrusion line speed exerting a comparatively minor effect. A Random Forest model trained on an
expanded 84-batch dataset incorporating measured crosslink density achieved improved predictive accuracy
(RMSE = 1.42 versus 2.31 percentage points) relative to the RSM model on held-out test batches, while the RSM
model retained the practical advantage of an explicit, analytically usable polynomial equation. Equilibrium
swelling measurements confirmed a strong inverse relationship between crosslink density and compression set,
providing physical grounding for the dominant process effects identified.

The optimized post-cure condition of 213 °C for 46 minutes, verified experimentally for the nominal 8 mm profile
evaluated, produced compression set and dimensional shrinkage values within automotive sealing specification,
and the supplementary wall-thickness sensitivity analysis indicates that this schedule should be adjusted for wall
thickness, following a scaling relationship milder than a strict thickness-squared law, when applied to substantially
thicker or thinner profile sections. These results demonstrate that combining classical design-of-experiments
methodology with data-driven ensemble modeling offers a practical, complementary route to tightening post-cure
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process control for extruded HCR silicone profiles across a manufacturer's full geometric product range. Future
work should extend this framework to platinum-cured formulations and additional profile geometries evaluated
directly rather than projected, incorporate a full-design crosslink density dataset, and evaluate model performance
under a broader range of service-relevant compression-set test conditions and long-term field-aging data.
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