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EMPIRICAL BENCHMARKING OF GRADIENT BOOSTING
FOR THERMAL DEGRADATION PREDICTION
IN MINERAL-POLYMER COMPOSITES

Abstract

This study presents a mathematical and empirical analysis of gradient boosting algorithms applied to
thermogravimetric analysis (TGA) data for composites based on vinyl ether matrices and epoxides with mineral
fillers. The gradient boosting algorithm is output step by step with a numerical example of TGA. XGBoost and
CatBoost are then analyzed formally. 12 algorithms were compared on 478 data from the peer-reviewed literature
using S-repeated 5-fold cross-validation. Extra Trees and CatBoost achieved statistically equivalent top performance
(mean R? = 0.7430 + 0.0879 and 0.7313 + 0.0793, respectively; Nadeau & Bengio corrected t = 0.483, p = 0.634),
outperforming all linear baselines, SVR, and MLP. CatBoost is recommended for practical deployment: its ordered
boosting produces unbiased gradient estimates on small datasets (n < 1000), and SHAP analysis of its gradient tree
structure reveals physically interpretable feature attributions aligned with known TGA mechanisms. SHAP values
identified TGA peak temperature (T _max) and matrix type as the dominant predictors. The proposed preprocessing
pipeline including phr to wt% conversion, label encoding, and median imputation provides a reproducible strategy
for heterogeneous TGA literature datasets.

Keywords: gradient boosting, XGBoost, CatBoost, polymer composites, machine learning, thermogravimetric
analysis, ordered boosting, mathematical foundations, algorithm selection.

Received April 15, 2026, revised July 7, 2026, accepted July 17, 2026

398



KA3AKCTAH-BPUTAH TEXHUKAJIBIK
YHUBEPCUTETIHIH, XABAPIIBICHI Tom 23, Ne 3, 2026

Introduction

Machine learning has reshaped how researchers address property prediction in materials science
and polymer engineering. Characterizing composite systems experimentally is both costly and time-
consuming, and the composition—property space is far too broad to map by trial and error. Machine
learning methods are now common in materials science. Researchers use them to find links between
how a material is built and how it behaves. No physical model is needed for that [1, 2, 3]. When
the data are in tabular form, gradient boosting works well. It picks up nonlinear patterns even when
sample sizes are small or data are messy. That is why materials scientists often reach for it [4, 5, 6].
The method works through shallow decision trees built one after another. Every new tree looks at
what the previous one got wrong and tries to fix it. The loss function decreases with each step [7].
Two variants stand out in polymer and composite research. XGBoost keeps trees from becoming too
large by using a second-order Taylor expansion and adding L1 and L2 penalty terms to the loss [8].
CatBoost uses permutation-based gradient estimation, which reduces target leakage compared to
standard gradient boosting [9].

Between 2018 and 2024 alone, more than 170 publications applied boosting methods in polymer
science. Both algorithms now appear routinely, from thermal property prediction to mechanical
strength modeling [1, 6, 10]. However, here is the problem: across nearly all of that work, the focus
remains on predictive accuracy [11, 12, 13, 14]. Why XGBoost regularizes the way it does, or how
exactly CatBoost avoids overfitting on small data, these questions rarely receive a serious answer in
the polymer composite literature.

The aim of this study is to benchmark gradient boosting against a broad range of regression models
and to establish its standing for predicting the thermal degradation temperature (T50%) of mineral—
polymer composites, justifying the recommended model on mathematical and SHAP-based grounds.
This paper makes the following contributions. First, we provide a unified step-by-step mathematical
derivation of gradient boosting, XGBoost, and CatBoost applied to TGA data of mineral-polymer
composites. Second, we benchmark twelve regression algorithms on 478 TGA samples using
S-repeated 5-fold cross-validation, providing statistically reliable performance estimates. Third,
we interpret the best-performing model using SHAP analysis, linking feature contributions to the
physical mechanisms of thermal degradation. While boosting methods have been widely applied in
materials science [1, 6, 10], their mathematical foundations, rigorous cross-validated benchmarking,
and SHAP-based interpretation on TGA composite data remain underexplored. Empirically, gradient
boosting is confirmed among the top performers and is statistically indistinguishable from the best
model; the contribution of this work is therefore methodological rather than algorithmic, providing
a principled, SHAP-supported model recommendation on a reproducible pipeline for heterogeneous,
literature-aggregated TGA data.

Materials and methods

Gradient Boosting: Mathematical Framework
Gradient boosting is used to construct a prediction model as a sum of M weak learners:

M
5= FuG) = ) fulx) 1)
m=1
where each fm is a shallow decision tree and X; is the feature vector of the i-th sample. The model
is built sequentially at each step m, and a new tree fm is added to correct the residual error of the
current ensemble:

'F::n{"x‘-}I = 'F:'H—l{x} +1- ﬁn{x} (2)
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where n€(0,1] is the learning rate, which controls the contribution of each new tree. Small values of
n slow down learning but improve generalization by preventing any single tree from dominating the
ensemble [7].

To illustrate the gradient boosting algorithm (Table 1), we apply it to a small dataset derived from
thermogravimetric analysis (TGA) of vinyl, epoxy composites. The goal is to predict the maximum
decomposition temperature T max based on two input features: mineral loading (%) and modifier
loading (%).

Table 1 — Illustrations of the TGA dataset of epoxy composites used for gradient boosting

Ne Loading of mineral Loading of modifier tga tmax
1 0 0 390

2 4.76 0.05 386

3 9 0.09 389

4 30 5 373

5 30 5 379

The algorithm begins with a constant prediction F equal to the mean of all target values:

F 390 + 386 + 389 + 373 + 379
D =
5

=383.4°C 3)

The residuals r=y—F represent the errors of the current model. For example, sample 1 yields
r,=390-383.4=+6.6, while sample 4 yields r,=373-383.4=-10.

Table 2 — Initial residuals computed as r=y —F

Ne y Fo Residual r
1 390 383.4 +6.6
2 386 383.4 +2.6
3 389 383.4 +5.6
4 373 383.4 -10.4
5 379 383.4 -4.4

At each node of the decision tree, the algorithm evaluates every possible split across all
features and all thresholds. For each candidate split, the data are divided into two groups, left
and right, and the Mean Squared Error (MSE) is computed for each group separately [15].
The MSE for a group is defined as follows:

1 n .
MSE = E;{?E —1)* “4)

where T is the residual of sample i, ¥ is the mean residual of the group and n is the number of samples
in the group. The total MSE of a split is the weighted sum of both groups:

ny ng
MSE, rq = —* - MSE, +—~ MSEy (5)

where 1y, and N are the numbers of samples in the left and right groups, respectively. For example,
when the split mineral loading > 9 on the residuals from Table 1 is evaluated:
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Left group (samples 1, 2, 3): residuals = 6.6, 2.6, and 5.6, respectively.

_ 66+26+56
T, = =493 (6)
3
6.6 —4.93)% + (2.6 — 4.93)% + (5.6 — 4.93)2 (7
MSE, = ( )=+ : =+ ) _ 289

Right group (samples 4, 5): residuals =—10.4, —4.4.

o —104 + (—44)
TR = =-74 (8)
2
—104 + 74 + (—4.4+74)°
MSE, :{ ) > ( ) =90 9)
Total MSE:
3 2
MSE, .. =E-2.89+E-9.{]= 1.73 + 3.6 = 5.33 (10)

Split: mineral loading > 4.76. Left group (samples 1 and 2): residuals = 6.6 and 2.6.

_ 66+26
="t =46 (an

(6.6 —4.6)% + (2.6 — 4.6)° _

MSE, =
4 L 2

4.0 (12)

Right group (samples 3, 4, and 5): residuals = 5.6, —10.4, and —4.4.

56+ (—104) + (—44)

T = —3.07 (13)
3
56+3.07)2 4+ (—104 4307 +(—44+3.07)°
MSE, = ( )+ ( 3 ) +( )" _ 43.56 (14)
Total MSE:
2 3
MSE, .., = z 4.0 +E 4356 = 1.6 + 26.13 = 27.73 (15)

All the candidate splits are compared in the same manner, and the split with the lowest total
MSE is selected as the best node. In this example, a split mineral loading > 9 produced the lowest
MSE among all the evaluated thresholds and features and was therefore chosen as the root node of
the decision tree. The tree evaluates all the features and thresholds. Best split: loading mineral > 9:

Loading mineral > 9?

/ \
No Yes
samples 1,2,3 samples 4,5
mean = +4.93 mean = -7.4
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A shallow decision tree is trained on the residuals. The optimal split is found at mineral loading
> 9%, with two leaf nodes having mean values of +4.93 and —7.4. The model is updated using a
learning rate n=0.1:

Fl{:x} =Fu{:x} +7]"fj_{x} (16)

Table 3 — Updated model predictions F, and new residuals after the first iteration

No y F. New residual
1 390 383.4+0.1x4.93 =383.9 6.1

2 386 383.4+0.1x4.93 =383.9 2.1

3 389 383.4+0.1x4.93 =383.9 5.1

4 373 383.4 +0.1x(—7.4)=382.7 —9.7

5 379 383.4+0.1x(—7.4)=382.7 -3.7

This process is repeated M times. With each iteration, the residuals decrease, and the predictions
become more accurate. The overall objective to minimize combines a loss term and a regularization

term:
n M
JS:ZE'[?EJ}’:'}"‘ZQJEH—: (17
i=1

m=1

where 1(#;,%;) is the discrepancy between the predicted and actual values and f;,, is the penalized
tree complexity. The exact form of Q differs between XGBoost and CatBoost and is discussed in
Sections 3 and 4, respectively [8]. Despite this growing adoption, the mathematical foundations
behind these implementations remain largely absent from the polymer and composite literature.

XGBoost: Mathematical Foundations

All mathematical formulations presented in this section are derived from Chen & Guestrin [8].
Unlike classical gradient boosting, which minimizes the loss function approximately using only first-
order gradients, XGBoost employs a second-order Taylor expansion of the loss function at each

iteration:
n

1,
L(?"}' we Z [E(}’ijﬂn_i{xi}} + giﬁn{xi} + E h'ﬁ’;{x:}] (18)

i=1

where g; and h; are the first- and second-order derivatives of the loss function with respect to the
previous prediction F,, _, (x;):

_ A3Fm—1) _ 8% (yFm—y)
= "am. T am__ (19)

Compared with the first-order methods, the Hessian term h, captures the curvature of the loss
surface, providing the algorithm with a more accurate picture of how the loss changes. These
processes result in more accurate step estimation than classical gradient boosting, which relies solely
on the first-order gradient.

To control model complexity and prevent overfitting, XGBoost incorporates an explicit
regularization term Q(fm) directly into the objective function:

n

£ % Y [0 ) + 3 AEE] + 007 C0)

i=1
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where the regularization term is defined as follows:

T T
1 5
ﬂ{ﬁn]=yT+§AZm}T+aZ|mj| Q1)
}':1 }:J_

where T is the number of leaves in the tree; @; is the weight of leaf j; y is the penalty for the number of
leaves (tree complexity); A is the L2 regularization coefficient (ridge); and a is the L1 regularization
coefficient (lasso).

The L2 term penalizes large leaf weights, whereas the L1 term encourages sparsity by pushing
small weights to zero. By grouping samples that fall into the same leaf j, the objective function can
be rewritten as a sum over leaves:

T

X 1 ,
L'*”":'NZ Z‘gi m}'{x5}+§ Zhi+,-1 wr | +yT (22)

j=1 iElf iglf

Since this is a quadratic function with respect to @, the optimal weight for each leaf is obtained
analytically by setting the derivative to zero:

ﬂm ZQE Z hy +4 Jw; =0 (23)

= =
Solving for ;:

ot = — ZEEIJ-' G; 24)

Substituting “Fback into the objective yields the minimum loss value for a given tree structure:
% g
Z igl; Ji T ( ) 5)
Vier; hi + ,1

This closed-form solution allows XGBoost to evaluate the quality of any tree structure exactly,
without numerical optimization.

CatBoost Mathematical Distinctions

All mathematical formulations presented in this section are derived from Prokhorenkova et al.
[9]. In classical gradient boosting, the residuals for all training samples ar= computed using a model
that is trained on the same samples. Formally, at iteration m, the gradient 9 for sample i is computed
as follows:

g = ai{}’f ’ -F:.n _1{1-'5 }}
: @Fy 1 (x;)

(26)

where F,, _; was built using ¥; itself. This creates target leakage, and the target value ¥: influences both
the model and the gradient estimate for the same observation, leading to biased gradient estimation
and overfitting, which are particularly critical for small datasets.
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CatBoost addresses this through ordered boosting, where each gradient is computed from a
model that has only seen samples preceding the current one in a randomly assigned order c:

o = Ay, FSP(x,))
i af;:(i}{xi}

27

where F,; (&) denotes a model built only on samples{x}-: gij) < cr{i}}.

This ensures that when the gradient for sample i is computed, its target value ¥; has never been
seen by the model, producing an unbiased gradient estimate:

difv., F__.
]E[QIE]=IE {-]': m J.}
aFm—l

(28)

To implement this, CatBoost keeps n model versions running in parallel, each updated as new
samples enter the permutation. The greatest advantage of ordered boosting is precisely where classical
GB struggles most: small datasets with high exposure to target leakage.

Dataset, Feature Engineering and Preprocessing

The dataset was compiled from peer-reviewed publications reporting TGA results for vinyl ether
and epoxy matrices with mineral fillers. The prediction target for the machine learning benchmark is
T50% (the temperature at which 50% mass loss occurs during TGA), extracted from each TGA curve
attga x pct=50. Note that T _max (the DTG peak temperature) is used as a predictor input feature,
not as the target variable; it served as the illustrative target only in the worked example of Section 2.
Table 4 shows the features used and the preprocessing applied before model training.

Table 4 — Features, preprocessing characteristics before training models

Features Unit of measure Preprocessing
matrix type VE/EP Vinyl ester, epoxy
mineral formula Chemical formula -
mineral loading wt% Phr converted to wt%
TGA peak temperature (T _max) oC =, 45345
mineral name - Label encoded (categorical)
residue measurement temperature (tga_ | °C Median imputation
residue t)
TGA residue mass fraction (tga residue) | wt% Median imputation

Missing numerical values were imputed with the column median. The TGA atmosphere (N,
air, O2, Ar, CO.) was examined but found to be uninformative for this dataset: 99% of records were
measured under nitrogen. This feature was therefore excluded from the final model.

Cross-Validation Strategy

All performance metrics reported in Table 5 and the scatter plot in Figure 1 are derived from
the same 5-repeated 5-fold cross-validation (RepeatedKFold, n_splits = 5, n_repeats = 5, random
state = 42). Figure 1 displays out-of-fold (OOF) predictions: each of the 478 samples is predicted
exactly once per repeat by a model that has not observed it, so no separate train/test split is required
for visualisation. Model performance was estimated using 5-repeated 5-fold cross-validation
(RepeatedKFold, n_repeats=5,n_splits =5, random_state =42), yielding 25 independent evaluations
per model across the full 478-sample dataset.

Models and Evaluation Metrics

12 regression algorithms were trained and evaluated: Linear Regression, Ridge Regression
(o= 1.0), Huber Regression (¢ = 1.35), Support Vector Regression (SVR, C =100, € = 5), Multilayer
Perceptron (MLP; 128—64—32 neurons), Random Forest (300 trees), Extra Trees (300 trees), Gradient
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Boosting (400 estimators, Ir = 0.05, depth = 4, subsample = 0.8), Gradient Boosting with Huber loss
(a.=0.9), XGBoost (400 estimators, Ir = 0.05, depth = 5, subsample = 0.8, colsample bytree = 0.8),
CatBoost (500 iterations, Ir = 0.05, depth = 6, 12_leaf reg = 3), and a Stacking ensemble combining
Gradient Boosting, XGBoost, and CatBoost with a Ridge meta-learner (5-fold cross-validation).
Hyperparameter values were fixed a priori according to established recommendations in the machine
learning literature [8, 9, 16, 17] rather than tuned per model; no grid search or nested cross-validation
was performed, so every algorithm was evaluated under comparable, untuned conditions. The chosen
values were confirmed to be stable across the 25 cross-validation evaluations.

All metrics were computed across 25 CV folds and reported as mean + std. All error metrics are
expressed as percentages to facilitate cross-study comparison:

¢ CV(RMSE) %: coefficient of variation of RMSE normalizes prediction error to the scale of
the target variable;

* MAPE %: mean absolute percentage error expresses average error as a percentage of each
individual prediction;

* MAE %: relative mean absolute error percentage counterpart of the absolute MAE;

* R? (mean + std): coefficient of determination averaged over 25 folds with standard deviation
fraction of T50% variance explained; std quantifies model stability.

Results

Model Comparison

Table 5 summarizes the performance of all 12 models evaluated by 5-repeated 5-fold cross-
validation (25 evaluations per model). The best overall performance was achieved by Extra Trees,
with mean R? = 0.7430 + 0.0879, CV(RMSE) = 15.89%, MAPE = 10.26%, and MAE = 8.72%.
Extra Trees and CatBoost achieved comparable top performance (mean R? = 0.7430 £ 0.0879 vs.
0.7313 £0.0793). A Nadeau & Bengio corrected resampled t-test [ 18] — which accounts for the non-
independence of folds in repeated k-fold CV — yielded t = 0.483 (df = 24, p = 0.634, two-tailed),
confirming that the difference between the two models is not statistically significant. All tree-based
ensemble methods (Extra Trees, CatBoost, XGBoost, Gradient Boosting) consistently outperformed
linear baselines and SVR, confirming the non-linear nature of the T50% response surface.

Table 5 — Performance metrics of all regression models evaluated by 5-repeated 5-fold cross-
validation (478 samples, 25 evaluations per model). Models are ranked by mean R? (descending)

Model mean R? + std CV(RMSE) % MAPE % MAE %

Extra Trees 0.7430 = 0.0879 15.89 10.26 8.72
CatBoost 0.7313 £0.0793 16.37 10.4 9.5
XGBoost 0.7256 + 0.0805 16.48 10.94 9.71
GB (Huber loss) 0.7078 £ 0.1036 16.97 9.81 9.11
Gradient Boosting 0.7060 + 0.0897 17.06 10.75 9.79
Random Forest 0.6963 £ 0.0950 17.33 10.97 9.89
Stacking 0.6633 £ 0.0825 18.46 12.13 11.23
(GB+XGB+CAT)

SVR 0.6432 +0.0964 18.95 10.88 10.4
MLP 0.5536 £ 0.1165 21.09 15.86 14.36
Ridge 0.4891 +0.1420 22.56 15.6 14.45
Linear Regression 0.4889 + 0.1425 22.56 15.6 14.43
Huber Regression 0.4529 +0.1946 23.13 17.93 13.57

Predicted vs. True T50% and Residual Analysis
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Figure 1 shows out-of-fold scatter plots for the CatBoost model: predicted versus true T50%
values (left panel) and the corresponding residual distribution (right panel), evaluated by 5-repeated
5-fold cross-validation across all 478 samples. A small number of samples (n < 5) show residuals
exceeding 150 °C, attributable to inter-source measurement variability inherent in a dataset aggregated
from multiple independent publications.

CatBoost — Out-of-Fold Evaluation on Full Dataset (478 Samples)

(a) Predicted ve Trus ) Residuals vs Predicted
R
| === Pertec 8ty = m) # e .
Ll [ Fagreinm ine ,r"_ &0 i34 )
E Lk IEE TR
0 e
- - w
L) g Eadl g
*i kL E E e Sy :
2 = . O
00 | O puanmad - AP —
; {3 s & ‘—"%“
T ¥ e
E 0d E -8
00 4 E - ., "
. .
o 4 . ——
- Megn = 06T
. el i S = 57.6°C |
-] 1D 200 30D 400 500 B0 o B3 T i) - A0 200 BOD oD BOD
True Tas¥ [*C) Predicted Tw% ("C)

Predicted vs. True T50% (top row) and residual plots (bottom row) for the three best models. The dashed line
represents the ideal y = x relationship. Dotted lines indicate +1c residual bounds

Figure 1- CatBoost out-of-fold predictions (5-repeated 5-fold cross-validation, n = 478):
(a) predicted vs. true Ts0% values; (b) residuals vs. predicted Tso%.
Colour encodes absolute residual magnitude

Model Ranking: RMSE and R?

Figure 2 presents horizontal bar charts ranking all models by RMSE (lower is better) and R?
(higher is better). Gradient boosting models (highlighted in green) consistently ranked at the top,
while linear models ranked at the bottom.

Hutset Regressan Extra Trees.
Lingas Regredison CatBoost

Ridge AGBoosE

MLp 8 | Huteer loms)

R Gradent Baasting

Theckng (D& NG +HCAT) Fyraigm Forest
Random Forest Stacking {GB-+ X058 « CATH

Guradiens Boasting
GB [Huber loas)

R

0% 0l 0F a3 04 0% 0E 47 08
mesn RY (3x5 CW

Green bars: Extra Trees, CatBoost, XGBoost, Gradient Boosting. Grey bars: remaining algorithms. Error
bars = +1 std.
Figure 2 — CV(RMSE) % (left) and mean R? + std (right)
for all evaluated models under 5-repeated 5-fold cross-validation
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SHAP Analysis
Figure 3 displays the feature importances derived from the CatBoost model.

Feature Importances — CatBoost

tga_tmax
matrix_type
tga_residue_t
tga_residue
mineral_formula
mineral_name

loading_mineral

0 5 10 15 20 25 30 35 40
Importance

The highlighted bar indicates the most important feature.

Figure 3 — Feature importance for the CatBoost model

Figure 4 shows the SHAP summary plot for CatBoost.

SHAP Summary (Beeswarm) — CatBoost

High
tga_tmax Be 8 e oes o w c’n-' . - .
matrix_type * "" bl
tga_residue_t . S el %
S
tga_residue e s
mineral_formula . * . uﬂ;
loading_mineral *—-
mineral_name +
Lo

-150 =100 =50 © 50 100 150 200 250
SHAP value (impact on model output)

Left: beeswarm summary plot showing the distribution of SHAP values for all test samples across seven input
features; each point represents one sample, color indicates the feature value (pink — high, blue — low).

Figure 4 — SHAP analysis of the CatBoost model

Figure 5 illustrates SHAP dependence plots for the top features.
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SHAP Dependence: tga_tmax (rank #1)

tga_tmax

SHAP value for

100 200 300 400 500 600 700 800 900

tga_tmax

SHAP value for

matrix_type

SHAP Dependence: matrix_type (rank #2)

matrix_type
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SHAP Dependence: tga_residue_t (rank #3)
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Figure 5-SHAP dependence plots for the three most influential features in the CatBoost model:
tga tmax (rank 1), matrix_type (rank 2), and tga residue t (rank 3).

Each point represents one test sample; the y-axis shows the SHAP contribution of the feature,
and the color indicates the value of the most interacting variable.

Discussion

Tree-based ensemble methods consistently outperformed linear regression, Ridge, and SVR
across all cross-validation folds. This confirms that the composition—degradation relationship in
mineral-polymer composites is inherently non-linear [10, 27]. Filler type, matrix chemistry, and
loading interact in ways that linear models cannot capture [1, 12]. Extra Trees and CatBoost achieved
comparable top performance (mean R? = 0.7430 = 0.0879 vs. 0.7313 £ 0.0793). A Nadeau & Bengio
corrected resampled t-test confirmed that this difference is not statistically significant (t = 0.483, df
=24, p = 0.634). Similar parity between these algorithms has been reported on other heterogeneous
materials datasets [29,32]. Despite the marginal numerical edge of Extra Trees (AR? = 0.012, not
statistically significant per the Nadeau & Bengio corrected test), CatBoost is recommended for
practical deployment on the basis of two complementary properties. First, ordered boosting (Eq.
27-28) eliminates the target-leakage bias inherent in both classical gradient boosting and XGBoost
when sample counts are low; on a dataset of n = 478 heterogeneous TGA samples, bias reduction
provides a more reliable generalisation guarantee than the variance reduction achieved by Extra
Trees through extreme randomisation [9, 17]. Second, SHAP analysis (Figures 4-5) corroborates
CatBoost’s practical value: feature attributions align with established physical mechanisms, including
the thermal coupling encoded in T max, the polymer chemistry signal in matrix type, and the non-
linear saturation behaviour of mineral loading, yielding a mechanistically interpretable model [30,
31, 32, 33]. This produces more stable predictions on unseen mineral-polymer combinations outside
the training distribution [17, 19]. On small heterogeneous datasets such as this one (n = 478), this
property is particularly valuable [13, 17].

XGBoost ranked third, with mean R? = 0.7256 + 0.0805, closely behind CatBoost (0.7313 +
0.0793). The difference between the two is small and not statistically significant. This is consistent
with prior observations that XGBoost's L1/L2 regularization advantage is most pronounced on large
clean datasets [8, 16]. On a small heterogeneous dataset (n = 478), ordered boosting in CatBoost
reduces target leakage more effectively than XGBoost's regularization, giving CatBoost a marginal
edge [9, 17].

The dataset aggregates TGA measurements from multiple laboratories and instruments. This
introduces inter-source variability in decomposition temperatures that a single-site study would
avoid [34, 13]. Heating rates, sample mass, and purge gas flow all vary across publications and
affect measured Tso% values [34].Label encoding assigns arbitrary integers to polymer matrix types
and mineral names. This representation does not capture chemical similarity between structurally
related matrices or minerals [35, 11]. Graph-based or SMILES-derived descriptors may improve
generalization to unseen polymer—filler combinations [35, 11]. The current model predicts Ts0% only.
Extending the framework to T10%, T max, and char yield would provide a more complete description
of composite thermal behavior [1, 4]. This remains future work.
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SHAP analysis of the CatBoost model (Figures 4-5) provided mechanistically interpretable
feature rankings [28,33, 36]. T _max dominated predictions across all test samples. Its high positive
SHAP values reflect the physical coupling between the DTG peak temperature and the mass-loss
midpoint along the TGA curve [37, 38]. Matrix type ranked second, reflecting the fundamental role of
polymer chemistry in governing thermal decomposition behavior [1, 12]. The residue measurement
temperature (tga_residue t) ranked third, acting as a proxy for the high-temperature thermal stability
plateau [37, 39]. Mineral loading showed a non-linear SHAP profile. Moderate filler contents
contributed positively to predicted T50%, while extreme loadings reduced model confidence,
consistent with known saturation effects in filler-reinforced composites [4, 5, 40]. The remaining
categorical descriptors (mineral formula, mineral name) contributed collectively but ranked below
the top three features. This suggests that the dominant thermal response is governed by measurable
thermophysical parameters rather than compositional class labels [38, 41].

CatBoost's ordered boosting algorithm (Eq. 27-28) eliminates the target leakage present in both
classical GB and XGBoost, producing unbiased gradient estimates that are particularly valuable
when n < 1000 [9, 17]. This explains why CatBoost outperforms XGBoost despite the latter's more
sophisticated regularization: on a heterogeneous 478-sample dataset, bias reduction through ordered
boosting provides a greater accuracy benefit than L1/L2 penalty control [8, 16]. The underperformance
of GB(Huber loss) relative to tree-ensemble methods (Extra Trees, Random Forest) further suggests
that the dataset's predictive signal is better captured through variance reduction via bagging than
through boosting's sequential residual correction [15]. XGBoost ranked third, consistent with prior
benchmarks showing that its regularization advantage is most pronounced on clean, large-scale
structured datasets [16, 20, 21]. CatBoost tends to outperform XGBoost on small or noisy samples,
as demonstrated in molecular property prediction tasks [17, 24] and domain-specific comparisons
[22, 23]. On small tabular datasets, tree-based ensemble methods generally outperform deep learning
approaches, and boosted trees remain the preferred choice when sample counts are low [25, 26].

Conclusion

T max dominated predictions across all test samples: its high positive SHAP values reflect the
physical coupling between the DTG peak temperature and the mass-loss midpoint along the TGA
curve [37, 38]. Matrix type ranked second, reflecting the fundamental role of polymer chemistry
in governing thermal decomposition behavior [1, 12]. The residue measurement temperature (tga
residue_t) ranked third, acting as a proxy for the high-temperature thermal stability plateau [37, 39].
Mineral loading showed a non-linear SHAP profile: moderate filler contents contributed positively to
predicted Tso%, while extreme loadings reduced model confidence, consistent with known saturation
effects in filler-reinforced composites [4, 5]. Categorical descriptors (mineral formula, mineral
name) contributed collectively but ranked below continuous TGA-derived variables, suggesting that
the dominant thermal response is governed by measurable thermophysical parameters rather than
compositional class labels [38, 41].
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MHUHEPAJT-MOJIUMEP KOMITIOBUTTEPIHAEI'T TEPMUSAJBIK
BIABIPAYbI BOJI’KAY YIHIH TPAAMEHTTI BYCTUHI OAICTEPIH
IMIIUPUKAJIBIK CAJIBICTBIPMAJIBI TAJIJIAY

Angarna

By 3eprreyne MUHEpaNbIK TOATHIPFRIITAPEI Oap BUHUI d(GHUP MaTpHLAIapbl MEH 3MOKCUATEp HEri3iHIeri
KOMITO3UTTEPIiH TepMorpaBuMeTprsuibiK Tanuay (TGA) nepexrepiHe KOJNJaHBUIFAH T'PAJUCHTTI OyCTHHI ajro-
PUTMIICpiHEe MAaTEMAaTHUKAIIBIK KOHE SMIHPUKANIBIK TalIay YChIHbUFaH. [ paaueHTTi OycTHHT anroputMi TGA-HBIH
CaHJIBIK MBICAJTBI HETi3iHIe Ke3eH-Ke3eHiMeH kepcetinreH. OnmaH keifin XGBoost sxone CatBoost anropurmuepi
(dhopmanael Typae TanmaHabl. PeneH3usnanraH onedueTTtepneH anbiaFad 478 nepek OoifbHIIA 5 peT KalTataHFaH
5-Karmapibl Kpocc-Banuaanus omiciMer 12 amroputM canbIcThipbliabl. Extra Trees sxone CatBoost eH skoFapbl
HOTHOKEJIEpre CTaTUCTUKAIIBIK TYPFbIIaH TeH AeHrei e xeTTi (oprama R? = 0.7430 £ 0.0879 xone 0.7313 £ 0.0793
coiikecinmie; Nadeau & Bengio corrected t=0.483, p=0.634), »xoHe oap OapIIbIK ChI3BIKTHIK 0a3aIIbIK MOICIBACP/ICH,
SVR sxane MLP anicTepineH xorapbl HoTHXe KopceTTi. [Ipakrukansik Konaany yiin CatBoost yChIHBUIA/IBI: OHBIH
peTTenreH OyCTHHTI IIAaFbIH Jepekrep >kubHmapbiHaa (n < 1000) Oefitapam rpaaneHT OaraitayblH KaMTamachl3
eTeMi, aJ TPaJMeHT aramIbIHBIH KypeUIbIMbIHA Heri3menreH SHAP tammayst TGA mexanm3MaepiMeH yimecimui
(hM3MKaIBIK TYPFRIJAH WHTEPIpETannsIaHaTeiH Oenri atpubynmsiapseit amansl. SHAP monmepi TGA-HBIH mIbIH
temneparypachl (T _max) MeH MaTpuIia Typi HETi3ri aHBIKTAYIIbI (PaKTOpIIap €KeHIH KOPCETTI. ¥ ChIHBUIFAH alJbIH
ana eHzey KyObIpwl, OHBIH imiHne phr-man wt%-ra Typrnenuipy, label encoding »oHe MequaHaNIBIK TOJNBIKTHIPY,
oprexti TGA anebu aepekrep >KUbIHIApH! YIIIH KalTa »KaHFbIPTHUIATBIH CTPATErHsHbI KAMTaMachl3 eTe/l.

Tyiiin ce3aep: rpagmentti Oyctuar, XGBoost, CatBoost, mommmepiik KOMIO3HUTTEp, MAIIHHAIBIK OKBITY,
TEPMOTIPaBUMETPHUSIIBIK Tallldy, PETTEIreH OyCTHHT, MaTEMAaTHKAJIBIK HET13/1ep, AITOPUTM TaHHay
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IMIIMPUYECKOE CPABHUTEJIBHOE UCCJIIEJOBAHUE 'PAAUEHTHOTI'O
BYCTHUHTI'A JJIAA HPOT'HO3UPOBAHUA TEPMHUYECKOI'O PA3JIO’KEHUS B
HOJIUMEPHBIX KOMIIO3UTAX C MUHEPAJIBHBIMHU HAITIOJIHUTEJIAMHA

AHHOTAIUA

B nanHOM HccieJOBaHUY NPE/ICTABIEH MaTeMaTHYeCKUI M SMIMPHYECKHUI aHAIN3 QJITOPUTMOB I'PaAUEHTHOTO
OycTHHTa, IPUMEHSIEMBIX K JaHHBIM TepMorpaBumMeTprdeckoro anannza (TI'A) koMmo3uToB Ha 0CHOBE BUHHID(HHUP-
HBIX ¥ STIOKCHAHBIX CMOJI C MHHEPAIbHBIMH HAITOJTHUTEISIMU. AJITOPUTM IPaJANEHTHOTO OyCTHHTA TOIIAroBo Mpe-
craBnieH Ha gncieHHoM mpumepe TTA. Jlanee ¢popmansHo mpoanamm3upoBans! anroputMbl XGBoost u CatBoost.
CpaBHeHne 12 aaropuTMOB BBITTOJTHEHO Ha OCHOBE 478 TaHHBIX U3 PELECH3UPYEMON TUTEPATyPHI C HCIOIH30BaHHEM
ISITHKPATHO TIOBTOPEHHOM S5-010o4HO# kpocc-Bamuaaunu. Meroasl Extra Trees u CatBoost nmoka3zanu craructuye-
CKU HKBUBAJICHTHbIE HaWTy4dlne pesynsTarsl (cpeanee R* = 0.7430 £ 0.0879 u 0.7313 + 0.0793 coOTBETCTBEHHO;
Nadeau & Bengio corrected t = 0.483, p = 0.634), npeB3oiing Bce nuHeitHbIe 6a3oBbie Monenu, SVR n MLP. [lns
MPaKTHYIECKOTO MpUMEHeHHs1 pekoMenyetcs CatBoost: ero ynopsaoueHHsIi OyCTHHT 0OecreunBacT HeCMEIICH-
HBIE OIIEHKU TPAJIMEHTOB Ha MajbiX BeIOOpKax (n < 1000), a SHAP-anamm3 cTpyKTypbl TpaJieHTHBIX 1€PEBHEB
BBISBIISICT (DPM3MYECKH MHTEPIPETUPYEMbIE aTpUOYIIUK IPU3HAKOB, COINIACYIONIMECs C M3BECTHBIMU MEXaHU3MaMHU
TT'A. 3nauenust SHAP noxka3zanu, yto nuxosas Temneparypa TGA (T _max) u TUI MaTpUIlb! SBISIOTCS OCHOBHBIMU
ornpezaessomumu pakropamu. [IpeioskeHHbII naiiniaiiH npeaBapuTelIbHOI 00padOTKH, BKIIOYAIOIINii mpeoldpa-
3oBanue phr B wt%, label encoding 1 MeanaHHy10 UMITyTaIMIO, 00CCIICYMBACT BOCIIPOM3BOANMYIO CTPATETHIO JUISI
pa3HOpoAHBIX TUTepaTypHBIX TGA-TaHHBIX.

KunioueBble cjioBa: rpagueHTHbI Oyctunr, XGBoost, CatBoost, momTuMepHbIe KOMITO3UTHI, MAIIIMHHOE 00Y-
YeHHe, TEPMOTPaBUMETPHUECKHI aHaIN3, YIOPSIOUSHHBIA OyCTHHT, MAaTeMaTH4eCKUEe OCHOBBI, BEIOODP alropUTMa.
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