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Abstract

In this work, we introduce a novel approach for predicting thermodynamic properties
of binary mixtures, which we call the similarity-based method (SBM). The method
is based on quantifying the pairwise similarity of components, which we achieve by
comparing quantum-chemical descriptors of the components, namely o-profiles. The
basic idea behind the approach is that mixtures with similar pairs of components will
have similar thermodynamic properties. The SBM is trained on a matrix that contains
some data for a given property for different binary mixtures; the missing entries are
then predicted by the SBM. As an example, we consider the prediction of isothermal
activity coefficients at infinite dilution (’y%o ) and show that the SBM outperforms the
well-established physical methods modified UNIFAC (Dortmund) and COSMO-SAC-
dsp. In this case, the matrix is only sparsely occupied, and it is shown that the SBM

works also if only a limited number of data for similar mixtures is available. The SBM



idea can be transferred to any mixture property and is a powerful tool for generating

essential data for many applications.

Introduction

Thermodynamic properties of mixtures are fundamental for the design and optimization of
processes. In this work, we describe a novel approach for predicting properties of binary mix-
tures based on similarities between components. This novel similarity-based method (SBM)
is built on the fundamental assumption that similar components exhibit similar properties
(similia similibus solvuntur), making component similarities highly informative inputs for
predictive thermodynamic models.

Molecular similarity is commonly used in computational chemistry and pharmaceutical
research for database searching and component selection in high-throughput screening. The
goal of these applications is to find components that exhibit a behavior that is similar to
that of a reference component with desired properties. This is achieved by identifying similar
substructures or calculating overall similarity measures, resulting in a list of the most similar
molecules in the database and, ultimately, guiding drug discovery and optimization. To
perform these pairwise molecular comparisons, a molecular representation of the components
and a method to evaluate the similarity based on these representations are required. Various
approaches have been proposed for this purpose in the literature, each with its own merits
and limitations. »2

The most common molecular representations for similarity searches are molecular finger-
prints, which encode structural information into bit vectors, such as the presence of specific
functional groups.?? Analyzing fingerprint similarities is computationally efficient, as it only
involves comparing bit strings. The Tanimoto coefficient is the most popular metric for
assessing fingerprint similarity.®® Other molecular representations for assessing similarity

include molecular graphs, molecular descriptor vectors, SMILES, SMARTS, and pharma-



cophores. 126 Molecular descriptors based on quantum-chemical charge distribution calcula-
tions, such as o-profiles,” are rarely used to assess similarities in pharmaceutical research,
despite their potential.®*

While the idea of using similarities is implicitly at the heart of many models for predict-
ing thermodynamic properties for unstudied systems, our similarity-based method (SBM)
exploits that idea based on a measure of similarity directly.

Among the thermodynamic properties of mixtures, the activity coefficient is particu-
larly significant since it quantifies the non-ideality of liquid mixtures, which is essential for
accurately modeling reaction and phase equilibria.'® A highly informative limiting case is
the activity coefficient ;¥ of a solute 4 infinitely diluted in a solvent j, as many mixture
properties can be predicted based on the knowledge of the limiting activity coefficients. How-
ever, despite their importance, experimental data for 77 are scarce, even in comprehensive
databases for thermophysical properties such as the Dortmund Data Bank,!! due to the high
cost and time required for their measurement.!'*!3 Consequently, reliable prediction methods
are essential.

Activity coefficients are usually calculated from models of the Gibbs excess energy GF.
Predictions for binary mixtures for which no data are available can be obtained from group-
contribution methods, e.g., UNIFAC!! and modified UNIFAC (Dortmund)!®!7. These
models decompose molecules into structural groups and estimate interactions between these
groups based on pre-tabulated parameters derived from experimental data. These methods
enable predictions for mixtures or components that were not part of the training data set; the
only prerequisite is that all relevant pairs of structural groups need to be parameterized. An
alternative to group-contribution methods is COSMO-RS %19 which models intermolecular
interactions based on quantum-chemical component descriptors, the o-profiles. The o-profile
represents the probability distribution p(o) of the screening charge density o over the surface
segments of a molecule embedded in an electrically conductive continuum, and thus indicates

how the surface area of the molecule is partitioned among different o7. Open-source versions



of COSMO-RS include COSMO-SAC?%2! and COSMO-SAC-dsp??, which rely on similar
principles but introduce additional modifications to improve prediction accuracy.

In addition to these physical prediction methods, new machine learning (ML) methods
and hybrid models that combine physics with ML have been developed recently.?*?* These
methods include graph neural networks (GNN),?® transformer models,?® and matrix comple-
tion methods (MCM).2"2% Additionally, many ML methods have been developed to predict
activity coefficients over the entire concentration range, which could also be applied to the
special case of activity coefficients at infinite dilution.3034

We apply the SBM here to predict activity coefficients at infinite dilution ;7 in binary
mixtures. The SBM thereby relies on two sources of information: a novel similarity mea-
sure Sy, between two components m and n and available experimental data for 77¥. The
similarity measure .S,,, is based on a comparison of o-profiles of the pair of components
and used to screen the experimental database, identifying 77 values from similar mixtures
that are then used for predictions by imputation. We benchmark the developed SBM with
modified UNIFAC (Dortmund),!” COSMO-SAC,?! and COSMO-SAC-dsp? as three well-
established physics-based methods for predicting +77. Modified UNIFAC (Dortmund) is
limited by the availability of pair-interaction parameters that must be fitted to suitable ex-
perimental data, which is not always feasible due to sparse data. In contrast, COSMO-SAC
and COSMO-SAC-dsp rely primarily on quantum-chemical calculations with only a few ad-
justable parameters, enabling a larger scope. However, these methods typically exhibit lower
prediction accuracy. The SBM aims to provide an alternative to all of these methods by al-
lowing users to tailor the balance between a larger scope and higher prediction accuracy to
their specific needs. This is achieved by specifying how high the similarity score must be
for a mixture to be included in the prediction process, enabling users to prioritize either
accuracy or applicability depending on the chosen threshold. We emphasize that the SBM
for predicting ;7 is an example; the approach is generic and can be transferred to any other

binary property.



Database

Experimental data on activity coefficients at infinite dilution in binary mixtures, 777, were
obtained from the Dortmund Data Bank (DDB).!! In the preprocessing step, all data sets
containing undefined components or labeled as "poor quality" by the DDB were discarded.
The focus was restricted to binary mixtures at a temperature of T = 298.15+1 K. If multiple
measurements existed for the same binary mixture, the median of these values was adopted.
For scaling purposes, the logarithmic activity coefficients, In 7, were used throughout this
study.

The proposed SBM uses o-profiles obtained from quantum-chemical COSMO calculations
to calculate the similarity between two components. In this work, the o-profiles were taken

1.,3% which features results for 2,261

from the open-source database provided by Bell et a
different components. Components not available in this database were excluded from our
data set.

Finally, the SBM makes predictions using experimental data from mixtures with the
same solute (in a different solvent) or the same solvent (with a different solute), cf. Section
"Prediction of Activity Coefficients". To ensure that predictions are always possible, at least
two experimental data points were required for each solute and solvent. Data for which this

condition was violated were removed. The final data set is visualized in Fig. 1 and comprises

3,568 data points for 777, covering 221 solutes and 198 solvents.



Solutes

Solvents

Figure 1: Matrix representing the experimental data on logarithmic activity coefficients at
infinite dilution In~;¥ for binary mixtures at 298.15+1 K from the DDB'" after preprocessing
(see text). Experimental data are available for 3,568 binary mixtures, constituting about 8%
of all possible combinations of the considered 221 solutes and 198 solvents.



Similarity-Based Method

Similarity Score

Here, we introduce a novel similarity score S,,, between two components m and n based on
quantum-chemical COSMO calculations. The score S,,, is scaled such that its values range
from 0 (highly dissimilar components) to 1 (highly similar components) and consists of two
contributions, as also indicated in Fig. 2: the similarity based on surface charge distributions
S and the similarity of the surface area S4  as it is also used in the COSMO method; S

and S4

mn?

which are described in detail in the following, are also defined to range from 0 to

1. The final similarity score S, is obtained from a weighted sum of S and S :
Smn = Wo = Sy + (1 — wg) - S;:lm (1)

where w, is the weighting factor that controls the relative importance of the surface charge

distribution similarity compared to the surface area similarity.
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Figure 2: Schematic depiction of calculating the similarity between two components (water
and ethanol in this example) as proposed in this work. The final similarity score S,,, is
composed of two contributions: a similarity based on charge distribution S7,, (cf. Eq. (3))
and a size similarity derived from the surface areas S7 (cf. Eq. (2)), which are combined in
a weighted sum (cf. Eq. (1)).

The size similarity S4 is defined as the cavity surface area A of the smaller molecule

mn

divided by the one of the larger molecule:

An if A, < A,
Spn =19 (2)

Av o if A, > A,

For the similarity of the surface charge distributions S?  the overlapping proportion of

mn?
the o-profiles of the two components is used, which is calculated using discrete bins for o
via:

5% = S i (pn(0%), (%)) 3)

where p,,(0x) and p,(oy) are modified o-profiles, preprocessed as described in the following.

All o-profiles are given here in a discretized version with ¢ being divided into N, = 51 bins
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ranging from -0.025 eA™? t0 0.025 eA™? with a constant step size of 0.001 eA7?. We will
refer to these values as oy, for k = 1,...,51. Thus, p,,(0ox) is the fraction of the surface area
of the component m associated with the screening charge density o,. For all solutes and
solvents considered in this work, there is no surface area with a screening charge density
outside the range of -0.021 to 0.023 eA7% Accordingly, p,,(oy) is zero for oy values below
-0.021 or above 0.023 A%,

We modify the o-profiles by introducing wp, which is applied to control the weight on
the polar regions in the o-profiles by being either 0 (no influence) or 2 (more focus on polar
regions):

Pra(0k) = pm(0k) - 01" (4)

By setting wp = 2, the similarity calculation emphasizes charge-dense regions, which can
be crucial in cases where the behavior of the components is mainly determined by polar
interactions.

In the case of wp = 2, the resulting p* (o)) does not integrate to 1. Therefore, it is again

normalized:
o D (0%)
P (o%) = 57— (5)
> Do)
k=1

In the final processing step, we address a potential issue associated with discretized o-
profiles. Specifically, when calculating the similarity score by comparing the o-profiles of
two molecules bin-wise, small shifts in ¢ can prevent the detection of structurally similar
molecules. Therefore, a moving average with a sliding window of width 2 (corresponding to
0.002 eA_Q) is applied to all profiles to increase the robustness:

Puloy) = Ll 7= T P (1) )




The resulting o-profiles p,,(0%) are used for calculating the similarity of the surface charge
distributions S7 . (see Eq. (3)). Together with the similarity of the surface area S7  (see
Eq. (2)), the final similarity score S,,, is calculated (see Eq. (1)).

The two introduced weights w, (in Eq. (1)), and wp (in Eq. (4)) are hyperparameters,
which were determined by a grid search. The value ranges of the hyperparameters explored in
the grid search are detailed in the "Studied Model Variants" section. In addition to these two
weights, other modifications to the calculation of S? = (e.g., emphasizing hydrogen-bonding
surface segments) and of S4  (e.g., including component volume) were tested in preliminary
studies, but showed no significant impact on the performance of the SBM and were, therefore,

discarded.

Prediction of Activity Coefficients

In this section, we explain how the similarity score defined in the previous section is applied
for predicting activity coefficients at infinite dilution In~7¥ in unstudied mixtures, where,
basically, the In~;¥ is just an example for a property of a binary mixture. The respective
method introduced is called the similarity-based method (SBM). The central idea of the
SBM is to find mixtures similar to the unstudied mixture that is of interest but for which

experimental data on In~;? are available. The activity coefficient in the unstudied mixture,

In Pyoo,pred

i3 , is then predicted simply by arithmetically averaging the corresponding experi-

mental values In ;5"

of all similar mixtures. As a result, this simple procedure requires no
adjustable parameters and yields unbiased predictions.

Here, a similar mizture is defined as one with the same solute ¢ (or the same solvent j) but
a different solvent n (a different solute m) for which the similarity score S,,; (Sp) is higher
than a predefined threshold &, ie., S,; > & (S > &). Consequently, at least one similar
mixture for which an experimental data point is available must be in the database to make a

prediction. As a result, there will always be a trade-off when applying the SBM: increasing

the threshold value £ will improve accuracy by restricting the mixtures used as proxies for
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the mixture of interest to those with a high degree of similarity, but this reduces the number
of mixtures that qualify as similar enough. This can prohibit predictions for certain mixtures
if no data points for sufficiently similar mixtures exist. Conversely, lowering £ expands the
range of applicability by allowing more mixtures to be considered similar, but at the cost of
reduced accuracy.

The SBM does not require adjustable parameters or training on experimental data. In-
stead, it relies on a database search driven by the predefined similarity score to generate
predictions. This approach ensures that true predictions are obtained, which can then be
compared with the corresponding experimental value to assess the model’s accuracy. These
predictions are also used in comparing the SBM results with the physical benchmark models,
resulting in a bias in favor of the physical models, as they were very likely trained on at least
some of the data considered here.

A necessary consequence of this direct prediction strategy is that the SBM is constrained
by the availability of experimental data for mixtures involving the same solute (in a different
solvent) or the same solvent (with a different solute). Consequently, we only considered
solutes and solvents that occur in at least two mixtures with experimental data points,
ensuring the presence of at least one data point per component to support the prediction

process. All calculations of the present study were carried out using Matlab.3¢

Studied Model Variants

The SBM described in the previous sections uses two weights, w, and wp, in calculating the
similarity score S,,,. These weights were varied in a grid search to explore their effects on
model performance. Specifically, w, was varied from 0 to 1 in increments of 0.1, while wp was
set to either 0 or 2. This setup resulted in 22 distinct SBM configurations, each representing
a different approach to the S,,, calculation. The goal of this grid search was to identify

the SBM (i.e., weight combination) that performs best for two, often conflicting, objectives:

11



optimizing the accuracy in predicting In~77 in terms of mean absolute error (MAE) and
maximizing the scope, i.e., the number of predictable mixtures.

The best-performing SBM, according to these objectives, retains one further adjustable
hyperparameter: the threshold &, which allows users to balance the trade-off between accu-
racy and scope. Increasing & typically results in more accurate predictions but limits the
number of predictable data points since higher similarities are demanded for making pre-
dictions. Conversely, lowering ¢ increases the number of predictable points but reduces the
predictive accuracy since data for less similar components are used for the predictions. To
assess the impact of £, it was varied from 0.5 to 1 in increments of 0.01 for each of the 22

SBM configurations.
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Results and Discussion

Overall Performance of Different Similarity-Based Methods

Fig. 3 shows the predictive accuracy in terms of the MAE of the predicted In~;7 over the

number of predictable data points N from our data set for all tested SBM variants (by

varying the weights and ¢). The maximum possible value for N is 3,568, representing the

total number of data points for ;¥ considered in this work (see Section "Data").
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Figure 3: Mean absolute error (MAE) of the predicted In~;s over the number of predictable
experimental data points N for all tested SBM variants. The results of the best-performing
SBM (as specified with the weights w) are highlighted in orange.

The model variants in Fig. 3 scatter across a broad range of MAE and N, underscor-

ing the substantial impact of the selected hyperparameters on model performance. This

range highlights the inherent trade-off between predictive accuracy and scope, representing

a Pareto optimization problem. In such cases, a solution is considered Pareto-optimal if no

feasible solution improves at least one objective without worsening another. Here, certain

hyperparameter combinations yield Pareto-optimal SBM variants that achieve maximum ac-
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curacy for a given scope and vice versa. The set representing all Pareto-optimal solutions is
called the Pareto front.

One particular SBM (with variable £) consistently lies on or near the Pareto front, high-
lighted in orange in Fig. 3. This "best" SBM, defined by w, = 0.6 and wp = 2, requires
only the final tuning of £ by users to achieve a near-optimal solution tailored to their specific
preferences.

The balanced value of w, = 0.6 in the best SBM indicates that components must share
similarities in both surface charge distribution and surface area to exhibit comparable values
of In~7>. Furthermore, wp = 2 emphasizes the importance of a similar surface charge
distribution in the polar regions of the components for similar In~;¥.

Figs. S.1 and S.2 in the Supporting Information show further analysis of specific hyper-
parameter choices. The similarity scores calculated by the best SBM can be used to identify
the most similar components for a target component, as exemplified in the Supporting In-

formation (cf. Tables S.2 and S.3).

Comparison to Physical Benchmark Models

The best-performing SBM (w, = 0.6, and wp = 2) selected in the grid search is further evalu-
ated in the following by comparison against the state-of-the-art physical benchmark methods
for predicting activity coefficients: modified UNIFAC (Dortmund),’” COSMO-SAC,?" and
COSMO-SAC-dsp.?? As shown in Fig. 4, the methods are compared using the MAE and
the scope regarding the number of predictable data points N in our data set. Additionally,
the deviations of the predictions from the experimental data are plotted in histograms for
the SBM with £ = 0.93, modified UNIFAC (Dortmund), and COSMO-SAC-dsp. Modi-
fied UNIFAC (Dortmund) has some extreme outliers, which were excluded from the MAE
calculations in Fig. 4. A detailed analysis of these outliers can be found in the Supporting

Information, cf. Table S.1.
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Figure 4: Mean absolute error (MAE) of the best-performing SBM (with varied thresholds
¢), modified UNIFAC (Dortmund), COSMO-SAC, and COSMO-SAC-dsp for the prediction
of Inv? over the number of predictable experimental data points N. Insets provide his-
tograms of the deviations of the predictions with the SBM with £ = 0.93, modified UNIFAC
(Dortmund), and COSMO-SAC-dsp from the experimental data, considering only mixtures
that all three methods can describe. The shown interval in the histograms contains 99.9 %
(SBM), 96.7 % (modified UNIFAC (Dortmund)), and 96.9 % (COSMO-SAC-dsp) of the rel-
evant 1,748 data points.

In Fig. 4 and throughout the following text, we use "scope" as a synonym for the number
of predictable data points from our experimental database (V). However, other definitions
of scope are possible, and we discuss one such example in the Supporting Information. This
alternative considers all possible mixtures of the solutes and solvents considered in this work,
i.e., the number of predictable matrix entries as shown in Fig. 1.

First of all, it is evident from Fig. 4 that for the physical models, there is also a trade-
off between the scope of the method and its accuracy. COSMO-SAC-dsp is more accurate
than COSMO-SAC, but in its current parameterization,3” it is not applicable to components
containing certain halogens due to missing parameters for the dispersion part, resulting in

a slightly smaller scope. Both COSMO variants have a larger scope than modified UNIFAC

15



(Dortmund), which is constrained by its incomplete tables of pair-interaction parameters
that were fitted to experimental data, but they yield less accurate results.

Compared to each physical benchmark method, one can always find an SBM variant (by
varying &) that outperforms it in terms of prediction accuracy and scope by selecting an
appropriate threshold. Specifically, at & = 0.62, the SBM can, like COSMO-SAC, predict
all binary systems in our database but achieves a better MAE (0.62 compared to 0.67). At
¢ = 0.85, the SBM has a broader scope than COSMO-SAC-dsp (N = 3,301 compared to
N = 3,199) and achieves a better MAE (0.30 compared to 0.61). Similarly, the SBM with
¢ = 0.87 has a broader scope than modified UNIFAC (Dortmund) (N = 3,115 compared to
N = 2,987) and achieves a better MAE (0.27 compared to 0.33).

For the following analysis, we fix the threshold to & = 0.93. While this value is, in
principle, arbitrary, the resulting model can predict more than half of the available experi-
mental data in our database with relatively high predictive accuracy, achieving an MAE of
approx. 0.15. The deviations of the predictions from the experimental data for each method
are also represented as histograms in Fig. 4. Most of the predictions of the SBM with & = 0.93
show deviations from experimental data smaller than +0.1 (center bar in the histogram in
Fig. 4), which is within the typical range of experimental uncertainty of In~;?, underscoring
the high quality of the predictions that can be obtained with the proposed model.

To further analyze the performance of the best-performing SBM, we plot the respective

objectives (MAE and N) over the threshold &, as shown in Fig. 5.
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Figure 5: Mean absolute error (MAE) for the prediction of In~f® (panel a) and number
of predictable experimental data points N (panel b) of the best-performing SBM over the
threshold &. The results for the SBM with & = 0.93 are highlighted.

Fig. ba shows that increasing £ results in a nearly linear decrease in MAE, indicating
improving accuracy. In contrast, the relationship between N and ¢ in Fig. 5b is more com-
plex. For £ < 0.62, the model achieves its maximum scope, i.e., predicting all experimental
data points, while for & > 0.98, none of the mixtures considered in this work can be pre-
dicted. Between these two boundaries, N first decreases slowly with increasing &, followed
by a steep decrease as £ approaches 1. This sensitivity of N to & emphasizes the importance
of selecting an optimal threshold. Overall, Fig. 5 supports the choice of £ = 0.93, marked
by the diamond, as a balance point that combines high predictive accuracy with substantial
scope. While selecting a lower threshold would yield a broader scope, & = 0.93 is preferred
here as it achieves an MAE in the range of typical experimental uncertainties.

Unlike ML models that rely on molecular descriptors (e.g., SMILES or molecular graphs)
and can make, in principle, predictions for all mixtures that can be described by these de-

scriptors, the SBM requires experimental data for similar mixtures to make predictions.
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While this limits its applicability to cases where suitable data are available, the prediction
accuracy of the SBM correlates directly with the similarity score S,,,, as shown in Fig. 5a,
providing a clear and interpretable measure of reliability. This stands in contrast to many
ML methods, which have broad applicability but often lack an intrinsic indicator of trustwor-
thiness. Additionally, the SBM is basically immune to overfitting since it does not involve
any adjustable parameters or training steps; instead, it relies entirely on a database search
driven by the defined similarity score.

A detailed analysis of the results for the similarity S,,,,, of all pairs of solutes and all pairs
of solvents is presented in Fig. 6. The results are plotted in matrices, which are symmetric
as Sy, = Spm- In these matrices, the solutes (solvents) were arranged so that similar solutes
(solvents) were positioned nearby, which was done using a clustering algorithm adopted from
a previous work.?” The chosen arrangement of the solutes (solvents) leads to high values of

Smn along the diagonal, cf. Fig. 6.
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Figure 6: Heatmaps showing results for the pairwise similarity scores S,,, of the considered
solutes (panel a) and solvents (panel b). For illustration, pairs with S,,, > 0.93 are high-

lighted in panels ¢ and d.

The heatmaps in Fig. 6a and b reveal only a few strong similarities among the solutes and
solvents in our database, as indicated by the few bright yellow areas. A notable exception
is observed in the lower right corner of the solute matrix, cf. Fig. 6a, where a yellow square

primarily represents alkanes classified as very similar according to our metric.
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This observation becomes even more apparent when highlighting the solute-solute and
solvent-solvent combinations with S,,, higher than £ = 0.93, the threshold chosen for the
detailed analysis discussed above, cf. Fig. 6¢ and d. Interestingly, only very few, or even just
one, similar solutes or solvents for the mixture of interest are needed for the SBM to achieve
the excellent predictive accuracy discussed earlier. Thus, for a set of similar mixtures, i.e.,
those with at least one similar solute or solvent according to our similarity metric, it is
sufficient to measure In~;Y for just one of them. The other mixtures can then be predicted
with high accuracy using the SBM. This finding is exciting for the planning of experiments
in several ways. For example, it opens up ways to replace substances that are difficult to
handle experimentally by suitable proxies, and it can also be used to devise strategies for an
efficient design of experiments (DOE) to improve the accuracy and scope of the SBM with

a minimum amount of additional experimental data.
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Conclusions

This work has two primary outcomes. First, we introduce a novel similarity score, S,,,, for
comparing two components based on their o-profiles and surface areas, which are readily
obtainable from quantum-chemical calculations or databases. The definition of this score,
which ranges between 0 and 1, contains hyperparameters (weights) that can be adapted
to different tasks. While this study focuses on predicting limiting activity coefficients 777,
the definition of the similarity score should also be helpful for many other tasks related to
predicting or assessing the thermodynamic properties of binary liquid systems.

Second, we developed a new similarity-based method (SBM) for predicting ;7. The
SBM uses a database of 7/ values and identifies sufficiently similar mixtures using Sy,
to make predictions for systems without experimental data. The method leverages a user-
defined similarity threshold, £, to balance accuracy and applicability. Higher £ values improve
prediction accuracy but reduce the number of systems for which predictions are possible,
offering flexibility for various use cases.

The SBM we have developed here for predicting ;7 shows a remarkable accuracy, even
though the database is not large and typically contains only very few (if any) highly sim-
ilar systems for any given combination of solute ¢ and solvent j. The new SBM outper-
forms the established physical benchmark methods UNIFAC (Dortmund), COSMO-SAC,
and COSMO-SAC-dsp. In particular, restricting the prediction process to mixtures with
high similarity scores allows the SBM to achieve accuracies comparable to experimental
uncertainties, albeit with reduced applicability. Future integration of machine learning ap-
proaches could overcome this remaining limitation and extend the capabilities of the model.

The approach for designing SBMs based on our new similarity score S,,, is generic and
holds promise for predicting other physical properties of binary liquid mixtures in future
work. For thermodynamic applications, the hyperparameters of the calculation of S,,, de-
termined in the present work should be a good starting point but could be adapted for other

applications.
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The observation that data for only a few similar mixtures are sufficient to achieve accurate
predictions suggests that a comparatively low number of targeted experiments can consid-
erably improve SBMs. More generally, this finding could form the basis for new guiding

principles for the design of experiments in binary systems.
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