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Abstract

The application of Machine Learning (ML)-based techniques was explored to create a fully predictive framework for estimating the thermal conductivity of multi-component mixtures containing hydrocarbons and oxygenated compounds. The study followed these steps: (i) three datasets were constructed using experimental thermal conductivity data for both pure compounds and binary mixtures available in the literature, (ii) symbolic regression was then applied to generate mixing rules considering five independent data manipulation strategies, (iii) new Quantitative Structure-Property Relationship (QSPR) models were developed and benchmarked against work previously published in the literature, and then (iv) QSPR models were used to power mixing rules generated with symbolic regression to predict thermal conductivity values of binary mixtures. A mixing rule was then designed to propose a potential extension to multi-component – two or more components – mixtures. Validation of the latter mixing rule powered with QSPR predictions was performed considering a set of ternary and quaternary mixtures. Finally, the approach was applied to predict the thermal conductivity of four jet fuel samples at different temperatures and atmospheric pressures, resulting in a mean absolute error of 2.9%. Performed comparative analysis confirmed that the developed methodology is effective across a wide range of liquid hydrocarbon and oxygenated mixtures.
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1 Introduction
The reduction of Greenhouse Gases (GHG), more specifically carbon dioxide emissions, has attracted many research in recent decades. The development of energy sources derived from biomass as a replacement for fossil resources is considered a promising alternative. In the context of aviation transport, the development and use of Sustainable Aviation Fuels (SAFs) is one of the pathways seriously envisaged for reducing CO2 emissions. Before introducing a new SAF as a commercial product, either in blend with a fossil fuel or as an aviation fuel in its own, one must ensure that the final product meets the current fuel specifications [1]. In aircraft thermal management systems, the fuel itself acts as an internal heat sink, and it is therefore important to anticipate the impact of SAF’s composition on its thermal properties when designing these fuels, making the thermal conductivity (λ) one of the key properties for jet fuels [2, 3].
The prediction of fuels’ properties using Machine Learning (ML) based approaches has early attracted our attention to derive Quantitative Structure-Property Relationship (QSPR), for instance, to estimate the flash point or cetane number [4, 5]. Recently published reviews addressed the prediction of jet fuel properties including the application of ML-based models [6, 7]. Bohem et al. highlighted the scarcity of data when focusing on λ, and the considered mixing rules were taken from works published in the eighties [6]. Numerous methods have been established to predict the thermal conductivity for pure compounds, and Dehlouz et al. reviewed some existing approaches including the use of Equations of State (EoS) and empirical correlations [8]. Hopp et al. proposed a group-contribution method for the thermal conductivity of pure organic substances based on entropy scaling and an EoS [9]. Comparably, Khosharay et al. developed a thermal conductivity model based on a modified Peng Robinson EoS that can be applied to liquid, vapor, and supercritical regions for conventional refrigerants [10]. Alternatively, QSPR models represent another powerful approach that explicitly connects molecular structure and fluid properties. Our group recently focused on the development of QSPR for the prediction of thermal conductivity for hydrocarbons and oxygenates [3].
The prediction of λ values for mixtures presents additional challenges due to complex interactions occurring between different molecular species. Some empirical mixing rules have been developed and employed to estimate the thermal conductivity of mixtures based on individual λ components and mixture compositions. Several well-known mixing rule equations have been proposed throughout the literature [11], including, for instance, one developed by Filippov and Novoselova [12]:[image: Mathematical equation: $$ {\lambda}_{\textrm{mix}}={x}_1{\lambda}_1+{x}_2{\lambda}_2-\alpha \mid {\lambda}_1-{\lambda}_2\mid {x}_1{x}_2, $$](1)with [image: Mathematical equation: $$ \alpha $$] = 0.72, Filippov later reported that for mixtures of chemicals [image: Mathematical equation: $$ \alpha $$] ranges from 0.5 to 1.0 and for aqueous solutions from 0.3 to 0.7 [12]. Also reported in reference [11], the mixing rule as proposed by Jamieson and Irving [14]:[image: Mathematical equation: $$ {\lambda}_{\textrm{mix}}={x}_1{\lambda}_1+{x}_2{\lambda}_2-\left({\lambda}_1-{\lambda}_2\right)\left(1-\sqrt{x_1}\right){x}_1, $$](2)with [image: Mathematical equation: $$ {\lambda}_1 $$] > [image: Mathematical equation: $$ {\lambda}_2 $$], or the mixing rule developed by McLaughlin [15]:[image: Mathematical equation: $$ {\lambda}_{\textrm{mix}}={x}_1^2{\lambda}_1+{x}_2^2{\lambda}_2+2{\lambda}_{12}{x}_1{x}_2, $$](3)where λ12 is a cross-term coefficient fitted for binary mixture sets under specific constant temperatures. Much more complex equations have been proposed, including various thermophysical properties, for instance, critical properties [16]. In equations (1)–(3), xi and λi denote the composition and thermal conductivity of the mixture component [image: Mathematical equation: $$ i $$], respectively. These equations vary in their theoretical foundations, mathematical complexity, and range of applicability. Most of these mixing rules combine the thermal conductivities of pure components with composition-dependent weighting factors and incorporate additional parameters to account for nonideal mixing behavior.
ML-based techniques now find applications in almost every scientific field, either as predictive methods or as a way to help researchers identify new theories [17]. Genetic Programming (GP) [18], and more recently, Symbolic Regression (SR) represent powerful methods that allow building mathematical models from a dataset without prior assumptions about the form of those models [19, 20]. However, the application of SR to infer symbolic mixing rule expressions from experimental datasets remains, to the best of our knowledge, unexplored [21].
In this work, a two-step ML-based procedure is applied to propose a fully predictive approach for estimating the thermal conductivity for multi-component mixtures. First, SR is used to search for new mixing rule expressions for binary mixtures, then, mixing rules are powered with ML-based model predictions, and a mixing rule expression is proposed for multi-component mixtures. The article is organized as follows: after presenting the data collection and methods applied to develop new ML-based models, the relevance and predictive accuracy of models are discussed by performing comparisons with existing approaches. The article ends with some concluding remarks and perspectives.
2 Materials and methods
2.1 Reference data
The application of ML-based techniques to chemical databases allows identifying non-obvious correlations between property values and molecular features, and has become popular to develop models for the prediction of various physicochemical properties [22]. In such works, the collection of reference experimental data, both in quantity as well as in quality, represents one of the keystones for the success in deriving accurate QSPR models. The experimental thermal conductivity values used as support for the ML modeling were collected from various databases such as the CHEMEO [23], KDB [24], NIST [25], DETHERM [26], and DIPPR [27]. The emphasis was placed on mixtures involving hydrocarbons and oxygenated compounds, at atmospheric pressure and for various temperatures. The range of temperatures covers an interval from 200 K to 600 K. A merger of the collected data has been carried out, resulting, after removing duplicates, in a collection (database labeled DB) of 3053 λ values for 181 binary mixtures at different temperatures. Thus, a total of 32 hydrocarbons and 48 oxygenates are represented in our DB database (Tab. 1).
Table 1 
Contents of the database and its data subsets.

A subset of the database (labeled SDB1) was defined, containing binary mixtures for which, at each considered temperature, the λ value of the individual mixture components is known experimentally. SDB1 includes 1453 λ values for 118 binary mixtures at different temperatures, involving 20 hydrocarbons and 31 oxygenates (Tab. 1). The temperatures covered in SDB1 range roughly from 250 K to 350 K. Figure 1 shows the distributions of chemical families in DB and its subset SDB1, with hydrocarbons and oxygenated compounds representing roughly 40% and 60% of the chemicals, respectively, both in DB and SDB1. Hydrocarbons are categorized in chemical subfamilies such as alkanes, alkenes, and aromatics. Alkanes are predominant both in DB (at a level of 61%) and SDB1 (at a level of 76%). Regarding oxygenated compounds, their population is quite similar within DB and SDB1, with in decreasing order of occurrence: alcohols, ethers, esters, ketones, aldehydes, carboxylic acids. The datasets also contain some multifunctional oxygenates, i.e., compounds containing at least two of the aforementioned functional groups. Each data point in SDB1 is characterized by the binary mixture’s thermal conductivity (λmix), temperature [image: Mathematical equation: $$ T $$], and six input features: the mass fractions of components 1 and 2 ([image: Mathematical equation: $$ {x}_1 $$] and [image: Mathematical equation: $$ {x}_2 $$], respectively), the thermal conductivity values of components 1 and 2 at [image: Mathematical equation: $$ T $$] ([image: Mathematical equation: $$ {\lambda}_1 $$] and [image: Mathematical equation: $$ {\lambda}_2 $$], respectively), and the reduced temperatures of components 1 and 2 ([image: Mathematical equation: $$ {T}_{r,1} $$] and [image: Mathematical equation: $$ {T}_{r,2} $$], respectively), where:[image: Mathematical equation: $$ {T}_{r,i}=\frac{T}{T_{c,i}} $$](4)with [image: Mathematical equation: $$ {T}_{c,i} $$] being the critical temperature of the compound [image: Mathematical equation: $$ i $$].
	[image: Thumbnail: Figure 1 Refer to the following caption and surrounding text.]	Figure 1 Distributions of hydrocarbons (black) and oxygenated compounds (dark grey) within the databases. Filled bars stand for samples in the DB database, and dashed bars stand for mixtures in the SDB1 dataset. The values above bars indicate the number of compounds in each chemical subfamily.



To investigate possible significant discrepancies in the chemical space coverage of DB and its subset SDB1, the t-distributed stochastic neighbor embedding (t-SNE) was applied to samples within these two datasets. The Gaussian Learned Histograms of Distances, Angles, and Dihedrals (GauL-HDAD) method was used to generate a vectorized encoding of each mixture [28]. For this purpose, three-dimensional geometries were obtained starting from the SMILES representations of molecular species converted to unoptimized structures, which were then relaxed using the Merck Molecular Force Field (MMFF94s), as implemented in the RDKit Python library [29, 30]. Afterwards, histograms of interatomic distances, bond angles, and dihedral angles of these optimized geometries were generated to finally create the Gaussian mixture models of mixtures’ components. Notably, each molecule is represented by a fixed-size feature vector whose length equals the total number of Gaussian fits across all histograms, i.e., 158 Gaussian fits across 33 Histograms of Distance, Angle, and Dihedral (HDAD). Finally, for each mixture, the fixed-size feature vectors of individuals were weighted according to the individual compositions, then summed up to define representations for the mixtures. Figure 2 shows the projections of binary mixtures within this chemical space formed by t-SNE1, t-SNE2 and t-SNE3. It demonstrates that with simple topological considerations, it is possible to discriminate binary mixtures. Also, Figure 2 indicates that SDB1 mixtures are generally well distributed within the chemical space defined by DB, suggesting that SDB1 is representative of DB.
	[image: Thumbnail: Figure 2 Refer to the following caption and surrounding text.]	Figure 2 Projections of mixture samples into the space formed by t-SNE1, t-SNE2, and t-SNE3. Blue and red symbols stand for mixtures in the DB database and in the SDB1 dataset, respectively. t-SNE1, t-SNE2 and t-SNE3 are unitless.



A third dataset (SDB2) was built, containing only λ values for pure hydrocarbons and oxygenated compounds for various temperatures. From the DIPPR database [27] only, compounds with more than four experimental λ values at different T were retained, resulting in a total of 1659 data points. To standardize the dataset and ensure uniform representation of compounds, a two-step preprocessing approach was applied as follows: For compounds with more than ten data points, a representative subset of ten points was selected; while for compounds with fewer than ten data points, additional values were generated via interpolation using a second-degree polynomial fit, while remaining in the liquid phase in accordance with literature-reported trends for the temperature dependence of thermal conductivity [3]. Following this procedure, the final SDB2 dataset consists of 1740 experimental and pseudo-experimental data points, with each compound represented by exactly ten data points, maintaining the dataset’s diversity and distribution. More specifically, it resulted in a collection of 66 hydrocarbons and 108 oxygenates (Tab. 1).
2.2 Molecular descriptors
Based on conclusions drawn in previous studies [3–5], Functional Group Count Descriptors (FGCD) derived from the chemical and structural formulae were considered. The FGCD category included counts of atoms and atomic groups identified as chemically relevant. Such a simple representation of compounds has been shown to provide relevant descriptors usable in QSPR modeling. A curated list of FGCD (encoded as SMARTS patterns) was employed to identify and count corresponding substructures within the SMILES representations of compounds in the datasets. The list was constructed in a hierarchical manner, beginning with the most common substructures (e.g., those as proposed by Moreno et al. [3]), followed by class-specific substructures, and finally supplemented with additional patterns to better capture features of compounds that the models struggled to predict accurately. This process was performed sequentially, with the impact of each descriptor on model performance evaluated at each step to decide whether it should be included or not in the final descriptor set. The temperature as well as the molecular weight of each compound were included as additional descriptors, [image: Mathematical equation: $$ X1 $$] and [image: Mathematical equation: $$ X40 $$], respectively. The complete list of descriptors used is presented in Table 2.
Table 2 
Complete list of descriptors used in the QSPR modeling.

2.3 Machine learning modeling
2.3.1 Mixing rule discovery
The SDB1 database was used as input for searching potential new mixing rule expressions. The GP techniques are interesting methods for performing such an analysis. The basic principle of GP involves randomly setting an initial population of equations and evolving them by applying GP operators mimicking the Darwinian evolution theory of biological species, e.g., selection, crossover, and mutation. During this evolutionary process, each equation is encoded with a tree-like architecture – combinations of variables, mathematical functions, and/or coefficients, as illustrated in Figure 3 – and GP operators act upon sub-tree elements. The population of equations iteratively evolves up to reaching one of the pre-defined criteria such as a best fitness value or the maximum number of iterations (generations). SR is a tool based on these principles, which allows finding suitable mathematical expressions to fit a problem. Among the many codes developed for SR, the PySR (Python Symbolic Regression) library, recently proposed by Cranmer [31], was selected in this work. PySR is highly flexible and allows users to configure various options of the SR process. While some SR settings were left at their default values, others were adjusted according to the problem. Table 3 summarizes investigated values for the population size, the number of iterations, the selected basic mathematical functions for unary and binary operators, and the maximum equation complexity assumed equal to the number of nodes in the tree (e.g., eight in Fig. 3). It is noteworthy that some of the produced trees/equations could be simplified to a lower complexity (e.g., six in Fig. 3). The default loss function (i.e., the mean squared error) was applied.
	[image: Thumbnail: Figure 3 Refer to the following caption and surrounding text.]	Figure 3 Illustration of the tree-like architecture representation. X stands for descriptors or variables.



Table 3 
Adjusted parameter settings for the modeling with PySR.

External validation was performed during the symbolic mixing rule search. The SDB1 dataset was randomly split into Training and Test sets, roughly respecting a ratio of 70:30 (data points). A mixture out strategy was employed [32], ensuring that no mixture present in the Training set appears in the Test set. To enhance the robustness and generalizability of mixing rule models generated by PySR, we adopted five independent data manipulation strategies during the training procedures, as follows:	First, labeled Basic, the Training set was directly utilized without any modifications, aiming to relate thermal conductivity values of data points with the characteristics of the mixture and its components ([image: Mathematical equation: $$ T $$], [image: Mathematical equation: $$ {x}_i $$], [image: Mathematical equation: $$ {\lambda}_i $$] and [image: Mathematical equation: $$ {T}_{r,i} $$]).

	Second, labeled Guided, feature predefinition was achieved by combining the input features (as listed in the previous item) into relevant combinations that reflect known relationships in the thermophysical literature, thus guiding the model toward more physically meaningful expressions.

	Third, labeled Shuffling, was introduced to promote symmetry in the resulting expressions with respect to the ordering of components in a binary mixture. We thus implemented random shuffling: the identities of compounds 1 and 2 (and their corresponding features) were randomly interchanged, and model fitting was resumed from the previous fitting state. This shuffling is applied several times during the PySR fitting process so that, by the end, all identities of binary mixture components have undergone transformation.

	Fourth, labeled Rearrangement, inspired by equation (2) and related empirical formulations, we introduced a data rearrangement rule where, for each mixture data point, the compound with the higher thermal conductivity value was consistently assigned as compound 1 (i.e., enforcing [image: Mathematical equation: $$ {\lambda}_1 $$] > [image: Mathematical equation: $$ {\lambda}_2 $$]).

	Lastly, labeled Augmentation, a data augmentation strategy was employed, where a copy of the Training set was generated with compound identities swapped (i.e., features for compounds 1 and 2 interchanged) and appended to the original Training set. This not only reinforces symmetry but also effectively doubles the training data.



Throughout the SR fitting process, model performance was continuously monitored using PySR’s integrated TensorBoard logger, which provides real-time tracking of both the loss function and the Pareto front volume. This allowed for effective oversight of the trade-off between model complexity and accuracy during the evolutionary process. To ensure the physical validity of the derived expressions, dimensional consistency constraints were enforced, guaranteeing that the resulting equations for thermal conductivity maintained appropriate units.
In addition to modeling the full mixing rule expression, a separate modeling approach was undertaken to isolate and fit only the term expressing the deviation from additivity, considering the additive term as [image: Mathematical equation: $$ {x}_1{\lambda}_1+{x}_2{\lambda}_2 $$], a common component in formulations of mixture thermal conductivity, and more generally, such terms are found in other thermophysical properties associated with non-ideal mixing behavior. Modeling this deviation from additivity provides insight into interaction effects between components and supports the construction of more accurate equations. All five aforementioned data manipulation strategies were also applied to modeling only the deviation term.
2.3.2 QSPR modeling
There are multiple ML algorithms that could be employed for performing QSPR modeling. From comparisons in previous studies [4], we demonstrated that using a Support Vector Machine (SVM) with an FGCD-based description of the molecular species generally yields robust QSPR models. In a recent study, we demonstrated that the application of Extreme Gradient Boosting (XGBoost) provides models with performances at least comparable to SVM-based ones [33]. Therefore, both SVM and XGBoost algorithms were applied to the SDB2 dataset to derive QSPR models to predict the thermal conductivity of pure hydrocarbons and oxygenated compounds.
The SVM algorithm attempts to find a hyperplane that linearly separates the data into a high-dimensional feature space, achieved by transforming the original descriptor space through kernel functions. For regression tasks, this approach is adapted into Support Vector Regression (SVR), which constructs a predictive model by minimizing error while controlling model complexity within a predefined tolerance margin. In this work, we employed the Radial Basis Function (RBF) kernel to non-linearly map data into a higher-dimensional space, enabling the model to capture complex relationships between descriptors and λ values. According to this method, up to three hyperparameter values need to be optimized: cost, ϵ, and γ. For this purpose, SVR hyperparameters were optimized in a 5-fold cross-validation procedure, with the parameter space explored accordingly: cost was tested for values between 10 and 300, [image: Mathematical equation: $$ \epsilon $$] values ranged from 4 × 10−3 to 1 × 10−2, and [image: Mathematical equation: $$ \gamma $$] values between 2 × 10−4 and 1 × 10−3 were evaluated.
XGBoost is a scalable, ensemble-based ML algorithm that implements gradient boosting, building predictive models by iteratively combining multiple weak learners, typically decision trees. At each iteration, a new tree is trained to correct the residuals of the previous ensemble, optimizing a regularized objective function that balances model fit and complexity. By leveraging gradient information and incorporating techniques such as subsampling, column sampling, and regularization, XGBoost achieves both high predictive accuracy and robustness against overfitting. For our XGBoost-based models, four hyperparameters were optimized: number of boosting rounds (from 50 to 300), maximum tree depth (from 3 to 6), learning rate (from 0.1 to 0.4), and subsample ratio (from 0.5 to 1.0). Other hyperparameters relating to column sampling and regularization were also optimized, but with very little increase to model performance and generalizability hence, these hyperparameters were left at default for the final model.
For both SVR and XGBoost hyperparameters, a Bayesian optimization was performed for 200 iterations, with performance evaluated using 5-fold compound-out – where the ten λ values for a given compound were assigned to the same fold – cross-validation to account for data grouping structure and ensure generalizability. The most optimal hyperparameter configuration was selected based on the highest mean coefficient of determination ([image: Mathematical equation: $$ {R}^2 $$]) score on the external folds.
2.3.3 Performance of models
Models are assessed based on their capacity to predict reference thermal conductivity values. The predicted values are compared to reference experimental data, and the models’ performances are evaluated using specific metrics, such as the Mean Absolute Error (MAE), the Root Mean Squared Error (RMSE), and R2, respectively expressed as follows:[image: Mathematical equation: $$ MAE = \frac{1}{N} \sum_{i=1}^{N} \left| y_i - x_i \right|, $$](5)
[image: Mathematical equation: $$ RMSE = \sqrt{\displaystyle \frac{1}{N} \sum_{i=1}^{N} (y_i - x_i)^2}, $$](6)
[image: Mathematical equation: $$ R^2 = 1 - \frac{\sum_{i=1}^{N} \left( y_i - x_i \right)^2}{\sum_{i=1}^{N} \left( x_i - \bar{x} \right)^2}, $$](7)

where [image: Mathematical equation: $$ {y}_i $$] denotes the predicted value, [image: Mathematical equation: $$ {x}_i $$] the experimental value, [image: Mathematical equation: $$ \overline{x} $$] stands for the average of experimental thermal conductivity values, and N is the number of data points in the considered set. Although MAE and RMSE values retain the unit of the property, the coefficient of determination is unitless. The lower the MAE and RMSE values, the better the predictions; R2 varies between 0 and 1, with values closer to 1 generally indicating better predictive performance.
3 Results and discussion
3.1 New mixing rules discovery
The SDB1 database – containing for each data point experimental λ values for the binary mixture as well as for individual components at the temperature T, mass fractions, and reduced temperatures of components – was used as input for PySR runs to search for new mixing rule expressions. Two approaches consisting of designing a whole equation or only a part, such as the term related to the deviation from additivity, were followed. Also, five independent data manipulation strategies were investigated: Basic, Guided, Shuffling, Rearrangement, and Augmentation. All these PySR runs led to generation of hundreds of mixing rules. Table 4 summarizes the performances of the generated mixing rules when assessed on the SDB1 splitting into Training and Test sets. Only the best performing equation is reported for each approach/strategy and number of iterations. All corresponding equations are reported in the Supplementary material. Additionally, three published mixing rules involving similar variables and widely used in the literature were tested on the same SDB1 subsets.
Table 4 

R
2 and RMSE (in W m−1 K−1) values calculated for the different PySR-generated mixing rules when applied to SDB1 Training and Test sets.

The three mixing rules identified in the literature were used as a reference point for assessing the performance of expressions generated with PySR, and the benchmarking between equation (1) with α = 0.50 or α = 0.72, and equation (2) is proposed in Table 4. The evaluation on the SDB1 Test set for equation (1) with the default constant value (α = 0.72) leads to an R2 value of 0.9736. The same equation used together with the optimised constant value (α = 0.50) yields improved predictions with a R2 value of 0.9764. While predictions using Jamieson and Irving’s model (R2 = 0.9749) outperform those derived from the application of Filippov and Novoselova’s default-constant model, they both remain slightly less accurate to equation (1) with the optimised constant.
Table 4 shows that for the majority of the covered scenarios, generated mixing rules after 105 iterations outperformed or often equaled those resulting from 104 iterations runs, evaluated on the SDB1 Training set. The strategy labeled Augmentation – for which the database size is doubled – seems, however, to necessitate the highest number of iterations to reach a sufficient convergence. In the two strategies labeled Basic and Rearrangement, a marginal decrease is observed in performance with increased training iterations – from 104 to 105 – with, however, a more expected trend when applied to the SDB1 Test set for the Basic strategy. Specifically, the test R2 increases from 0.9766 to 0.9773, and the RMSE shows a slight decrease, supporting the notion of incremental benefits for prolonged optimization. Also, from the results presented in Table 4, it is noteworthy that some of the generated mixing rules consistently match or even outperform equations extracted from the literature. These capabilities emphasize both the robustness and adaptability of our followed modelling approaches.
The approach labeled Whole Equation leads to mixing rules with strong and stable predictive performances roughly across all preprocessing strategies. In every investigated scenario, R2 values calculated on the external SDB1 Test set remain above 0.974, while corresponding RMSE values consistently stayed below 0.0037 W m−1 K−1, indicating excellent generalization capability to unseen binary mixtures. Among all scenarios, the strategy labeled Shuffling, together with 105 iterations, emerges as the top-performing model. It achieves the highest R2 value (0.9775) and the lowest RMSE value (0.003311 W m−1 K−1), over the SDB1 Test set. Importantly, it also ensures a good balance between SDB1 Training and Test sets, with R2 = 0.9801 and RMSE = 0.003406 on the SDB1 Training set, demonstrating the strong generalization with no indication of significant overfitting. The best-performing mixing rule generated by PySR is as follows:[image: Mathematical equation: $$ {\lambda}_{mix}=\frac{\lambda_2}{x_2+\frac{x_1}{\frac{\lambda_1}{\left(\frac{A}{\lambda_1-B}+ Cs\right){x}_2+{\lambda}_2}}} $$](8)where A, B and C are constants. Simplifying equation (8) leads to the following expression:[image: Mathematical equation: $$ {\lambda}_{mix}=\frac{1}{\frac{x_1}{\lambda_1}+\frac{x_2}{\lambda_2}+\frac{x_1{x}_2}{\lambda_1{\lambda}_2}\left(\frac{A}{\lambda_1-B}+C\right)} $$](9)
The analysis of equation (9) over binary mixtures in the SDB1 dataset reveals that the term [image: Mathematical equation: $$ \left(\frac{A}{\lambda_1-B}+C\right) $$] attempts to converge to an average value of 0.007536, with a standard deviation of 0.000243 (3.22%). Although equation (9) shows the best performance on SDB1, the lack of physical symmetry in the latter term suggests it functions more as a numerical fitting parameter than as a physically meaningful term. It is, however, interesting to note that equation (9) suggesting a harmonic mean to compute the thermal conductivity of binary mixtures, has strong similarities with expressions used in modelling electrical conductance and resistance. Additionally, if one considers the thermal resistance [image: Mathematical equation: $$ R=L/\left( A\lambda \right) $$] with L the thickness and A the cross-sectional area, the additivity hypothesis for R implies a harmonic mean for λ of mixtures.
This work also investigated the sole design of the term encoding the deviation from additivity, considering the additive term as: [image: Mathematical equation: $$ {x}_1{\lambda}_1+{x}_2{\lambda}_2 $$]. In this case, as also reported in Table 4, the overall performance of mixing rules generated with PySR remained inferior to those previously discussed. The largest discrepancies were observed when the Guided strategy was applied. This difference is not surprising, as this strategy is specifically designed to direct the SR process toward variations of the arithmetic mean – an assumption already embedded in equations (1) and (2). Therefore, its use becomes unnecessary and might even be counterproductive by strongly restricting the exploration of the possible space of equations. Finally, an analysis of SR outputs across the various modeling scenarios and strategies reveals that equations incorporating the reduced temperature (Tr) generally underperform those that exclude it.
3.2 QSPR models for pure compounds
The SDB2 dataset – containing λ values for neat hydrocarbons and oxygenated compounds at different temperatures (Tab. 1) – was used to develop SVR and XGBoost-based models. An 80:20 compound-out split was applied to partition the data into Training and Test sets, respectively, ensuring that compounds in the Test set were not represented during the training procedure. Hyperparameter tuning for both models was performed using a Bayesian optimization to identify the set of parameters that maximizes predictive performance. The SVR model proposed by Moreno et al. was applied to the SDB2 dataset to benchmark the newly developed QSPR models [3]. Table 5 reports predictive performances of the QSPR models when evaluated using the test set from SDB2. Both the SVR and XGBoost-based models developed in this work demonstrate strong predictive capabilities, achieving R2 scores of 0.950 and 0.967, respectively. It is noteworthy that these models outperform the QSPR model proposed by Moreno et al., particularly in predicting thermal conductivity values of polyols and polyfunctional compounds, for which their SVR model exhibited reduced accuracy.
Table 5 
Performances of SVR and XGBoost-based QSPR models when applied to SDB2 Test sets. The last column reports R2 values when QSPR models are used to predict compounds involved in mixtures of the SDB1 dataset.

Additionally, the last column of Table 5 reports model performance when assessed using pure compound data from the SDB1 test set. This additional validation leads to a conclusion similar to the evaluation previously performed on the SDB2 dataset, i.e., the XGBoost model consistently outperforms both the new SVR model and the original SVR model proposed by Moreno et al. [3]
3.3 Predictions for binary mixtures
In this section, an evaluation of different mixing rules powered by the three QSPR models previously discussed is conducted using the DB dataset. For the prediction of binary mixture thermal conductivities, we employed two distinct approaches. In the first, the QSPR models were used solely to predict missing thermal conductivity data for pure compounds in the database, this approach is labeled Exp + Pred hereafter. In the second approach, labeled Full Pred, the QSPR models were applied to predict the λ values of the entire dataset of pure compounds. The corresponding R2, RMSE, and MAE values for both strategies are reported in Table 6.
Table 6 

R
2, RMSE (in W m−1 K−1), and MAE (in W m−1 K−1) values calculated for the different mixing rules powered with the three QSPR models, when applied to the DB dataset.

Regarding the two approaches when applying the QSPR models, the approach Exp + Pred gives better final predictions than the Full Pred approach, which is to be expected. However, it is noteworthy that the results between these two approaches are still comparable, with the fully predictive approach performing well within the experimental error margin.
All models incorporating PySR generated mixing rules results in predictive approaches that outperformed traditional literature mixing rules. Consistent with the observed behavior in QSPR model performance, improved accuracy in QSPR predictions generally leads to better performance of literature-based and PySR-derived mixing rules in predicting final mixture λ values. Across all approaches, the combination of the XGBoost model with PySR mixing rules consistently produced the best results, with an average error of 1.97% for the best-performing mixing rule, and 2.78% for the weighted harmonic mean (WHM) mixing rule, as follows:[image: Mathematical equation: $$ \lambda_{mix} = \frac{1}{\displaystyle \sum_{i=1}^{N} \frac{x_i}{\lambda_i}}, $$](10)
where N is the number of the mixture components. Equation (10) is similar to the power-law models previously recommended by Ramos-Pallares et al. [34] and Poling et al. [16] for non-aqueous systems. Notably, there are PySR mixing rules that achieved even higher performances across various scenarios when powered with different QSPR models – for predicting pure compound λ values – outperforming equation (10). Examples of these mixing rules are provided in equations (11)–(13), corresponding to Moreno’s SVR model, our new SVR model, and the XGBoost model, respectively. While equation (11) shows strong similarities with equations (10), (12) and (13) differ significantly, highlighting the challenge of optimizing both accuracy and generalizability within the diverse equation space.[image: Mathematical equation: $$ {\lambda}_{\textrm{mix}}=\frac{\lambda_2}{x_2+\frac{x_1{\lambda}_2}{\lambda_1}}+\frac{\textrm{1.614.1}{0}^{-6}}{\lambda_2-0.209}, $$](11)[image: Mathematical equation: $$ {\displaystyle \begin{array}{ll}{\lambda}_{\textrm{mix}}& ={\lambda}_2\\ {}& +{x}_1\Big({\lambda}_1-{\lambda}_2-0.490{\lambda}_2{x}_2\left(0.210-{\lambda}_2\right)\\ {}& \frac{\mid {\lambda}_1-{\lambda}_2\mid }{\lambda_1\left(0.210-{\lambda}_2\right)}\Big),\end{array}} $$](12)[image: Mathematical equation: $$ {\lambda}_{\textrm{mix}}={\lambda}_2+{x}_1\frac{\lambda_1-{\lambda}_2}{1.005+0.348\sqrt{x_2}}, $$](13)
However, as shown in Table 6, despite the slight improvements offered by the alternative mixing rules, the WHM mixing rule (Eq. (10)) consistently remains among the top performers in terms of accuracy. For instance, it delivers competitive results across all evaluated metrics and QSPR models. In addition to its strong predictive performance, the WHM mixing rule is characterized by its low complexity – roughly a third of the complexity of best mixing rules – which enhances its applicability to a broader range of mixtures. Furthermore, the modular structure of equation (11) facilitates its potential extension to ternary and more complex systems.
3.4 Extrapolation to multi-component mixtures
To further evaluate the predictive capability of the proposed approach for more complex systems, additional experimental data on ternary and quaternary mixtures containing hydrocarbons and oxygenates were gathered from the DETHERM database [26]. Thermal conductivity values for the individual components were first predicted using the XGBoost QSPR model, and the final mixture λ values were estimated using the WHM mixing rule (Eq. (10)).
For the ternary mixtures, a total of 97 data points involving 9 unique systems with temperatures ranging from 280 K to 360 K were analyzed. Figure 4 presents the parity plot comparing experimental vs. predicted thermal conductivity values for all ternary mixtures. All data points are closely distributed around the bisector, indicating that predicted values are in good agreement with experimental data. An average deviation of 3.38% was observed, with a maximum deviation of 9.64% for a mixture involving benzene, n-pentane, and cyclohexane in proportion 0.2:0.4:0.4 at 298 K. It is noteworthy that for this system, other compositions are available at the same temperature, and a mean deviation of 4.6% is observed between predicted and experimental λ values.
	[image: Thumbnail: Figure 4 Refer to the following caption and surrounding text.]	Figure 4 Parity plot of experimental vs. predicted thermal conductivity values using the XGBoost-based model combined with equation (10) for ternary mixtures, with temperatures ranging from 280 K to 360 K. The dashed line stands for the bisector of the diagram surrounded by two dotted lines corresponding to a 5% uncertainty.



Among the nine ternary systems, three (comprising 37 data points) have complete experimental λ values available for all pure components. This enabled a direct comparison using experimental values to power the WHM mixing rule (Eq. (10)). In agreement with previous observations, using experimental data in combination with the WHM mixing rule improves the accuracy: the average deviation dropped to 1.75%, and the maximum deviation reduced to 3.55%. These results highlight the effectiveness of equation (10) when powered by experimental input, while also confirming that the fully predictive approach (QSPR + WHM) can yield reasonably accurate results with only a modest increase in error.
For the quaternary mixtures, 34 data points from only two mixtures were used for the evaluation. Neither of these two systems has complete experimental λ values available for all pure components. Following our methodology, mixtures’ component properties were predicted via the QSPR model to be later combined using the WHM mixing rule. The first mixture involves four hydrocarbons with different compositions and temperatures ranging from 280 K to 360 K. The second is a mixture of four oxygenates with different compositions at 313.15 K. As shown in Figure 5, the model performs well for the first mixture (bottom-left), while for the second (top right) it exhibits greater variability. The overall average deviation was 2.51%, with a maximum deviation of 9.93%. In summary, the fully predictive model – combining QSPR predictions with the WHM mixing rule – shows strong potential for estimating thermal conductivity in both ternary and quaternary mixtures. The performance is especially robust for ternary systems and can be further improved with experimental support. Validation with a larger dataset, particularly for quaternary systems, is needed to further confirm generalizability and reliability.
	[image: Thumbnail: Figure 5 Refer to the following caption and surrounding text.]	Figure 5 Parity plot of experimental vs. predicted thermal conductivity values using the XGBoost-based model combined with equation (10) for quaternary mixtures, with temperatures ranging from 280 K to 360 K. The dashed line stands for the bisector of the diagram surrounded by two dotted lines corresponding to a 5% uncertainty.



	[image: Thumbnail: Figure 6 Refer to the following caption and surrounding text.]	Figure 6 Parity plot of experimental vs. predicted thermal conductivity values using the XGBoost-based model combined with equation (10) for four jet fuels at 0.1 MPa and temperatures ranging from 253 K to 373 K. Experimental data were collected from the work by Malatesta and Yang [2]. The dashed line stands for the bisector of the diagram surrounded by two dotted lines corresponding to a 5% uncertainty.



As a final validation for our approach, predictions were made for jet fuels. For this purpose, it is necessary to simplify fuels to surrogates. According to previous work [5], fuels were characterized using outputs of two-dimensional gas chromatography (GC × GC) which is able to provide detailed information about a fuel chemical composition. Fuel compositions were expressed as mass fraction distributions vs. number of carbon atoms for different hydrocarbon families such as paraffins, naphthenes, and aromatics. A representative molecular structure is then attributed to each family/number of carbon atoms bin [5], resulting in a fuel surrogate containing up to 74 compounds. Four jet fuel (three JP-5 and one F-24) compositions were collected from the work by Malatesta and Yang [2]. Figure 4 presents the parity plot comparing experimental vs. predicted thermal conductivity values for the four jet fuels. An overall MAE of 2.9% was observed, with MAEs ranging from 1.2% to 4.4% for individual jet fuels, which compares well with Malatesta and Yang’s predictions [2]. Data points roughly remain in the 5% uncertainty interval. Our approach combining the XGBoost-based model with equation (10) appears to systematically overestimate experimental data, while this trend was not observed on Figures 4 and 5. One possible explanation lies in the selection of representative components for each family/number of carbon atoms bin, which may not be the most appropriate technique in this context, leaving room for future improvements.
4 Conclusion
In this work, we applied Machine Learning techniques to develop a fully predictive approach to estimate the thermal conductivity of mixtures containing hydrocarbons and oxygenated compounds in the liquid phase at atmospheric pressure. The work was divided into different tasks, starting with a compilation of experimental data, followed by a careful data curation. Datasets were constructed containing information for pure compounds and binary mixtures. The binary mixture dataset was used in a symbolic regression-based strategy to generate mixing rules considering different scenarios and five independent data manipulation strategies. Subsequently, using the pure compound dataset, new quantitative structure property relationship models were developed and benchmarked with work recently published in the literature. The newly developed QSPR models were used to power mixing rules generated with symbolic regression to predict thermal conductivity values of binary mixtures. A mixing rule was then designed to propose a potential extension to multi-component – two or more components – mixtures and first assessed on ternary and quaternary mixtures. The comparisons showed good agreement between predicted values and available experimental data. Then, the approach has shown its full potential in accurately predicting thermal conductivity values for jet fuels for temperatures ranging from 253 K to 373 K.
Performed comparisons across our datasets first demonstrate that symbolic regression is an interesting tool to derive mixing rules, then mixing rules based on power-law models are recommended for the calculation of thermal conductivity of mixture, more precisely for non-aqueous systems. Additionally, they validated that our hybrid model, combining QSPR modeling and mixing rules generated with symbolic regression, can be used for the prediction of thermal conductivity values for pure compounds and mixtures at temperatures that are not yet covered experimentally in the literature. Future work could consider incorporating pressure effects to improve the applicability of the models, although up to 50–60 bar, the effect of pressure on the thermal conductivity of liquids is generally neglected. More generally, the approach implemented in this work can be extended to other properties falling within the framework of jet fuel specifications.
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      Table 1 

      Contents of the database and its data subsets.

      
        


	
	DB
	SDB1
	SDB2





	Data points
	3053
	1453
	1740



	Mixtures
	181
	118
	–



	Hydrocarbons
	32
	20
	66



	Oxygenates
	48
	31
	108
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        Distributions of hydrocarbons (black) and oxygenated compounds (dark grey) within the databases. Filled bars stand for samples in the DB database, and dashed bars stand for mixtures in the SDB1 dataset. The values above bars indicate the number of compounds in each chemical subfamily.
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        Projections of mixture samples into the space formed by t-SNE1, t-SNE2, and t-SNE3. Blue and red symbols stand for mixtures in the DB database and in the SDB1 dataset, respectively. t-SNE1, t-SNE2 and t-SNE3 are unitless.

      

    

  
    
      Table 2 

      Complete list of descriptors used in the QSPR modeling.

      
        


	Label
	Descriptor
	Label
	Descriptor





	X1
	Temperature
	X21
	[CX4H2]



	X2
	H
	X22
	[CX4H3]



	X3
	#6
	X23
	[CX3]=[CX3]



	X4
	O
	X24
	[O].[O]



	X5
	C;R
	X25
	[OX2H].[OX2H]



	X6
	c;R
	X26
	[OX2H].[OX2H].[OX2H]



	X7
	O;R
	X27
	[CX4][OX2H]



	X8
	*R
	X28
	[CX4H1][OX2H]



	X9
	OX2
	X29
	[CX4H2][OX2H]



	X10
	OX2H
	X30
	[CX3H2]=[CX3H1]



	X11
	[c][OX2H]
	X31
	[CX3H2]=[CX3H0]



	X12
	[OX2H0]
	X32
	[CX3H1]=[CX3H1]



	X13
	[CX3][OX1]
	X33
	[OX2H0].[OX2H0]



	X14
	[#6][CX3H0](=O)[#6]
	X34
	[OX2H0].[OX2H0].[OX2H0]



	X15
	[CX3H1](=O)
	X35
	[c][OX2][c]



	X16
	[CX3](=O)[OX2H]
	X36
	[c][OX2][C]



	X17
	[CX3](=O)O[CX3](=O)
	X37
	[O][C][C][O]



	X18
	[CX3H0](=O)[OX2H0][#6]
	X38
	[O][C][C][C][O]



	X19
	[CX4H0]
	X39
	[#6;R]-O-[#6;R]



	X20
	[CX4H1]
	X40
	Molecular weight





      

    

  
    
      Figure 3 
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        Illustration of the tree-like architecture representation. X stands for descriptors or variables.

      

    

  
    
      Table 3 

      Adjusted parameter settings for the modeling with PySR.

      
        


	Parameter
	Corresponding values





	Population size
	48



	Number of iterations
	104, 105



	Maximum equation complexity
	40



	Unary operators
	√, | |, ln



	Binary operators
	+, −, × ÷



	Parsimony
	10−7



	Maxsize warmup
	0.85



	Dimensional constraint penalty
	105





      

    

  
    
      Table 4 

      
R
2 and RMSE (in W m−1 K−1) values calculated for the different PySR-generated mixing rules when applied to SDB1 Training and Test sets.

      
        


	Approach
	Strategy
	Iterations
	R2 (Training)
	RMSE (Training)
	R2 (Test)
	RMSE (Test)



	
	
	





	Whole equation
	Basic
	104
	0.9881
	0.002619
	0.9766
	0.003377



	
	
	105
	0.9880
	0.002648
	0.9773
	0.003325



	
	Guided
	104
	0.9882
	0.003423
	0.9763
	0.003401



	
	
	105
	0.9889
	0.002542
	0.9725
	0.003666



	
	Shuffling
	104
	0.9799
	0.005722
	0.9766
	0.003377



	
	
	105
	0.9801
	0.003406
	0.9775
	0.003311



	
	Rearrangement
	104
	0.9886
	0.002584
	0.9768
	0.003360



	
	
	105
	0.9884
	0.002601
	0.9759
	0.003431



	
	Augmentation
	104
	0.9788
	0.003516
	0.9745
	0.003526



	
	
	105
	0.9859
	0.002872
	0.9751
	0.003486



	Dev. to additivity
	Basic
	104
	0.9796
	0.003447
	0.9767
	0.003375



	
	
	105
	0.9796
	0.003446
	0.9767
	0.003374



	
	Guided
	104
	0.9652
	0.005432
	0.9341
	0.005672



	
	
	105
	0.9666
	0.004414
	0.9485
	0.005015



	
	Shuffling
	104
	0.9884
	0.002602
	0.9766
	0.003377



	
	
	105
	0.9885
	0.002585
	0.9764
	0.003391



	
	Rearrangement
	104
	0.9886
	0.002584
	0.9764
	0.003396



	
	
	105
	0.9886
	0.002584
	0.9764
	0.003396



	
	Augmentation
	104
	0.9807
	0.003357
	0.9761
	0.003417



	
	
	105
	0.9859
	0.002873
	0.9750
	0.003491



	Filippov and Novoselova, equation (1), with α = 0.72
	0.9771
	0.003649
	0.9736
	0.003666



	Filippov and Novoselova, equation (1), with α = 0.50
	0.9805
	0.003374
	0.9764
	0.003462



	Jamieson and Irving, equation (2)
	0.9788
	0.003511
	0.9749
	0.003573





      

    

  
    
      Table 5 

      Performances of SVR and XGBoost-based QSPR models when applied to SDB2 Test sets. The last column reports R2 values when QSPR models are used to predict compounds involved in mixtures of the SDB1 dataset.

      
        


	Model
	Parameters
	R2 Test
	R2 SDB1





	Moreno’s SVR [3]
	cost = 537.930000
	0.891
	0.949



	
	ϵ = 2.305940
	
	



	
	γ = 0.419818
	
	



	SVR
	cost = 45.515217
	0.950
	0.962



	
	ϵ = 0.004023
	
	



	
	γ = 0.000202
	
	



	XGBoost
	n estimators = 290
	0.967
	0.971



	
	max dept = 3
	
	



	
	learning rate = 0.278645
	
	



	
	subsample = 0.906254
	
	





      

    

  
    
      Table 6 

      
R
2, RMSE (in W m−1 K−1), and MAE (in W m−1 K−1) values calculated for the different mixing rules powered with the three QSPR models, when applied to the DB dataset.

      
        


	QSPR model
	Mixing Rule
	R2
	RMSE
	MAE
	R2
	RMSE
	MAE



	
	
	
Exp + Pred

	
Full Pred






	Moreno’s SVR [3]
	Equation (11)
	0.935
	0.0054
	0.0039
	0.903
	0.0066
	0.0051



	
	Equation (10)
	0.933
	0.0055
	0.0039
	0.903
	0.0066
	0.0051



	
	Equation (1) with α = 0.72
	0.901
	0.0067
	0.0046
	0.870
	0.0077
	0.0058



	
	Equation (1) with α = 0.5
	0.915
	0.0062
	0.0044
	0.884
	0.0072
	0.0055



	
	Equation (2)
	0.922
	0.0060
	0.0041
	0.894
	0.0069
	0.0053



	SVR
	Equation (12)
	0.941
	0.0052
	0.0032
	0.905
	0.0066
	0.0047



	
	Equation (10)
	0.934
	0.0055
	0.0035
	0.901
	0.0067
	0.0049



	
	Equation (1) with α = 0.72
	0.925
	0.0058
	0.0036
	0.901
	0.0067
	0.0048



	
	Equation (1) with α = 0.5
	0.928
	0.0057
	0.0035
	0.902
	0.0067
	0.0048



	
	Equation (2)
	0.929
	0.0057
	0.0035
	0.898
	0.0068
	0.0049



	XGBoost
	Equation (13)
	0.971
	0.0037
	0.0026
	0.945
	0.0050
	0.0039



	
	Equation (10)
	0.966
	0.0039
	0.0027
	0.942
	0.0051
	0.0039



	
	Equation (1) with α = 0.72
	0.944
	0.0050
	0.0032
	0.924
	0.0059
	0.0043



	
	Equation (1) with α = 0.5
	0.954
	0.0046
	0.0030
	0.933
	0.0055
	0.0041



	
	Equation (2)
	0.963
	0.0041
	0.0028
	0.939
	0.0052
	0.0039





      

    

  
    
      Figure 4 

      
        [image: Figure 4 Refer to the following caption and surrounding text.]
      

      
        Parity plot of experimental vs. predicted thermal conductivity values using the XGBoost-based model combined with equation (10) for ternary mixtures, with temperatures ranging from 280 K to 360 K. The dashed line stands for the bisector of the diagram surrounded by two dotted lines corresponding to a 5% uncertainty.

      

    

  
    
      Figure 5 

      
        [image: Figure 5 Refer to the following caption and surrounding text.]
      

      
        Parity plot of experimental vs. predicted thermal conductivity values using the XGBoost-based model combined with equation (10) for quaternary mixtures, with temperatures ranging from 280 K to 360 K. The dashed line stands for the bisector of the diagram surrounded by two dotted lines corresponding to a 5% uncertainty.

      

    

  
    
      Figure 6 

      
        [image: Figure 6 Refer to the following caption and surrounding text.]
      

      
        Parity plot of experimental vs. predicted thermal conductivity values using the XGBoost-based model combined with equation (10) for four jet fuels at 0.1 MPa and temperatures ranging from 253 K to 373 K. Experimental data were collected from the work by Malatesta and Yang [2]. The dashed line stands for the bisector of the diagram surrounded by two dotted lines corresponding to a 5% uncertainty.

      

    

  OEBPS/stet20250333-eq8.gif





OEBPS/stet20250333-eq9.gif





OEBPS/stet20250333-eq4.gif





OEBPS/stet20250333-eq27.gif





OEBPS/stet20250333-eq5.gif





OEBPS/stet20250333-eq26.gif





OEBPS/stet20250333-eq6.gif





OEBPS/stet20250333-eq29.gif





OEBPS/stet20250333-eq7.gif





OEBPS/stet20250333-eq28.gif





OEBPS/stet20250333-eq21.gif





OEBPS/stet20250333-eq20.gif





OEBPS/stet20250333-eq107.gif
_ M~ A2
Awix =X+ T oo G318 Ty









OEBPS/stet20250333-eq104.gif





OEBPS/stet20250333-eq105.gif





OEBPS/stet20250333-eq106.gif
Amix

\2
(2o~ 04902, (0.210 - Xo)

ol )
om0 )’





OEBPS/stet20250333-fig5_small.jpg





OEBPS/stet20250333-eq1.gif





OEBPS/stet20250333-fig2_small.jpg





OEBPS/stet20250333-eq2.gif





OEBPS/stet20250333-eq3.gif





OEBPS/stet20250333-eq38.gif





OEBPS/stet20250333-eq37.gif





OEBPS/stet20250333-eq39.gif





OEBPS/stet20250333-eq34.gif





OEBPS/stet20250333-eq78.gif





OEBPS/stet20250333-eq33.gif





OEBPS/stet20250333-eq36.gif





OEBPS/stet20250333-eq35.gif





OEBPS/stet20250333-fig1.jpg
Hydrocarbons < Oxygenated compounds

8
7
44
~
§ 11 1 11
N m’

& & XS 5 a8 >
S F S
(s X S (©)
S &

& »

I S





OEBPS/stet20250333-eq30.gif





OEBPS/stet20250333-eq77.gif
- B

+0)





OEBPS/stet20250333-fig2.jpg
t-SNE 3





OEBPS/stet20250333-fig3.jpg
Tree = Xl/(z_\/ﬁ)





OEBPS/stet20250333-eq32.gif





OEBPS/stet20250333-eq76.gif





OEBPS/stet20250333-fig4.jpg
Pred. Thermal Conductivity (W.m™1.K™)

0.08

0.10 0.12 0.14 0.16 0.18 0.20
Exp. Thermal Conductivity (W.m 1. K1)

0.22





OEBPS/stet20250333-eq31.gif





OEBPS/stet20250333-eq75.gif





OEBPS/stet20250333-fig5.jpg
Pred. Thermal Conductivity (W.m™1.K™)

022 + ’
/7
/
/7
/7
020 - ,
VA
;s -
K /7 o
018 | A ¢
8
0.16 S ®
. B o 7
o o
R4
.
VAR
0.14 | e
0.12
0.10
0.08 . . . . .
008 010 012 014 016 018 020 022

Exp. Thermal Conductivity (W.m 1.K™1)





OEBPS/stet20250333-fig6.jpg
Pred. Thermal Conductivity (Wm™t.K™)

0.14

0.13

0.12

0.11

0.10

[ /
o /
Ve
,.
I ey,
%
. /
e X
I 2 ®,
*9.
%
o %
09 7
_ %
Mo 9/
Qe &
N
. /7
V

| /s

/

V

V
V

"4 L L L L )
0.09 0.10 0.11 0.12 0.13

Exp. Thermal Conductivity (W.m 1. K™)

0.14





OEBPS/stet20250333-eq83.gif
T1 A + ToAs





OEBPS/stet20250333-fig1_small.jpg
iul‘i'n.,l.l

2RI






OEBPS/dash.png





OEBPS/stet20250333-eq41.gif





OEBPS/stet20250333-fig4_small.jpg





OEBPS/stet20250333-eq40.gif





OEBPS/stet20250333-eq19.gif





OEBPS/stet20250333-fig3_small.jpg
N )






OEBPS/stet20250333-eq16.gif





OEBPS/stet20250333-eq15.gif





OEBPS/stet20250333-eq18.gif





OEBPS/stet20250333-eq17.gif
T






OEBPS/stet20250333-eq12.gif





OEBPS/stet20250333-eq11.gif





OEBPS/stet20250333-eq14.gif





OEBPS/stet20250333-eq13.gif





OEBPS/stet20250333-eq10.gif





OEBPS/stet20250333-fig6_small.jpg





