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ABSTRACT

The availability of temperature-dependent physicochemical property data forms the cornerstone
of process simulation, optimization, and sustainable molecular and product design. However, a
critical data gap persists, as experimental measurements are accessible for only a small subset of
known chemicals. This renders experimental characterization resource-prohibitive, often compel-
ling reliance on empirical estimation methods. Moreover, although many models offer single-point
predictions at fixed temperatures, accurately modeling continuous temperature-dependent be-
havior remains challenging. Conventional methods frequently overlook intermediate variations, re-
sulting in limited extrapolation capability. To overcome these limitations, we introduce a mecha-
nism-guided hybrid modeling framework that integrates physical insights into data-driven models.
This framework is built on two strategies. Strategy | targets trend correction by generating a con-
tinuous representation from discrete single-point predictions, incorporating descriptors and

slopes. Strategy II addresses bias removal by anchoring a baseline to a high-accuracy point es-

timate and fitting the remaining deviations. The framework's effectiveness is evidenced by evalu-
ations across ten thermophysical properties: Strategy | achieves MSE reductions of 19.23% and
20.33% for the quantitative structure-property relationship and group contribution methods, re-
spectively. Strategy Il provides a more substantial improvement, attaining an 81.63% MSE reduc-
tion for the gradient boosting decision tree regression model. This work demonstrates that incor-
porating trend and slope constraints facilitates physically consistent, bias-corrected, and accurate
predictions, offering a scalable approach to bridge the data gap and accelerate computer-aided
engineering and design.

INTRODUCTION

Keywords: Temperature-dependent property prediction, Hybrid modeling, Mechanistic constraints, Machine
learning, Slope-based correction, Bias correction

represent the most viable and practical means to esti-

mate the required properties in the initial design phase.

The characteristics of organic compounds, espe-
cially the physical properties related to energy and phase
behavior, are of great significance in the field of process
engineering and serve as the foundation for process de-
sign and optimization. However, due to the scarcity of
experimental data and the high cost of conducting exper-
imental measurements, property prediction models thus

https://doi.org/10.69997/sct.112476

Benefiting from the relative abundance of standard-
ized data points, single-point prediction models (such as
boiling point and critical temperature) have seen signifi-
cant development. In stark contrast, the development of
models for temperature-dependent properties remains a
notably under-explored area. This research gap is not
only due to the scarcity of comprehensive experimental
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data but, more fundamentally, to the significant increase
in modeling complexity. Predicting a single value, by
comparison, constitutes a fundamentally simpler task
than learning a continuous temperature-dependent func-
tion. The latter demands models that can simultaneously
capture the interplay of molecular structure and thermal
dynamics, adhere to underlying physical laws, and main-
tain generalizability across both chemical space and con-
tinuous temperature domains. This pronounced complex-
ity, coupled with the scarcity of comprehensive data, has
therefore intensified the need for accurate and efficient
models capable of estimating thermophysical properties
for compounds lacking experimental measurements.

The most classic predictive models include: group
contribution (GC) models[1], quantitative structure-prop-
erty relationship (QSPR) models[2], and machine learning
(ML)models[3]. In the prediction of temperature-depend-
ent properties, GC models are often used to regress the
coefficients of thermodynamic approximation or correla-
tion functions. This workflow and its essentials are well
captured by early foundational work [4]. Early tempera-
ture-dependent predictive models include:

(1)Heat capacity polynomial

C, = [X(a) — 37.93] + [L(b) + 0.210]T + [%(c) —
3.91 x 1074]T? + [X(d) + 2.06 x 1077]T3 (1)

(2)Liquid-viscosity (Andrade-type) relation
N = mw X exp{w + Y () — 11.202} (2)

For models without explicit functional forms, a
standard approach to predicting temperature-dependent
properties is to treat temperature as an additional input
feature, concatenated with molecular descriptors or
structural information. This approach is widely used in
various modeling contexts. For instance, in QSPR model-
ing, Sosnowska et al. [5] integrated QSPR-predicted en-
thalpy of vaporization into the Clausius-Clapeyron equa-
tion to characterize the temperature-dependent vapor
pressure of persistent organic pollutants. This
data-driven strategy has enabled predictions even under
extreme conditions, as demonstrated by Yin et al. [6],
who predicted gas heat capacity across an exceptionally
wide temperature range. Similarly, tree-based ensemble
methods such as gradient boosting regression trees and
light gradient boosting machine have been employed to
predict liquid heat capacity [7] and solubility [8] across
varying temperatures by treating temperature as an input
variable.

These models share a fundamental limitation in han-
dling temperature-dependent properties: the prevalent
methodology essentially treats data points from the same
compound at different temperatures merely as an ex-
panded dataset, processing each (temperature, prop-
erty) pair as an independent sample. This approach in-
herently disregards the intrinsic physical continuity of the
Zhang et al. / LAPSE:2026.0316

temperature-property curve. Consequently, conven-
tional models trained on such discrete (structure, tem-
perature) pairs fail to learn the underlying continuous
functional relationship, resulting in physically incon-
sistent predictions that often exhibit incorrect curve
shapes and poor extrapolation beyond the training tem-
perature domain.

The above theoretical limitations are clearly re-
flected in practical predictions. As shown in Figure 1, the
GC model, constrained by its fixed functional form, fails
to accurately capture experimental trends: Figure 1A
demonstrates its constant-trend prediction for heat ca-
pacity that deviates from the experimental data, while
Figure 1B and 1C show increasingly amplified errors as
the temperature range extends. Figure 1D further illus-
trates its overall failure to follow the actual property
trend.

In contrast, while QSPR models offer greater flexi-
bility, they introduce a different challenge due to their
purely data-driven nature. As shown in Figure 2, all four
subfigures (A-D) display abrupt, physically unsupported
changes in predictions. Notably, Figures 2B and 2C ex-
hibit nearly non-monotonic segments that contradict fun-
damental thermodynamic principles.

2. PROPOSED HYBRID MODELING
FRAMEWORK

2.1 Strategy | - Trend-Guided modeling

Table 1: Linearity assessment of ten temperature de-
pendent thermophysical properties. Data were obtained
from the pure component analysis module of Aspen Plus.
For each property, the R? value is averaged across all
substances, where each substance's R? is calculated
from the linear regression of property values over tem-
perature points.

Property (abbreviation) Mean R?> Count Of
R?<0.95

Heat capacity(C,) 0.9768 27*

Heat of vaporization(4Hvap) 0.9843 8

Internal energy(U) 0.9932 0

Liquid density(p;) 0.9904 0

Pure component enthalpy(H) 0.9948 0

Pure component exergy(Ex) 0.9909 0

Gibbs free energy(G) 0.9964 0

Isentropic exponent(y) 0.9927 0

Vapor pressure(F,q) 0.9942 0

Volume(V) 0.9731 4

*17 substances with R?* between 0.9 and 0.95, 6
substances with R?* between 0.8 and 0.9, and 4

Syst Control Trans 5:910-918 (2026) 91



substances with R? below 0.8.

As demonstrated in the table above, fitting a linear
trend to the experimental data for ten temperature-de-
pendent properties reveals a strong linear relationship in
all cases, with an average coefficient of determination
(R?) exceeding 0.97. (Note that vapor pressure data was
log-transformed prior to fitting.) Consequently, high-ac-
curacy predictions at two physically meaningful temper-
ature points, such as the critical temperature (T,) and the
normal boiling point (T;), are employed to estimate the
property's temperature-dependent tendency.
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Figure 1. Prediction Performance of the GC Model for
Thermodynamic Properties.(A, B) Heat capacity[9].
(C)Vapor pressure[10].(D)Heat of vaporization[9]. Model
details are available in the Supplementary Information.

Zhang et al. / LAPSE:2026.0316

( A ) ® Experimental data (cyclononane)
400 —— OSPR model °
2 350
=
£
=
= 300}
S
]
=
[&]
4+ 250
=
7]
E
200
-
300 350 400 450 500 550
(B) Temperature (K)
® Experimental data (1-Stearoyl-2-linoleoyl-sn-glycerol)
—— QSPR model
800000 |-
=
=
@
£ eso0000 |
@
a
=g
o
S 400000}
<
>
200000 |-
840 860 880 200 920
Temperature (K)
® Experimental data (methyl dodecancate)
—— QSPR model
360
— 3401 L
S
£
=
2"‘ 320
£
=
= 300
1S
=
£ 280}
260
240k
300 350 400 450 500 550
Temperature (K)
(D) 1ee
—0.7| ® Experimental data (2.3-dihydroxypropyl octadecanoate)
—— QSPR model
.
__ —o.8}
S
£
= —o.9f
=3
7]
=
i)
— —1l.0f
=
2
=
- —-1.af
—1.2}

400 500 600 700 800
Temperature (K)

Figure 2. Prediction Performance of the QSPR Model for
Thermodynamic Properties.(A) Heat capacity.(B)Vapor
pressure.(C) Volume. (D) Internal Energy. Molecular
descriptors derived from 2D structures downloaded from
PubChem were used as input features. After data
cleaning, appropriate descriptors were selected, and a
random forest regression model was employed. Model
details are available in the Supplementary Information.

2.1.1 Application of strategy | for explicit models

As presented in Figure 3, the modeling of tempera-
ture dependence for explicit models is accomplished
through the following two-step framework:

Step 1: Construct four foundational models from
molecular structure: two for predicting the reference
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temperatures T; and T,, and two for estimating the corre-
sponding properties y,; and y,, at these points. The slope
between these reference points is then derived as fol-
lows:

tendency = 2201 (3)
Y =T

@ @
Use two specific
temperature
points to obtain
property values
and derive the
temperature
trend

Integrate the
obtained trend
information into
the baseline
temperature
prediction
model

original model: fo(Ny., T, MW, ......)
Explicit models
WSz T ¥

Property = fo(Wi T, MW, ..) + 8 + 2o

T

(T2:r2) tendency= 2222t
o1y

(T yr1)

A Yr2 = Yr
Property = f, (NK,T,MW, 'Ti — Tl',... . )

Implicit models
Ty, T2, Vr1, V2 are four single point models

Figure 3. Flowchart of the Trend-Guided Hybrid
Modeling Framework. Step 1: Construct models to predict
two reference temperature points and their
corresponding target properties, then use these four
models to derive the predicted slope. Step 2: For existing
models with an explicit expression, incorporate this slope
as an additional temperature interaction term. For models
without an explicit expression, use the slope as an
additional input feature.

Step 2: Incorporate this slope into a baseline explicit
model by introducing a temperature correction term. The
augmented model takes the form:

9= folNp, T,MW, ... ... )4 8w X T (4)
T-Ty

Here, fo(Ny, T,MW, ... ... )denotes the original mech-
anistic or empirical model. Its temperature-inclined cor-
rection is introduced via a term weighted by a coefficient
§ and scaled by the temperature T. This design allows the
model to adaptively capture temperature-driven behav-
ior.

2.1.2 Application of strategy | for ML models

The temperature-dependent modeling for ML mod-
els follows a two-step procedure:

Step 1: Construct four foundational models from
molecular structure: two for predicting the reference
temperatures T; and T5, and two for estimating the corre-
sponding properties y,; and y,, at these points. The slope
between these reference points is then derived as fol-
lows:

Yr2—=Yr1
tendency = o (5)

Step 2: Incorporate the temperature tendency by
adding the slope as a new input feature to the original
data-driven model. This allows the model to learn tem-
perature-dependent relationships directly, while its ar-
chitecture remains unmodified. The resulting enhanced
Zhang et al. / LAPSE:2026.0316

model formulation is:

A Yr2a=¥n
y= fo(Nk, T,MW, ... ... ,—TZ_TI) (6)
Here, fo(Ny, T,MW, ... ... )represents the original im-
plicit model that learns structure-property relationships
directly from data.

2.1.3 Physical significance

The physical significance of Strategy | stems from
its fundamental departure from discrete-point prediction.
By introducing a "temperature tendency" derived directly
from experimental data points, the method incorporates
prior physical intuition about continuous, smooth prop-
erty evolution. This data-driven yet physics-aware ap-
proach not only improves robustness against experi-
mental noise but also ensures more reliable extrapolation
and interpolation. Crucially, it bridges the gap between
discrete experimental observations and continuous the-
oretical physical models.

2.2 Strategy Il -Bias-Corrected hybrid
modeling

The conceptual foundation of Strategy Il originates
from a critical observation regarding purely data-driven
machine learning methods. While these algorithms excel
at identifying complex patterns, we propose that a more
effective approach is to first establish a predictive base-
line model, rather than feeding all data directly into a
black-box model. This baseline, which uses linear regres-
sion with group features as inputs, captures the funda-
mental trend; subsequently, a GBDT model is applied
specifically to learn the deviations between the baseline
predictions and the actual measured values. This two-
step process is illustrated in the flowchart of Figure 4.

2.2.1 Baseline model construction

Supported by the linearity assessment of ten tem-
perature-dependent thermophysical properties (Table 1),
a linear model is adopted as the baseline. Two preliminary
models are first built to predict a reference temperature,
T, and the corresponding property value at that temper-
ature, y,;, directly from molecular structure. This refer-
ence prediction, y,;, serves as the intercept of the linear
baseline model. The slope of the baseline is then deter-
mined using group contribution methods, giving the fol-
lowing expression for the baseline prediction y:

9= n + Y AcNk(T — T) (7)

Here, y,, is the reference prediction for the property
at temperature T;, Ax denotes the group contribution co-
efficients, Ny represents the counts of molecular groups,
and T — T, is the temperature deviation from the refer-
ence point.

2.2.2 Bias learning and compensation
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Although the baseline model is physically reasona-
ble, it cannot fully capture all complex, nonlinear relation-
ships. To address this limitation, the deviation between
the baseline prediction and the actual experimental value
is calculated as b=y — . A machine learning model is
subsequently employed to predict this systematic bias:

b= fi(Ny, T,MW ... ... ) (8)

This model, f;, learns the residual errors of the base-
line using a set of features including molecular de-
scriptors, temperature, and molecular weight. The final,
refined prediction is obtained by compensating the base-
line output with the predicted bias:

y=9+b ©)

This step combines the robustness of the physical
baseline with the flexibility of machine learning, enabling
the hybrid model to capture nonlinear deviations that the
baseline alone cannot represent.

O] ®

Use a single Calculate the
specific baseline
ltemperature point’s| prediction bias
property value as a and perform
reference to corrections,
generate the refining the final
prediction results.

baseline model.

Ty, Yr1 are two single point models

,—"’ bias=y —J ) e
L — | Bias prediction models
(T1. 1)

F=yat Y ANl =T2)

Bias of Properties at Each Temperature

Figure 4. Flowchart of the Bias-Corrected Hybrid
Modeling Framework. Step 1: Construct a prediction
model for a reference temperature point and its
corresponding target property to serve as an anchor
point. Then, using the group contribution method,
regress a straight line through this anchor point, where
the method determines the slope. This line is taken as the
predictive prior model for the property. Step 2: Calculate
the deviation between the predictions of this prior model
and the actual observed values. By predicting this
deviation, apply a feedback compensation to the baseline
model.

2.2.3 Physical significance

This hybrid methodology offers distinct advantages
over purely black-box machine learning. Its primary
strength lies in enforcing physically realistic predictions
by anchoring them to a group-contribution baseline that
adheres to thermodynamic principles. This constraint
mitigates the generation of unrealistic outcomes—a com-
mon issue in purely data-driven models, particularly dur-
ing extrapolation beyond the training domain. The

Zhang et al. / LAPSE:2026.0316

framework also enhances interpretability: the baseline
provides a physically meaningful starting point, while the
machine learning component is dedicated to modeling
only the residual deviations from this baseline. This sep-
aration allows researchers to distinguish between the
fundamental physical relationships embedded in the
baseline and the more complex, data-driven patterns
captured by the machine learning model. Furthermore, by
decomposing the problem into these two complementary
tasks, the approach achieves greater data efficiency and
robustness, as the machine learning model is tasked spe-
cifically with correcting the baseline's limitations rather
than learning the entire underlying relationship from
scratch.

3. RESULTS AND DISCUSSION

3.1 Data and evaluation framework

Table 2: Summary of experimental data points for the ten
evaluated temperature-dependent properties, For each
substance, data was collected at 10 different tempera-
ture points. Experimental data were obtained from Aspen
Plus.

Property Symbol Datapoints
G J/mol - k 2070
AHvap J/mol 2040
U J/mol 2070
PrL g/ml 2070
H J/mol 2070
Ex J/mol 2050
J/mol 2050
y 1 2070
Byap Pa 2090
174 cm?/mol 2080

To evaluate the proposed enhancement strategies,
we conducted a systematic performance comparison
across several modeling frameworks. In this notation, the
suffix “_SI” indicates the application of Strategy I, and
“_SII” indicates Strategy II. Using this labeling scheme,
we compared the following model variants: GC vs. GC_S],
GBDT vs. GBDT_SII, and QSPR vs. QSPR_ SI. All model
variants are clearly identified with these labels in the sub-
sequent results and discussion sections.

Table 2 summarizes the experimental data points for
the ten evaluated temperature-dependent properties.
For each substance, data were collected at ten distinct
temperature points to comprehensively capture the
property’s behavior across a temperature range. These
experimental data, serving as the foundation for all eval-
uations, were sourced from Aspen Plus—a widely used
process simulation tool known for providing reliable ther-
mophysical property data for diverse compounds.
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Table 3. Overall predictive performance of original and enhanced models for ten thermophysical properties. Orig-
inal models are labeled as GC, GBDT, and QSPR; models enhanced by Strategy | and Strategy Il are denoted by
the suffixes “_SI” and “_SII”, respectively. For specific models and raw data, please refer to the digital

supplementary material.

Properties GC GC_sI GBDT GBDT_SII  QSPR QSPR_SI
c, R2 09918 0.9971 0.9994
MSE  16.08 5.60 1.19
Py R2  0.9033 0.8476 0.9886
MSE  63.04 99.36 7.41
AHvap R2  0.9260 0.9713 0.9929
MSE  64.55 24.98 6.15
v R? 0.9931 0.9991
MSE 331.45 41.83
U R? 0.9965 0.9991
MSE 50.58 12.59
H R? 0.9965 0.9991
MSE 49.85 13.17
Ex R? 0.9728 0.9992
MSE 119.77 3.59
y R? 0.9600 0.9931
MSE 354.26 61.24
oL R? 0.9636 0.9932
MSE 67.49 12.53
G R? 0.9843 0.9957
MSE 50.27 13.80

3.2 Comparative performance analysis

Model performance was quantitatively assessed us-
ing the R? to evaluate the overall goodness of fit and the
MSE to measure the magnitude of absolute error.

The overall performance of the models in predicting
the ten target properties is summarized in Table 3. Note
that results from the GC-based model are only reported
for heat capacity, vapor pressure, and heat of vaporiza-
tion; for the remaining properties, no established GC
models were available, and those entries are left blank.

Table 4: MSE improvement results using Strategy | and
Strategy II: Percentage improvement in MSE relative to
the original model for each property. Blank entries indi-
cate cases where the corresponding strategy-model
combination was not applicable. Original models are de-
noted as GC, gradient boosting decision tree regression
(GBDT), and QSPR; models enhanced with Strategy | and
Strategy Il are labeled with the suffixes “_SI” and “_SII”,
respectively.

Based on the results in Table 3, a consistent improve- Properties  GC_SI GBDT_SII QSPR_SI
. . . C 7.40% 34.64% 4.20%
ment is observed across all original models after incorpo- P v 16.59% 94.37% 13.23%
rating the proposed strategies, evidenced by increased AI;Zlcjzp 37.01% 79.42% 44.72%
R? values and reduced MSE. This dual improvement re- v 77.77% 9.68%
flects both a better overall fit and a systematic reduction U 87.42% 8.58%
in prediction errors, thereby statistically validating the ef- H 87.60% 16.48%
fectiveness of Strategy | and Strategy II. Ex 95.07% 1.67%
y 88.89% 34.55%
oL 88.15% 26.34%
G 83.99% 32.83%
Mean 20.33% 81.63% 19.23%
Zhang et al. / LAPSE:2026.0316 Syst Control Trans 5:910-918 (2026) 915



To further quantify the improvement, we compared
the percentage reduction in MSE before and after apply-
ing the proposed strategies. As shown in Table 4, the
strategies yield substantial and broadly consistent error
reduction across most models. With Strategy I, the aver-
age MSE decreased by 19.23% for QSPR-based models
and by 20.33% for GC models. For GBDT models, Strat-
egyll delivered the most pronounced improvement,
achieving an 81.63% reduction in MSE. These results un-
derscore the efficacy of the Bias-Corrected Hybrid Mod-
eling Framework for complex data-driven modeling
tasks.

3.3 Model interpretation and physical insights

Figure 5 compares the original and enhanced mod-
els across three temperature-dependent properties. In
Figure 5A, the GC model—originally constrained by a
fixed linear form—exhibits markedly improved alignment
with the experimental trend after incorporating Strat-
egy |, yielding more flexible predictions that reduce devi-
ations at both ends of the temperature range. Figure 5B
shows that for the QSPR model, Strategy I preserves its
inherent capacity to capture nonlinearity while imposing
a physically guided constraint that suppresses unphysi-
cal, abrupt variations. The remaining panels consistently
illustrate the advantages gained by integrating the pro-
posed physics-informed features, further confirming the
general effectiveness of the enhancement strategies.

The comparative results highlight a consistent ad-
vantage of incorporating physical knowledge into data-
driven models. While purely statistical approaches learn
patterns directly from the data, they lack awareness of
the underlying thermodynamic structure governing tem-
perature-dependent properties. The proposed strategies
address this gap by embedding mechanistic priors into
the learning process, enabling the hybrid framework to
recover physically meaningful trends that conventional
models often fail to capture. As illustrated by the predic-
tions, many original models struggle to reproduce the ex-
perimental temperature variation because they are
trained across multiple compounds using a global loss
function that produces parameter sets representing sta-
tistical compromises. This leads to persistent prediction
gaps for specific compounds—systematic biases that
cannot be eliminated without incorporating physical
mechanisms.

The physics-informed strategies introduced in this
work effectively resolve these issues by embedding fun-
damental temperature-dependent behavior into the pre-
dictive process. In particular, Strategy | incorporates a
physically interpretable slope term extracted from high-
accuracy reference points such as T, and T,. This slope
simultaneously acts as a physics-informed feature—en-
coding the direction and magnitude of temperature ef-
fects—and as a molecularly grounded descriptor, since it

Zhang et al. / LAPSE:2026.0316

reflects influences such as intermolecular forces, molec-
ular weight, functional group contributions, and polariza-
bility. By doing so, Strategy | transforms the learning task
from predicting an unconstrained surface in (structure, T)
-> property space to predicting deviations around a phys-
ically anchored linearized manifold, analogous to embed-
ding a first-order thermodynamic Taylor expansion as a
prior.

(A) [ = Srermenm ame @eomane
1000} —— GC model S
——- GC_SI model g
=
S 9o00f
E
>
=
8 sool
=
o
B
5]
T  7oof
600k, s
300 350 200 450 500 550 600 650
Temperature (K)
200000~ @ Experimental data (methyl decanoa te)
QSPR model
——- QSPR_SI model
__ 100000
=
E
= or
2
5]
=
il
@ —100000|
]
o
w
A
= —200000 |
)
—300000(
300 400 500 600 70
(C) Temperature (K)
—500000| @ Experimental data (methyl icosanoa te)
—— GBDT model hd
——- GBDT_SIl model z
— —600000|
=]
£
>
=
=4
$ —700000}
2
i}
=]
1=
=
£ —800000[
—900000 ~
-
300 200 500 600 700
Temperature (K)
(D) 1ce

—0.7} ® Experimental data (2.3-dihydroxypropyl octadecanoate)
—— QSPR model
——- QSPR_SI model .®

—0.8(

—0.9

—1.0}

Internal Energy (J/mol)

—1.1}f

—1.2}

400 500 600 700 800
Temperature (K)

Figure 5. (A) GC vs. GC_SI for heat capacity. (B) QSPR vs.
QSPR_SI for internal energy. (C) GBDT vs. GBDT_SII for
internal energy. (D) QSPR vs. QSPR_SI for Gibbs free
energy. (The suffix “_SI” denotes enhancement by
Strategy [, “_SII” by Strategy II). For specific models and
raw data, please refer to the digital supplementary
material.

Similarly, Strategy Il leverages a baseline GC model
that encodes known physical relationships between
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molecular groups and temperature tendencies. Although
the baseline is approximate, it captures the dominant
trend with clear physical interpretability, while the ma-
chine-learning component predicts only the deviation
from this baseline. This decomposition substantially re-
duces the learning difficulty: the ML model focuses solely
on complex residual patterns rather than the entire ther-
modynamic mapping. The baseline also prevents thermo-
dynamic inconsistencies, such as incorrect concavity or
unphysical changes in slope. As a result, the overall error
decreases because ML is used to refine the nonlinear re-
sidual structure rather than reconstruct the entire tem-
perature dependence from scratch. This approach
closely mirrors the “A-learning” philosophy used in quan-
tum chemistry machine learning, and our framework
adopts the same logic for temperature-dependent ther-
mophysical properties.

4 CONCLUSIONS

This paper presents a predictive framework for tem-
perature-dependent properties that advances existing
methodologies by addressing a fundamental limitation:
the prevalent treatment of experimental data as discrete
points rather than as manifestations of an underlying
continuous function. By incorporating physically mean-
ingful temperature trends and systematically correcting
biases within data-driven workflows, the framework ena-
bles models to learn complete temperature-dependent
functional relationships. Beyond predictive accuracy, it
ensures thermodynamic consistency, enhances inter-
pretability, and improves extrapolation reliability—attrib-
utes that are critical for process simulation, optimization,
and computer-aided molecular design.

DIGITAL SUPPLEMENTARY MATERIAL

The complete source code, datasets, and imple-
mentation details for all models presented in this study
have been made openly available. The repository con-
tains the input features for all 10 properties across 200+
compounds, the code for all comparison models. The
TRGPACK  repository can be accessed at:
https://github.com/SZ-ZJU/TRGPACK.
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