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ABSTRACT 

We present a novel probabilistic Mean Quantitative Structure-Property Relationship (M-QSPR) method 

for the prediction of jet fuel properties considering two-dimensional gas chromatography 

measurements. Fuels are represented as one mean pseudo-structure that is inferred by a weighted 

average over structures of 1866 molecules that could be present in the individual fuel. The method 

allows the training of models on both data of pure components and of fuels and does not require 

mixing rules for the calculation of the bulk property. This drastically increases the number of available 

training data and allows the direct learning of the mixing behavior. For the modelling we use a Monte-

Carlo dropout neural network, a probabilistic Machine Learning algorithm, that estimates prediction 

uncertainties due to possible unidentified isomers and dissimilarity of training and test data. Models 

are developed to predict the freezing point, flash point, net heat of combustion, and temperature 

dependent properties such as density, viscosity, and surface tension. We investigate the effect of the 

presence of fuels in the training data on the predictions for up to 82 conventional fuels and 50 synthetic 

fuels. The results of the predictions are compared on three metrics that quantify accuracy, precision 

and reliability. These metrics allow a comprehensive estimation of the predictive capability of the 

models. For the prediction of the density, surface tension and net heat of combustion the M-QSPR 

method yield highly accurate results even without the presence of fuels in the training data. For 

properties with non-linear behavior over temperature and complex fuel component interactions, like 

viscosity and freezing point, the presence of fuels in the training data was found to be essential for the 

method. 

mailto:Clemens.hall@dlr.de


1. Introduction 

To facilitate the development and approval of new jet fuel candidates, model-based prediction 

methods were identified as key enabler for fuel screening by research projects like the EU project for 

Jet Fuel Screening and Optimization (JETSCREEN) 

1 and the National Jet Fuels Combustion Project 

(NJFCP) 

2. Reliable prediction models solely based on the fuel composition could significantly reduce 

time and cost for necessary measurements that are needed to ensure safe application 

3. Especially at 

early stages of fuel production process development, the fuel volumes required for the approval 

process regulated by the ASTM 4054 

4 often exceed the production capabilities. The application of 

model-based prediction methods can greatly support the decision making at this stage of the 

development process. Modern analytical methods like two-dimensional gas chromatography (GCxGC) 

are able to provide detailed characterization of the chemical composition of a fuel with volumes below 

1 mL, which can be utilized as input for the modelling 

5. The GCxGC method has been adopted in the 

new ASTM D4054 fast track certification process and was chosen as data basis for this work. For 

modelling we selected the properties density, kinematic viscosity, surface tension, flash point and 

freezing point, which are critical parameters for fuel specifications, relevant for the screening and 

development of jet fuels 

1,2. 

The demands for the predictive capability and robustness of the models over the extensive input 

domain of possible future fuels are high for safety relevant use cases like jet fuel approval or combustor 

design 

3. Predictions with significant deviations from the true property value are unacceptable and 

have to be prevented by utilizing robust modelling techniques that are accurate enough to predict 

properties of fuel candidates that might significantly differ from the training and validation data. There 

exist various methods for the modelling of jet fuels on the basis of GCxGC data. The methods range 

from direct correlation of the GCxGC measurement as input with the property desired output 

5,6 to 

methods that approximate the fuel as mixture of representative molecules like the Quantitative 

Structure-Property Relationship (QSPR) method 

7. The QSPR approach has been successfully applied 

for the modelling of properties of possible jet fuel compounds like density and viscosity 

8, freezing 

point and net heat of combustion 

9 as well as the flash point 10. The method represents fuels as 

mixtures of pure compounds where property values of fuel’s component are predicted as individual 

species. The bulk property of the fuel is calculated afterwards, based on the pure compound values 

and mass fractions, within a mixing rule 11. The method requires measured property data of pure 

compounds, which is available in various databases like the NIST Standard Reference Database 103a 12 

and DIPPR 801 13. Data of pure compounds is thereby available for almost every molecular family, with 

a substantial number of representative molecules, which allows the modelling of almost every fuel 

composition. Compared to the method of direct correlation of the GCxGC with property measurement, 



this allows for great flexibility and extensibility of the QSPR method to compositions which differ 

significantly from known fuels. The method could therefore cover the necessary domain of new 

potential fuel candidates. The correct selection of the molecules present in the fuel as well as an 

adequate mixing rule however pose a serious challenge. A table listing advantages and disadvantages 

of the direct correlation method, the QSPR method and the method presented in this work is provided 

in the supplementary material S1. 

Jet fuels are highly complex mixtures composed of hundreds of molecules, with varying composition 

based on the production location and pathway. The exact identification of each molecule in the fuel is 

presently not possible with the presently utilized GCxGC methods (mass spectroscopy and flame 

ionization detectors) 

5,14. Rather than identifying the exact molecules in the fuel the GCxGC method 

allows classification of detected species in bins with respect to their molecular family and the number 

of C atoms present. To calculate fuel properties on the basis of the GCxGC measurement, the fuel 

needs to be approximated. In the current literature there exist three different approaches for this 

approximation: (1) selecting one representative molecule for each bin of the GCxGC measurement 11 

(2) sampling from a selection of possible representative molecules 15 and (3) finding a surrogate 

composition with a limited number of compounds that match the specific properties of the fuel 

(structural or chemo-physical) 16–18. Depending on the use case and the modelled property, approach 

(1) might be an oversimplification. The reason for this is the high number of possible isomers in a 

GCxGC bin, and the variance in the molecular structures. For properties that are less affected by 

branching effects of the molecular structure approach (1) might yield sufficient results, whereas for 

other properties significant deviations can occur. Approach (2) considers multiple possible isomers in 

one GCxGC bin, but the sampling method makes the method computationally expensive and time 

consuming. Approach (3) either requires additional property measurements or a selection of 

representative molecules for each GCxGC bin similar to approach (1) if the surrogate is formulated by 

structural similarity, as presented by Ri et al. 16,17. However, approaches (1), (2), and (3) predict 

properties for individual compounds of the fuel. To calculate the bulk property of the fuel an 

appropriate mixing rule is needed for all three approaches. None of the approaches allows the training 

of the property model on data from both pure compounds and fuel measurements to directly infer the 

mixing behavior.  

We present an approach that solves these issues of the consideration of multiple possible isomers for 

GCxGC bins as well as the need for an adequate mixing rule. This is achieved by transferring the concept 

of Ajmani et. al. of a mean mole weighted average quantitative descriptor 19 to calculate a pseudo-

structure of a fuel and correlating this representation by probabilistic Machine Learning models with 

the properties. This approach allows the training on both data from pure compounds and fuels. The 



concept of weighted average descriptor has already been successfully applied for mixtures with only a 

few compounds e.g. for the prediction of flash point 10,20,21. We transfer this approach to jet fuels, 

mixtures of hundreds of possible molecules, with isomers that are not further identified by the GCxGC 

composition measurement.  

We investigate the ability of this method to predict properties of jet fuels for models trained solely on 

data from pure compounds as well as for models trained on both data from pure compounds and fuels. 

We thereby systematically investigate the effect of presence of fuels in the training data to infer the 

mixing behavior for the different properties. The effects of different training datasets on the predictive 

capability of the models for the prediction of up to 82 crude oil-based conventional fuels and 50 

synthetic fuels, produced from alternative production pathways, are assessed using a recently 

introduced concept 

6. This concept assesses model predictions with respect to quantitative metrics of 

their accuracy, their validity and their precision. To cover a broad range of the possible application 

domain, the models are tested on conventional crude oil-based jet fuels as well as synthetic jet fuels 

and blends, as well as research fuels.  

 

2. Datasets 

For this work, compositional data of both pure compounds and jet fuels are considered to derive 

correlations with property measurements. Pure compounds are encoded using the Simplified 

Molecular-Input Line-Entry System (SMILES) key, a string representation of the molecular structure. 

For the fuels, the composition is represented by GCxGC measurements. Both compositional 

representations are transferred to a quantitative structural representation as explained later on. 

2.1 Jet fuel data 

The GCxGC measurement describes jet fuel composition as a matrix of bins of hydrocarbon family and 

carbon number. For this work species in a range of 1-25 carbon atoms from seven different 

hydrocarbon families: n-alkanes, iso-alkanes, mono-cyclo-alkanes, bi-cyclo-alkanes, mono-aromatics, 

cyclo-aromatics and di-aromatics are considered. Tri-cyclo-alkanes are lumped into the group of bi-

cyclo-alkanes. To consider different kinds of fuels, a dataset from the DLR jet fuel database is utilized 

containing measurements of up to 82 conventional fuels and 50 synthetic fuels. Crude oil-based fuels 

with the jet fuel types Jet A, Jet A-1, JP-5, JP-8 and TS-1 are grouped as conventional fuels. The 

conventional fuels mainly originate from the Coordinating Research Council (CRC) world fuel survey of 

2006 22. The synthetic fuels, produced by processes that are not based on crude oil, were systematically 

gathered in the DLR jet fuel database from research projects like JETSCREEN 

1, Emission and Climate 

Impact of Alternative Fuels (ECLIF) 23 and NJFCP 

2 as well as technical, screening and certification 



reports. These synthetic fuels contain fuels produced by the Alcohol To Jet process (ATJ), the Fischer-

Tropsch process (FT), from Hydroprocessed Esters and Fatty Acids (HEFA), the Integrated 

Hydropyrolysis process of Shell with a high cyclo-alkanes content Cyclo Paraffinic Kerosene (CPK), the 

Catalytic Hydrothermal Conversion Jet fuel process (CHCJ) as well as fuel blends. To visualize the variety 

in fuels’ compositions Figure 1 shows scatter plots for the mass fraction of each chemical family for 

both the conventional fuels (Conv.) in blue and the synthetic fuels (Syn.) in green. Blue and green 

shaded areas illustrate the possible range of each group.  

 

Figure 1: Scatter plot of GCxGC measurements of fuels summed up to hydrocarbon families. Blue: conventional fuels, green: 
synthetic fuels and blends. Blue and green shaded areas indicate the possible range. 

The figure shows the variety of fuels´ compositions and the possible range of hydrocarbon fractions of 

jet fuels. With the exception of di-aromatics, the synthetic fuels dataset (including blends) has a 

broader and more distributed range of compositions, whereas conventional fuels have a very 

distinctive compositional range. This is due to the large variety of different feedstock and production 

pathways of synthetic jet fuels and the lower number of hydrocarbon components compared to 

conventional ones. Predictive models developed mainly for conventional fuels, may have a challenge 

in correctly predicting over the vast space of possible fuel compositions. 

2.2 Pure compounds data 

To be able to approximate the fuels with representative molecules, a database with 1866 pure 

compounds was built collecting data available at the NIST ThermoData Engine with the NIST Standard 

Reference Database 103a 12, DIPPR 80113, Chemspider 24 and Pubchem 25. The classification of the 



molecules in the different matrix bins is carried out based on the molecular formula and characteristic 

molecular substructures. Further details are given in the supplementary material S2. 

Since the exact molecules in the fuels` compositions are unknown, we assume that the selection from 

the databases is representative for all considered fuel types and properties. In order to review the 

validity of this assumption, we compare the selection from the databases with all possible isomers for 

the different GCxGC bins, based on the molecular formula. To generate all possible isomers, we utilized 

the molecule generator MOLGEN v. 5 26 that generated all possible molecules for a given molecular 

formula of a hydrocarbon family (e.g. CnH2n for mono-cyclo-alkanes for n 1-25). For The generated 

molecules were subsequently classified using characteristic molecular substructures outlined in the 

supplementary material S2. This is a worst-case approximation since the range of possible molecules 

that could actually exist in conventional and synthetic fuels might consist of significantly smaller 

number of molecules. Molecules generated by MOLGEN that could theoretically exist based on the 

molecular formula might never occur in a fuel due to limitations given by the production process. Table 

1 shows the comparison of the number of possible molecules calculated by MOLGEN (column MG) and 

the number of molecules from our databases (column DB). Due to the exponential increase of possible 

isomers and computational limitations for the classification, only calculations up to molecules with 12 

C atoms were executed. For iso-alkanes the numbers above C 12 were taken from the theoretical 

calculations 27.  

We furthermore review the validity of our molecule selection based on a comparison of the chemical 

spaces of the QSPR features that we introduce in 3.2 Chemical space and application domain 

comparison. The percental difference of the area of the chemical spaces spanned by the molecules 

generated by MOLGEN and our selection for all families at a carbon number of C 12 are provided in 

the supplementary material S3. To give an exemplary visual comparison of the chemical spaces we also 

provide a parallel line plot for cyclo-aromatics in the supplementary material S4 with filled areas 

between the minimum and the maximum value for a QSPR feature. 



 

Table 1: Comparison of the number of representative molecules available in the database (DB) and the number of theoretically 
possible molecules, calculated by MOLGEN (MG) 

Table 1 illustrates the exponential increase of possible isomers for jet fuels on the basis of GCxGC data. 

Compared to the possible molecules for C numbers above 12 only a fraction can be considered in this 

work, since no further data is available at the listed sources at the current time. This again illustrates 

the complexity of the property modelling based on GCxGC data. For properties, that are less affected 

by branching effects of isomers e.g. density, this might be less significant for the modelling since 

representative molecules have similar property values. For properties however, that are heavily 

affected by branching effects of isomers the variance of the property values of a GCxGC bin might 

result in significant deviation and uncertainty in the prediction. This could raise the demand for an 

even more detailed form of fuel compositional characterization and representation down to the 

molecular level.  

2.3 Property data 

For the evaluation and approval of jet fuels, values of the density are necessary at 15 °C, of the surface 

tension at 22 °C and of the kinematic viscosity at -40 °C and -20 °C at a pressure of 1 atm. Flash point, 

freezing point and net heat of combustion are measured at laboratory standard conditions. In the 

scope of this work the values utilized for the training and validation data of density, kinematic viscosity 

and surface tension are used from extended temperature range of -40 to 25 °C. This was done for 

reasons of availability of the data, since most of the available pure compound data of the mentioned 

data sources is measured at 20 °C and 25 °C. Because most of the viscosity data is available as dynamic 



viscosity the measurements were divided by density measurements at a temperature +/-0.1 °C of the 

viscosity measurement. For viscosity measurements at temperatures with no corresponding density 

measurement, the trained density models from this work were used to compute a density value at the 

corresponding temperature. Because the mean relative error of the predicted density is around 1 %, 

as will be later shown, the potential error is assumed to be neglectable. 

A detailed summary about the number of data points for pure compounds, conventional and synthetic 

fuels for each property can be found in Table 2. Column #FL (left sub column) lists the number of unique 

fuels and column #DP (right sub column) the total number of datapoints. 

Fuel type Density Kinematic 

viscosity 

Surface 

tension 

Flash point Freezing 

point 

Net heat of 

combustion 

 #FL #DP #FL #DP #FL #DP #FL #DP #FL #DP #FL #DP 

Pure 

compounds 

1866 27481 1090 4003 279 1494 273 732 383 1120 1495 1802 

Convention-

al jet fuels 

82 485 80 204 67 181 78 78 76 76 80 83 

Synthetic jet 

fuels 

50 185 47 91 13 40 44 46 40 42 37 43 

All 1998 28151 1217 4298 359 1715 395 856 499 1238 1612 1928 

Table 2: Number of fluids and data points for each fuel type and the respective fuel property 

To remove outliers the dataset for each property was processed with the modified Z-score by Iglewicz 

and Hoaglin, an outlier detection method for small sample sizes as recommended by NIST 28. 

Datapoints with a Z-score greater 3.5 were removed from the dataset. For the temperature dependent 

properties the outlier detection was carried out for measurements in steps 0.1 °C. 

2.4 Partitioning of correlation data 

To systematically investigate the effects of the presence of fuels in the training data on the predictive 

capability of the models to predict properties of jet fuels, we consider three different training datasets 

resulting in three different models for each property: (1) a dataset of pure compounds (Base dataset), 

(2) a dataset of pure compounds and conventional fuels (Fuel dataset 1) and (3) a dataset consisting 

of data from pure compounds, conventional and synthetic fuels (Fuel dataset 2). By comparing the 

predictions for these three datasets, we assess the effect of the presence of jet fuels in the training 

data to approximate the mixing behavior. Furthermore, we test the ability of the models to correctly 

estimate uncertainty due to different isomers in the GCxGC bin for both conventional and synthetic 

fuels. By assessing the predictions of the Base model, we additionally investigate if the M-QSPR method 



is also applicable for the property prediction of jet fuels in cases where only pure compound data is 

available.  

 

3. M-QSPR Method 

Likewise to the QSPR approach, the M-QSPR approach postulates a relationship between structure and 

property of compounds and assumes similar chemo-physical properties for compounds with similar 

structures and substructures29. Quantitative descriptions of substructures e.g. number of carbon 

atoms in ring and chemo-physical properties, e.g. the molar weight of the molecule, are considered as 

molecular features for the correlation. In contrast to the QSPR approach the features are not only 

calculated for each representative molecule but averaged over a selection of representative molecules 

under consideration of their molar fraction in the fuel. This pseudo-structure is correlated with the 

properties of the jet fuel.  

The selection of the molecular features depends on the respective modelling task. From conclusions 

drawn in previous work by Saldana et al. 

8,10, we chose to solely consider functional group count 

descriptors. These descriptors quantify relevant functional chemical substructures that characterize 

the molecules of the considered families and makes them usable for the QSPR modelling 30. The 

substructures are quantified based on the Simplified Molecular-Input Line-Entry System (SMILES) of 

the respective molecule, using SMILES arbitrary target specifications (SMARTS) 31. The molecular 

features are listed in Table 3. A table with the description each feature can be found in the 

supplementary material S5. 

[CX4H3] [cX3H0](:*)(:*):* [C]=[C]=[C] 

[CX4H2] [cX3H0]-[cX3] [!CX1][C]#[C] 

[CX4H1] [cX3H0](:*)(:*)(:*) [!X1][C]#[C] 

[CX4H0] [cX3H0](:*)(:*)(-[CX4H2R]) [!#1][CH2][!#1] 

[CX3H2] [CX4H2]-[CX4H1]-[CX4H2] [CX3H1]=[CX3H0] 

[CX3H1] [C][C]([!CX1])([!CX1])[!CX1] [CX3H0]=[CX3H0] 

[CX3H0] [!C][C]([C])([C])[C] [CX3H2]=[CX3H1] 

[CX2H1] [C][C]([C])([C])[C] [CX3H1]=[CX3H1] 

[CX2H0] [C][CR]([!C])([!C])[C] [CX3H2]=[CX3H0] 

[CX4H2R] [C][CR]([!C])([C])[C] [c][CX4H3] 

[CX4H1R] [C][CR]([C])([C])[C] [c][CX4H2] 

[CX4H0R] [cH1] [c][CX4H1] 



[CX3H1R] [cH0] [CX2H1]#[CX2H0] 

[CX3H0R] [C]=[C]([!CX1])[!CX1] [CX2H0]#[CX2H0] 

[cX3H1](:*):* [C]=[C]([C])[!C] [R] 

[cX3H0](:*)(:*)* [C]=[C]([C])[C]  

Table 3: Utilized SMARTS codes of molecular features for M-QSPR and QSPR modelling 

To quantify chosen molecular features we used the RDKit Python package, one of this package’s 

functionalities stands in counting occurrences of substructures based on the SMILES 32. An example for 

the quantitative structures of a molecule is given in Figure 2 for 2,3-hydro-2-methly-1H-idene. The 

number behind the SMARTS key shows the count of the molecular feature and describes the 

occurrences of a functional group in the molecule; e.g. for the feature [CX4H3] the count of 1 indicates, 

that the molecule contains 1 methyl-group, the count of 9 for the feature [R] indicates that the 

molecule furthermore contains 9 ring atoms etc. 

 

Figure 2: Quantified molecular features of 2,3-hydro-2-methly-1h-idene, number behind SMART key shows count of molecular 
feature (For reasons of clarity only features that do appear in the properties are shown in the legend). 

In the scope of this work only quantitative descriptions of substructures are considered for the 

correlation to confine the number of possible input features. In future work the effect of chemo-

physical descriptors as input features like the molar weight or the Van-der-Waals volume should be 

investigated. 

3.1 Calculation of M-QSPR Representation 

To calculate the M-QSPR representation of a jet fuel we compute the average occurrence of the 

considered quantitative structures in the fuel. Since the fuel composition is given as GCxGC 

measurement we calculate the mean occurrence of a structural features in a GCxGC bin (molecular 

family and number of C-atoms). We therefore average the occurrence of a quantitative structure for 

all molecules classified to the GCxGC bin. This process is repeated for all considered features in Table 

3, which creates a matrix that lists the mean occurrence of the quantitative structures in each GCxGC 

bin. This mean occurrence matrix is multiplied with the molar fractions of the GCxGC measurements, 

summing up the values of the substructures for all GCxGC bins to compute the M-QSPR representation 

of the fuel as a vector of the considered quantitative substructures. Figure 3 schematizes this process 

for the methyl groups ([CX4H3]) of iso-alkanes with 8 carbon atoms. 



 

Figure 3: Schematic figure of mean occurrence matrix calculation from GCxGC with molar fractions 

In the scope of this we work we assume, that the mean occurrence matrix is representative for all 

considered conventional and synthetic fuels, regardless of their production pathway. If further 

knowledge of possible molecules exists for a production pathway, a unique mean occurrence matrix 

could be calculated from those molecules. 

For GCxGC bins of fuels that do not appear in the mean occurrence matrix, because no representative 

molecules are available in the utilized pure compound database, see Table 1, the values of the mean 

occurrence of bins with a carbon number plus or minus one are used. E.g. for cyclo-aromatics C8, 

molecules from cyclo-aromatics C9 are used. 

3.2 Chemical space and application domain comparison 

The M-QSPR pseudo-structure allows the representation of fuels in the chemical space of the 

considered molecular features with dimensions for each feature. The unified representation raises the 

question for a comparison of the chemical spaces spanned by the considered dataset and thereby a 

comparison of the application domain of the three datasets outlined in 2.4 Partitioning of correlation 

data. To allow a visual comparison of the chemical spaces of the considered pure compounds and the 

M-QSPR representation of the fuels, we provide parallel line plots with filled areas between the 

minimum and the maximum value for a feature in Figure 4. The chemical space of the pure compounds 

is colored in orange, the space of conventional fuels and synthetic fuels is colored in blue and green 

respectively. For reasons of clarity features with zero values for pure compounds and fuels are not 

shown. 



 

 

Figure 4: Parallel line plots with filled area for chemical space between minimum and maximum value in dataset 

The plot illustrates that for all considered features the chemical space and thereby the application 

domain of the pure compounds contains the chemical spaces occupied by the pseudo-structure 

representation of conventional and synthetic fuels. With the exemption of the features that quantify 

cyclic molecule structures the chemical space of the synthetic fuels furthermore contains the space of 

the conventional fuels. As outlined in 2.1 Jet fuel data, this is due to the lower compositional variance 

of conventional fuel compositions. Figure 4 allows a visual comparison of the chemical spaces but does 

not allow an a priori estimation of the influence of the extend of the chemical spaces on the predictive 

capability of the models. We therefore investigate the influence of the training data composition on 

the predictive behavior for the different properties quantitively in the following sections. 

 

4. Probabilistic Machine Learning Model 

4.1 Monte-Carlo Dropout Neural Network 

For the correlation of the fuel properties with the pseudo-structure representations we utilized a Deep 

Neural Network algorithm with the Monte-Carlo Dropout technique (MCNN). The MCNN is a flexible 

Machine Learning algorithm that was developed by Gal and Ghahramani 33. It uses the popular 

regularization dropout technique of deactivating network neurons randomly not only during the 

training but also during the prediction. The prediction of a test dataset is thereby repeated multiple 

times, each time deactivating neurons of the network randomly, which results in varying outputs, 



producing a distribution. Figure 5 illustrates the functionality of the MCNN during the prediction stage. 

Gal and Ghahramani describe this distribution as Bayesian approximation that captures noise of the 

training data and uncertainty of the prediction due to dissimilarity of training and test data. For our 

use case the distribution describes uncertainty due to multiple isomers for a GCxGC bin, the 

uncertainty associated to the approximative description of molecular structures, the measurement 

uncertainty and dissimilarity of training and test data. This is valuable additional information, since the 

predictive capability of Machine Learning models strongly depends on the data used for training and 

validation. The predicted distribution reflects the uncertainty of the prediction, with a narrow 

distribution for a certain prediction and a wider distribution for an uncertain one 34. The distribution 

itself is described by the median value 𝑦𝑝𝑟𝑒𝑑 calculated as median from predicted distribution and an 

upper and lower prediction interval (PI) 𝑦𝑃𝐼
𝑢  and 𝑦𝑃𝐼

𝑙  calculated as percentiles from the predicted 

distribution. The PI describe the range where a set fraction of the values are expected in 34,35.  Figure 5 

illustrates the calculation of 𝑦𝑝𝑟𝑒𝑑 as well as the PI 𝑦𝑃𝐼
𝑢  and 𝑦𝑃𝐼

𝑙 . We assess the validity of the 

distribution and the associated PI as part of the predictive capability assessment of the models. The 

MCNN was written using the python library pytorch 36. 

 

Figure 5: Schematic representation of Monte-Carlo Dropout Neural Network dropout functionality during prediction. Network 
neurons are deactivated randomly (grey) to generate a distribution of perdition values 

4.2 Predictive capability assessment 

For the assessment of the predictive capability of the trained models we utilize an assessment method, 

which we introduced in a recent publication 

6. The method was developed for probabilistic models and 

quantifies the predictive capability based on three metrics that measure the (1) accuracy and (2) 

precision of the prediction as well as (3) validity of the PI. For the accuracy we use the Mean Absolute 

Error (MAE), that calculates the mean of the absolute errors of the prediction value 𝑦𝑝𝑟𝑒𝑑,𝑖 and the 

actual test value 𝑦𝑡𝑒𝑠𝑡,𝑖  for all measurements 𝑖, see Equation 1. The MAE was chosen to prevent 



potential zero denominator calculations. To check the validity of the PI we calculate the Prediction 

Interval Coverage Probability (PICP), see Equation 2, which calculates the average probability that a 

measured test value lies inside between the lower PI 𝑦𝑃𝐼
𝑙 and the upper PI 𝑦𝑃𝐼

𝑢 of the prediction. The 

variable 𝑐𝑖 therefore is a Boolean value; it is 1 if 𝑦𝑃𝐼
𝑙 < 𝑦𝑡𝑒𝑠𝑡 < 𝑦𝑃𝐼

𝑢 and 0 otherwise. If the PICP and 

the set confidence level of PI of the prediction are comparable, predictions do on average lie inside the 

PI and the PI can be considered valid. If this is true for training and testing, the PI is considered reliable. 

The Normalized Mean Prediction Interval Width (NMPIW) measures the precision of the prediction by 

calculating the mean width of the PI relative to a reference width ∆𝑟𝑒𝑓,𝑖, see Equation 3.  

𝑀𝐴𝐸 =
1

𝑛𝑇𝑒𝑠𝑡
∑ 𝑦𝑝𝑟𝑒𝑑,𝑖 − 𝑦𝑡𝑒𝑠𝑡,𝑖

𝑛𝑇𝑒𝑠𝑡

𝑖=1

 

Equation 1 

𝑃𝐼𝐶𝑃 =
1

𝑛𝑇𝑒𝑠𝑡
∑ 𝑐𝑖 ∗ 100 %

𝑛𝑇𝑒𝑠𝑡

𝑖=1

 

Equation 2 

NMPIW =
1

𝑛𝑇𝑒𝑠𝑡
∑

𝑦𝑃𝐼,𝑖
𝑢 − 𝑦𝑃𝐼,𝑖

𝑙

∆𝑟𝑒𝑓,𝑖

𝑛𝑇𝑒𝑠𝑡

𝑖=1

∗ 100 % 

Equation 3 

 

As reference width we chose the reproducibility limits of the property measurement methods. This 

allows a comparison of the predicted uncertainty with the uncertainty of the measurements.  

For cases where the calculated PICP and the set confidence level are not comparable and therefore 

the PI are not valid, we introduce an additional fourth metric. The Mean Absolute Error of Outliers 

(MAOE), measures the mean deviation of outliers to the next upper or lower PI, see Equation 4. This 

error can be used to increase the PI in order to enclose the outliers on average and achieve a PICP of 

close to 100 %. For PICP values below 100 % the MAOE needs to be calculated iteratively. An illustration 

example will be given in the results of the density prediction in section 5.1 Density.  

𝑀𝐴𝑂𝐸 =  
1

𝑛𝑡𝑒𝑠𝑡
∑ 𝑐𝑖 ∗ 𝑚𝑖𝑛(|𝑦𝑃𝐼,𝑖

𝑢 − 𝑦𝑡𝑒𝑠𝑡,𝑖|, |𝑦𝑡𝑒𝑠𝑡,𝑖 − 𝑦𝑃𝐼,𝑖
𝑙|)

𝑛𝑡𝑒𝑠𝑡

𝑖=1

 

Equation 4 

All four metrics are percentage values and allow a comprehensive comparison of the predictive 

capability of probabilistic models. 

4.3 Hyperparameter optimization 

Since the training process of Machine Learning model is essentially an optimization problem 34, the 

choice of the start parameters of this optimization, the hyperparameters of the models, are of great 

importance for the fit of the model. For neural networks the hyperparameters define the topology of 

the network e.g. the number of neurons per layer, as well as the training conditions e.g. the learning 



rate. We furthermore consider the choice of an adequate scaler for input and output data a 

hyperparameter of the model. The complete list of hyperparameters as well as their considered 

options for the optimization can be found in the supplementary material S6. For the optimization of 

the weights and biases of neural network during the training we used the adaptive moment estimation 

(ADAM) 37 optimizer for all models.  

These hyperparameters must be optimized before the actual cross-validation of the model. For this we 

used the principle of Bayesian optimization with a Gaussian Process Regressor with a Matern kernel 

function from the python library scikit-optimize 38, to optimize the hyperparameters in an optimization 

loop over 30 iterations. For each loop a 4-fold-cross-validation is computed. As data for the cross-

validation optimization we utilized 800 stratified random samples with set fraction of 30% for fuels 

and 70% for pure compounds due to computational limitation. For the pure compounds the stratified 

samples were picked from groups based on the hydrocarbon family and the number of C atoms in the 

molecule in steps of 5, creating 35 classes, e.g. iso-alkanes 1-5 and iso-alkanes 6-10. For fuels the 

samples were picked from the conventional and synthetic fuel class. This stratified sampling approach 

guarantees the presence of both pure compounds and fuels in the data for the hyperparameter 

optimization. The number of samples and the range of the C atoms for the pure compounds was 

chosen arbitrary and proved to return sufficient results. No further investigations with other numbers 

of samples or the range of C atoms were undertaken. 

As loss function for the hyperparameter optimization we utilized a custom function based on the Root 

Mean Squared Error (RMSE), see Equation 5. The loss function furthermore considers the two 

predictive capability metrics PICP and NMPIW, see Equation 6. For the PICP a target confidence level 

of 95 % was set for the confidence level of the model. The NMPIW relates the precision of the 

prediction to the reproducibility limits of the measurements. To constrain the maximum influence of 

the precision of the predictions on the hyperparameter optimization we set a maximum of 2 in 

Equation 6. Without this constraint the hyperparameter optimization could tend to dominantly focus 

on the precision and disregard the validity of the PI. The optimization aims at returning 

hyperparameters of an optimal model, that is as accurate and precise as possible with PI that comply 

as closely as possible to the set PICP target of 95 %. The most optimal model will probably not comply 

to all set thresholds of accuracy, validity and precision since the loss function describes a trade-off 

between the metrics. The introduction of additional weights for the different metrics in the loss 

function could force the compliance of one metric to a critical threshold, if required for the use case. 

Since the goal of this work is a comparison of the models and not their adequacy for a specific use case, 

the presented loss function is regarded as sufficient. 



 

𝑅𝑀𝑆𝐸 = √
1

𝑛𝑇𝑒𝑠𝑡
∑ (𝑦𝑝𝑟𝑒𝑑,𝑖 − 𝑦𝑡𝑒𝑠𝑡,𝑖)

2

𝑛𝑇𝑒𝑠𝑡

𝑖=1

 

Equation 5 

 
𝑙𝑜𝑠𝑠𝑜𝑝𝑡 = 𝑅𝑀𝑆𝐸 (1 +

max (0, 95 − 𝑃𝐼𝐶𝑃)

100

+ 𝑚𝑖𝑛 (2,
max (0, 𝑁𝑀𝑃𝐼𝑊 − 100)

100
)) 

Equation 6 

 

The hyperparameter configuration that yield the lowest average 𝑙𝑜𝑠𝑠𝑜𝑝𝑡 for a model in the cross-

validation over all 30 iterations, is chosen as optimal configuration for the training with all data points 

of the three datasets.  

 

5. Results and Discussion 

To investigate the M-QSPR method we assess the predictive capability of the three models and the 

dependency of the method on the training data based on the prediction of 82 conventional and 50 

synthetic fuels. For each property and dataset, the hyperparameters of the models were optimized 

using the process explained in 4.3 Hyperparameter optimization, before the training and cross-

validation on the full datasets. The trained models thus differ only by the basis of the utilized training 

datasets. 

We review the influence of the presence of fuel measurements in the training data by comparing the 

predictions of three models, trained on different datasets: 1) on a dataset of pure compounds (Base 

model), 2) on a dataset of pure compounds and conventional fuels (Fuel model 1), and 3) on a dataset 

consisting of data from pure compounds, conventional and synthetic fuels (Fuel model 2). We thereby 

investigate the ability of the M-QSPR Machine Learning model to approximate the mixing behavior for 

different fuel properties and fuel types with and without the presence of fuels of different fuel types 

in the training data. The prediction results are assessed with respect to state-of-the art mixing rules 

utilized for QSPR methods, that approximate jet fuels as mixtures of pure compounds, to explain 

possible errors of the Base models. 

The assessment is presented for the investigated properties: density, freezing point, flash point, net 

heat of combustion, surface tension and kinematic viscosity according to the following structure. The 

prediction results of the models are presented as unity plots. The predicted value is thereby plotted 

against the corresponding measurement. The estimated prediction intervals (PI) for a 95 % confidence 



level are indicated as error bars. Values of conventional fuels are displayed in blue, values of synthetic 

fuels are displayed in green. If prediction and measurement are in perfect accordance, the marker lies 

on the unity line, plotted in black. As additional frame of reference the measurement reproducibility, 

taken from CRC Report No. AV-23-15/17 39, see Table 4, are indicted as dashed gray lines in the figures. 

The predictive capability metrics are calculated separately for the conventional and the synthetic fuels 

and are provided in tables. For the Base model the metrics are calculated from the predictions of the 

fuels as hold-out data, meaning the fuel data was not used in cross-validation of the Base model. Since 

for the other two models (Fuel model 1 and Fuel model 2) fuels are part of the cross-validation data, 

the predictions are therefore taken from the testing stage of the 4-fold cross-validation of the 

optimized models. The validity metric PICP of the models is calculated with respect to the 

reproducibility limits, therefore if the measurement lies within the predicted PI +/- the reproducibility 

limit, the PI are considered valid. Results of the cross-validation of the pure compounds are not 

discussed as part of this work. The corresponding unity plots and the calculated metrics of the pure 

compounds can be found in the supplementary material S7. For the calculation of the PICP of the pure 

compounds it was assumed, that the reproducibility of the test methods of the jet fuels also apply for 

the measurement of the pure compounds. 

Property ASTM Method Reproducibility 

Density, kg/m3 D4052 0.52 

Flash point, °C IP 170 3.2 

Freezing point, °C D5972 0.8 

Net heat of combustion, MJ/kg D4809 0.324 

Surface Tension, mN/m D971 0.1*X 

Viscosity, mm2/s D445 0.019*X 

Table 4: Minimum Standard Error of Prediction of selected properties as reported and computed relative error based on 
reference jet fuel, X variable stands for measured property value. 

5.1 Density 

The results of the density prediction for the three models are given in the unity plots in Figure 6. In all 

three plots the predictions of models lie close to the unity line. Therefore, all models regardless of the 

training data are able to compute physically correct results. This shows that all models calculate a valid 

mixing behavior regardless of their training data.   

The predictive capability metrics in the bar plot in Figure 7 reflect the observations from the unity plot. 

Accuracy, validity and precision are similar for all models. With a MAE of around 2 kg/m3 for 

conventional fuels and 5.5 to 6 kg/m3 for synthetic fuels, the accuracy is comparable with the results 

in the literature; 1.6-2.2 kg/m3 


5,40  for conventional and 5.06 kg/m3 for synthetic fuels 15. However, the 



direct comparison of the results of this work with the results reported in the literature is questionable, 

since the number and the composition of the validation datasets are not identical. The PICP of the 

synthetic fuels around 74-79 % compared to PICP of the conventional fuels of over 95 % is striking 

(black horizontal line in Figure 7). This means, that only the PI of the predictions of conventional fuels 

can be considered valid and reliable. For the synthetic fuels the PI are not valid and the prediction 

interval is not expressive. To make the PI valid, the calculated MAOE has to be considered. For the 

example of the predictions for the synthetic fuels with the Fuel model 2 a PICP of 74.45 % is calculated, 

therefore only 74.45 % of the measurements lie on average inside the prediction intervals. To 

statistically enclose all measurements the MAOE of 4.94 kg/m3 from the table in Figure 7 has to be 

counted in. E.g. for a prediction with a median of 800 kg/m3, an upper PI of 805 kg/m3 and a lower PI 

of 795 kg/m3 the upper and the lower PI have to be increased to 809.94 kg/m3 and 790.06 kg/m3. The 

lower PICP is due to distinct outliers of the synthetic fuels, see Figure 6. Those are outliers originate 

from synthetic fuels with a large fraction of iso-alkanes at specific number of carbon atoms and 

probably consist of only a few molecules that are not further identified with the GCxGC measurement. 

With the exception of the distinct outliers at 726 and 790 kg/m3 the outliers are physically possible. 

This is asserted by calculating the possible value range for those fuels considering only molecules 

within lower and upper 2.5 % percentiles predicted densities. The densities for those compounds are 

estimated with the Base model and the range bulk density of the fuels is calculated using the 

recommended linear mixing rule, see Equation 7. These estimated lower and upper bounds of the 

physically possible densities are not shown in the scope of this work. 

The NMPIW is comparable for all three considered models. The high values of up to over 3000 % 

illustrate, that the estimated uncertainty exceed the reproducibility of measurement method by a 

factor of 30. Since utilized composition and property measurements originate from different 

laboratories this high uncertainty is comprehensible, even for a relatively large dataset like this. 

 

Figure 6: Unity plots of density prediction for three M-QSPR models, unity line (solid black line), reproducibility limits (black-
dashed grey line)  



 

Figure 7: Bar plots and tables of predictive capability metrics of density predictions 

The high accuracy of all models and therefore the good modelling of the mixing behavior, regardless 

of the training dataset, is comprehensible considering the utilized modelling principle of the M-QSPR 

method. The M-QSPR representations of the fuels are calculated by computing the linear average of 

the considered quantitative structures, weighted by the molar fractions of the GCxGC bins. This 

principle is similar to the mixing rule recommended by the literature. The literature recommends a 

linear mixing rule  where the fuel density 𝜌𝑚𝑖𝑥  is computed as the sum of the density of the contained 

pure compound 𝜌𝑖 weighted by the mass fraction 𝑤𝑖, see Equation 7 41. 

 𝜌𝑚𝑖𝑥 = ∑ 𝑤𝑖 ∗ 𝜌𝑖

𝑖

 
Equation 7 

The results show, that the modelling of the density of conventional and synthetic jet fuels with the M-

QSPR method is possible even without the presence of fuels in the dataset. The overall predictive 

capabilities are comparable. For the prediction of synthetic fuels, that are probably composed of only 

a few unidentified molecules, significant outliers can occur. To statistically enclose those outliers in the 

PI of the predictions, the MAOE hast to be considered.  

 

5.2 Freezing point 

In contrast to the results of the density, the predictions of the Base model in Figure 8 show strong 

deviations from the unity line both for conventional and synthetic fuels. The Base model strongly 

underpredicts freezing point of the fuels. However, the results of the models trained both on pure 

components and fuels lie closer to the unity lie. The presence of fuels in the training data is therefore 

essential for the accurate predictions of freezing point using M-QSPR models. The comparison of the 

MAE with results from other methods in the literature show comparable results for the conventional 

fuels with a MAE of 3.26 °C to 1-4 °C 40 and poorer results for the synthetic fuels with a MAE of 12.4 °C 



to 5.06 °C 15. Again, the exact comparability of the results of this work and the literature mentioned is 

questionable, since the number and the composition of the validation datasets are not identical. 

The predicted PI in the unity plots are larger compared to the density prediction for all models, 

indicating a greater uncertainty in the property prediction. Furthermore, a strong horizontal scattering 

of the predictions with partly significant deviations is visible for all models, especially for the 

predictions of synthetic fuels. The comparison of the predictive capability metrics of the models in 

Figure 9 shows a clear increase in accuracy and the validity of the PI for the Fuel model 1 and the Fuel 

model 2. Apart from the predictions of the conventional fuels of Fuel model 1 and Fuel model 2, the 

PICP of the synthetic fuels are largely inferior to 95 %, the PI are therefore not valid and reliable. 

Likewise to the density, the estimated MAOE has to be considered to increase the PI to enclose the 

outliers. 

 

Figure 8: Unity plots of freezing point prediction for three M-QSPR models, unity line (solid black line), reproducibility limits 
(dashed grey line) 

 

Figure 9: Bar plots and tables of predictive capability metrics of freezing point predictions 

As the freezing point is a difficult fuel property to model with functional group count descriptors, the 

deviations of the Base model are comprehensible. The freezing of a multicomponent mixture is a 



complicated process. Fuel components with higher freezing point start to crystalize and serve as 

crystallization seed for components with lower freezing point values 42. As the principle of the M-QSPR 

method relies on a linear average of the substructures, that assumes no interactions, this could explain 

the strong underestimation of the Base model. For QSPR models that calculate the freezing point as 

mixture of pure compounds, the literature recommends a mixing rule that uses freezing indices I𝑓𝑟,𝑖 of 

pure compounds to calculate the freezing point of the mixture 𝑇𝑓𝑙,𝑚𝑖𝑥 Equation 8 to Equation 10 42. 

The freezing index of the mixture 𝐼𝑓𝑟,𝑚𝑖𝑥 is thereby calculated under consideration of the volume 

fraction 𝑣𝑖.  

 I𝑓𝑟,𝑖 = 3.23 ∗ 10−6 ∗ 1.067𝑇𝑓𝑟,𝑖  Equation 8 

 𝐼𝑓𝑟,𝑚𝑖𝑥 = ∑ 𝑣𝑖 ∗ 𝐼𝑓𝑟,𝑖

𝑖

 
Equation 9 

 𝑇𝑓𝑙,𝑚𝑖𝑥 = 193.798 + 15.379 ∗ ln(𝐼𝑓𝑟,𝑚𝑖𝑥𝑙) Equation 10 

The mixing rule illustrates the complexity of the freezing point modelling problem. The ability of the 

M-QSPR approach to directly incorporate fuel data in the training data resolves the need of a 

complicated mixing rule by learning the mixing rule implicitly. This verifiably increases the predictive 

capability of the models.  

However, the scattering observed for the outliers of the synthetic fuels in unit plots indicate a 

systematic error. This scattering could be due to the smaller dataset of the freezing point with 499 

unique pure compounds and fuels compared to the density 1998 and a disproportion in variance 

between the input and the output data. The variance in the M-QSPR representation of the fuels might 

not be sufficient to predict the values in the variance in the freezing points. The addition of further 

chemo-physical features could increase the variance and reduce the observed error. If the horizontal 

scattering is not reduced further by the presence of additional chemo-physical features, a more 

detailed representation of the fuel composition, up to the molecular level, might be necessary. Due to 

the small amount of data however a definite statement is difficult. 

5.3 Flash point 

The unity plots for the flash point predictions are displayed in Figure 10. Predictions of all models follow 

the unity line. Similar to the freezing point however, significant horizontal scattering is observed, 

especially for synthetic fuel predictions. The outliers correspond predominantly to fuels with a large 

fraction of iso-alkanes. The PI are significantly wider compared to the density prediction, indicating 

greater prediction uncertainty. The comparison of the predictive capability metrics in Figure 11 shows 

similar results for all models with similar accuracies for all models. The calculated MAE for conventional 

fuels of 3.5°C is comparable to results reported in the literature of 2.5-4°C 40 and slightly poorer for the 

synthetic fuels, 6-7 °C to 3°C 15. The different number and compositions of the validation data make a 



direct comparison questionable. The PICP of the synthetic fuels for all models do not comply to the set 

limit of 95 %, the PI are therefore not valid and reliable and the use of the MAOE is necessary to enclose 

the observed outliers. Higher uncertainty as well as the scattering and deviation can probably be 

attributed to noise in the data due to higher reproducibility uncertainties, see Table 4, the smaller 

dataset compared to other properties and similarly to the freezing point to a disproportion in the 

variance of the input and the output of the models. This could, similarly to the freezing point, be the 

reason for the lower accuracies. Furthermore, the test methods of the flash point measurements for 

the pure compounds could differ from the one of the fuels. The reproducibility for the pure compounds 

could therefore surpass the reproducibility of the measurement of the jet fuels, inducing an even 

greater noise in the training data. Since information about the reproducibility of pure compound 

measurements are unknown, the impact cannot be estimated. 

 

Figure 10: Unity plots of flash point prediction for three M-QSPR models, unity line (solid black line), reproducibility limits 
(dashed grey line) 

 

 

Figure 11: Bar plots and tables of predictive capability metrics of flash point predictions 



For QSPR based methods, that calculate the flash point for a fuel as mixture of pure compounds, a 

similar method to the one of the freezing point is recommended in the literature 43,44. The flash point 

of the fuel 𝑇𝑓𝑙,𝑚𝑖𝑥 is calculated on the basis of the ignition indices of the pure compounds 𝐼𝑓𝑙,𝑖  which 

are calculated from the 𝑇𝑓𝑙,𝑖 in K, see Equation 11 to Equation 13. The consideration of the mixing 

rule can therefore not explain similar prediction accuracies of the model 

 
lg(𝐼𝑓𝑙,𝑖) = −6.1188 +

2414

𝑇𝑓𝑙,𝑖 + 503.71
 

Equation 11 

 𝐼𝑓𝑙,𝑚𝑖𝑥 = ∑ 𝑣𝑖 ∗ 𝐼𝑓𝑙,𝑖

𝑖

 
Equation 12 

 
𝑇𝑓𝑙,𝑚𝑖𝑥 =

2414

6.1188 + lg(𝐼𝑓𝑙,𝑚𝑖𝑥)
+ 42.59 

Equation 13 

Similarly to the freezing point, the observed horizontal scattering could potentially be reduced by 

increasing the dataset and by the addition of further chemo-physical QSPR features beyond the 

structural features included in this work. If the scattering does not decrease a more detailed 

representation of the fuel composition that differentiates between isomers might be necessary, 

especially for synthetic fuels with a large fraction of iso-alkanes.  

5.4 Net heat of combustion 

The predictions of the net heat of combustion are displayed in the unity plots in Figure 12. Most of the 

predictions for conventional and synthetic fuels lie inside the reproducibility limits of ±0.324 MJ/kg for 

all three models. The M-QSPR method can therefore correctly approximate the mixing behavior of 

fuels even for models solely trained on pure compound data. However, the comparison of the unity 

plots of the models shows a systematic deviation for the conventional fuels predictions of the Base 

model, this could be due to a systematic difference in the measurement methods, since the 

measurement method of the pure compounds is often not listed in the utilized databases. For the 

models that were trained on fuels the systematic deviation decreases. For a group of synthetic fuels in 

the value range of 43.8 to 44.3 MJ/kg a systematic horizontal deviation is visible. This systematic error 

was also observed for fuels with similar net heat of combustion by Yang et. al 15. These datapoints 

belong to synthetic fuels with a large fraction of iso-alkanes. Likewise to the freezing point, this 

systematic error might be due to insufficient variance in the M-QSPR representation or the influence 

of distinct isomers that are not identified by GCxGC measurement. 

The comparison of the predictive capability metrics in Figure 13 shows a clear increase of the predictive 

capability with the addition of fuel data to the dataset, especially with respect to the accuracy of the 

models for the prediction of conventional fuels. The calculated MAE of 0.09-0.12 MJ/kg is comparable 

to results reported in the literature 0.02-0.3 MJ/kg 15,40. The PICP of the predictions comply to the set 



95% for all models. The precision expressed by the NMPIW is almost identical for both fuel groups and 

all models and similar to the reported reproducibility of the measurement method. 

 

Figure 12: Unity plots of net heat of combustion prediction for three M-QSPR models, unity line (solid black line), reproducibility 
limits (dashed grey line) 

 

Figure 13: Bar plots and tables of predictive capability metrics of net heat of combustions predictions 

The literature recommends a linear mixing rule weighted by mass fraction 𝑤𝑖 to calculate the net heat 

of combustion of a fuel 𝐻𝑂𝐶𝑚𝑖𝑥 as mixture of pure components with individual net heat of combustion 

𝐻𝑂𝐶𝑖, see Equation 14 43. 

 𝐻𝑂𝐶𝑚𝑖𝑥 = ∑ 𝑤𝑖 ∗ 𝐻𝑂𝐶𝑖

𝑖

 
Equation 14 

The increase in accuracy for the Fuel model 1 and the Fuel model 2 can probably be attributed to the 

correction of a systematic offset of the measurement methods of pure compound and fuels or an 

adjustment of the mean molecule selection to better fit the correlation property on the fuels data in 

the training dataset. The observed systematic error for synthetic fuels could potentially be reduced by 

the addition of further chemo-physical descriptors. If the error is not reducible, the GCxGC 

representation of the fuel composition might not provide enough variance to correctly model the net 



heat of combustion for synthetic fuels. A more detailed description of the fuel up to the molecular 

level might be necessary, likewise to the freezing point and the flash point.  

5.4 Surface tension 

The results of the surface tension show a similar behavior as the ones of the density. The predictions 

shown in Figure 14 lie close to the unity line and most of the predictions lie inside the uncertainty 

region of the reproducibility of 10 % of the measured value. All three models calculate the correct 

mixing behavior regardless of the training data composition. The predictive capability metrics reflect 

this observation. The accuracy, validity and precision are similar for all three models. The MAE of 0.36-

0.62 mN/m is similar to values reported in the literature 0.49 mN/m 21. However, it has to be noted 

that the direct comparison of the accuracies with results in the literature is questionable, since the 

number and composition of the validation data differs. The set PICP 95 % is met by every model. The 

NMPIW corresponds to 80-90 % of the reproducibility of the measurement method. 

 

Figure 14: Prediction results of the surface tension as unity plots and comparison of predictive capability metrics as bar plots 

 

Figure 15: Bar plots and tables of predictive capability metrics of surface tension predictions 



Likewise to density and net heat of combustion, the literature recommends a linear mixing rule for the 

calculation of the surface tension of fuel 𝜎𝑚𝑖𝑥 as mixture of pure compounds 𝜎𝑖 weighted by the mass 

fraction 𝑤𝑖, see Equation 15 45. The results illustrate, that the modelling of the surface tension with the 

M-QSPR method is possible for conventional and synthetic jet fuels even without their presence in the 

training data. 

 𝜎𝑚𝑖𝑥 = ∑ 𝑤𝑖 ∗ 𝜎𝑖

𝑖

 
Equation 15 

5.5 Kinematic viscosity 

The results for the prediction of the kinematic viscosity are displayed in Figure 16. For the Base model 

a systematic non-linear deviation is visible in the unity plot for values above 8 mm2/s, a trend that was 

also observed by Yang et al. for the kinematic viscosity predictions of synthetic fuels 15. These values 

correspond to the low temperature range below -20 °C and can probably be attributed to low 

temperature behavior of jet fuels. Similar to the freezing point the presence of components with a 

higher freezing point strongly influence the viscosity due to wax formation at higher temperatures 42. 

This results in higher viscosities at low temperatures, which the Base model, trained solely on pure 

compounds, can not describe based on the underlying linear average of the M-QSPR method. The 

addition of both conventional and synthetic fuels to the training data significantly improves the 

predictions at low temperatures. The predictive capability metrics in Figure 17 illustrate this by a 

significant increase in the accuracy with a lower MAE and in the validity of the PI with a higher PICP. 

However, with exception of the results for synthetic fuels of the Fuel model 2 the PICP are not reliable. 

Therefore, the PI have to be increased with the computed MAOE, see 5.1 Density, to make the intervals 

valid and applicable quantitatively. The calculated MAE of 0.27-0.68 mm2/s is better compared to 

values reported in the literature 0.68 (-20 °C) to 2.38 (-40°C) 15. However, since the number and 

composition of considered fuels differs from the ones reported in the literature, a direct comparison 

is questionable. 



 

Figure 16: Prediction results of the kinematic viscosity as unity plots and comparison of predictive capability metrics as bar 
plots 

 

Figure 17: Bar plots and tables of predictive capability metrics of kinematic viscosity predictions 

The poor results of the Base model are comprehensible due to the mentioned low temperature 

behavior of jet fuels. To model the kinematic viscosity with the QSPR method for fuels as mixtures of 

pure components the Grunberg-Nissan mixing rule is recommended in the literature, see Equation 16 

46. 

 
𝑙𝑛(𝜈𝑚𝑖𝑥) = ∑ 𝑤𝑖 ∗ 𝑙𝑛(𝜈𝑚𝑖𝑥) +

𝑖

1

2
∑ ∑ 𝑤𝑖𝑤𝑗𝐺𝑖𝑗

𝑛

𝑗=1,𝑗≠𝑖

𝑛

𝑖=1

 Equation 16 

This is a logarithmic mixing rule that calculates the viscosity of the fuel 𝜈𝑚𝑖𝑥 as the sum of the 

logarithmic viscosities of the pure compounds 𝜈𝑖 weighted by the mass fraction 𝑤𝑖. To consider the 

interactions of the fuel components the mixing rule contains binary interation coefficients 𝐺𝑖𝑗, to 

account for the mentioned mutual influcene of fuel components at low temperaturs. In practice, these 

binary interactions are often unknown and are therefore not considered in calculation of the mixing 

rule 41. The results of the kinematic viscosity clearly show the benefit of the M-QSPR method of directly 



incoporating fuel measurements in the training data. The mixing rule and interaction are then learned 

directly and hence, evidently improve the predictive capability of the models.  

 

6. Summary and Outlook 

Model-based tools which are able to predict critical fuel properties based on measurements from small 

fuel volumes are regarded a key enabler technology in the field of jet fuel screening and development. 

They bear the potential to significantly reduce time and cost for the approval of new synthetic jet fuel 

candidates. The high accuracy requirements for fuel screening require accurate predictions over the 

complete application domain of the models. The vast range of possible fuel compositions thereby 

complicates the model development. Models based on the Quantitative Structure-Property 

Relationship (QSPR) method have the potential to model fuels over the whole range of potential fuel 

compositions due to the amount of data available for pure compounds. However, QSPR models are 

not able to directly train on data of fuels and consequently need to rely on empirical mixing rules to 

calculate the bulk property of fuels. Furthermore, the established QSPR models utilize deterministic 

models that do not compute potential uncertainties in the predictions that stem from uncertainties in 

model inputs and training data like unidentified isomers in the fuel compositions or measurement 

uncertainties. The consideration of those uncertainties however is needed to correctly quantify the 

predictive capability of a model.  

We presented a Mean Quantitative Structure-Property Relationship (M-QSPR) method with Monte-

Carlo dropout neural network (MCNN), a probabilistic Machine Learning algorithm. The M-QSPR allows 

the training on both pure compounds and fuels. This drastically increases the amount of training data 

and makes empirical mixing rules for M-QSPR models obsolete. The probabilistic correlation models 

allow the prediction of uncertainties due to unidentified isomers, measurement noise and dissimilarity 

of training and test data without the need of time-consuming sampling of the predictions. In the 

context of this study, the method was applied for the modelling of jet fuels based on low volume 

measurements of two-dimensional gas chromatography (GCxGC). The presented M-QSPR approach 

represents fuels as pseudo-structures. These representations are computed from averaged 

quantitative structural features of potential molecules in the fuels, weighted by molar fractions from 

the GCxGC bins (molecular family and number of C-atoms) that the molecules are classified to. To 

determine the pseudo-structures, 1866 possible representative molecules from 7 hydrocarbon 

families are considered to compute a representation with 47 structural features. This fuel 

representation was correlated with the properties density, viscosity, surface tension, freezing point, 

flash point and net heat of combustion, which are critical properties for the screening and 



development of jet fuel candidates. We investigated the ability of the M-QSPR method to predict the 

properties and approximate the mixing behavior both with and without the presence of fuels in the 

training data with three different datasets: 1) only pure component data, 2) data from pure 

components and conventional fuels, and 3) data from pure components, conventional fuels and 

synthetic fuels. All three models are tested/cross-validated on the selection of 82 conventional fuels 

and 50 synthetic fuels. The prediction results of the three models were compared on four metrics that 

quantify accuracy as well as the precision and reliability of prediction intervals of the probabilistic 

models.  

For prediction of the density, surface tension and net heat of combustion the M-QSPR method yield 

highly accurate results even without the presence of fuels in the training data. This was explained by 

the linear mixing behavior of these properties, which corresponds to the way quantitative 

substructures of molecules are averaged by M-QSPR method. For the freezing point and kinematic 

viscosity at temperatures below -20°C, the fuel presence was found to be essential to correctly 

estimate the mixing behavior. The presence of fuels allows the models to directly learn low the 

temperature behavior of the fuel, caused by complex interactions by the fuel components. It was 

thereby observed that the presence of conventional fuels was often sufficient to achieve accurate 

results. The addition of synthetic fuels shows only small additional improvements in the predictive 

capability of the models. For freezing point, flash point and the net heat of combustion significant 

prediction outliers and systematic errors were observed, especially for synthetic fuels with a high 

fraction of iso-alkanes. This could be due to the smaller dataset compared to the other properties or a 

significant disproportion between the variance of the input and output data. The variance in the M-

QSPR representation could not be sufficient to correctly estimate within the variance of the property 

values. This could be improved by including chemo-physical descriptors beyond the considered 

functional group descriptors as part of the input features. If the systematic errors are not reduced the 

deviations are most likely causes by the influence of isomers that are not further identified by the 

GCxGC measurements. A more detailed description of the fuel composition down to the molecular 

level might be necessary to accurately predict the listed properties for corresponding synthetic fuels. 

The results show the clear benefit of the M-QSPR method to train models on data from both pure 

compounds and fuels to robustly and accurately predict properties over the vast range of possible jet 

fuel compositions. The ability of the utilized probabilistic models to predict an uncertainty distribution 

was found to deliver valuable additional information. Even though the predicted prediction intervals 

did not contain the required 95 % of the measurements for several cases, they can be used for the 

uncertainty quantification of the predictions under consideration of the calculated mean error of 

outliers. The accuracies of the property predictions are comparable with results of other methods 



reported in the literature. A direct comparison of the results is however questionable, since the 

number and composition of the validation fuels differ. A systematic comparison of presented M-QSPR 

method with other methods like the QSPR method or the method of direct correlation should be the 

next step. Models from different methods utilizing the same GCxGC measurements (hydrocarbon-

families and carbon atom range) should be validated on a set of representative conventional and 

synthetic reference jet fuels based on unified predictive capability metrics. This would allow an 

unbiased comparison of the different methods and reveal their advantages and disadvantages. 

Furthermore, the considered structural features should be extended by chemo physical molecular 

descriptors e.g. the Van-der-Waals volume to investigate potential improvements for the modelling 

with the M-QSPR method. 
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