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ABSTRACT 
Solvent selection is a critical decision-making process that balances economic, environmental, 
and societal factors. The vast chemical space makes evaluating all potential solvents impractical, 
necessitating pre-selection strategies to identify promising candidates. Predictive thermodynamic 
models, such as the UNIFAC model, are commonly used for this purpose. Recent advancements 
in deep learning have led to models like the Gibbs-Helmholtz Graph Neural Network (GH-GNN), 
which overall offers higher accuracy in predicting infinite dilution activity coefficients over a 
broader chemical space than UNIFAC. This study presents a systematic comparison of solvent 
pre-selection using GH-GNN and UNIFAC-IL in the context of liquid-liquid extraction. The original 
GH-GNN model is extended to simultaneously predict organic and ionic systems. This extended 
GH-GNN model predicts more than 92 % of the logarithmic IDACs with an absolute error of less 
than 0.3. By comparison, UNIFAC-based models only achieve such accuracy for less than 65 %.  
A case study is used involving the ionic liquid ethyl-3-methylimidazolium tetrafluoroborate 
([EMIM][BF4]) and caprolactam, relevant for the solvolytic depolymerization of polyamide 6. Re-
sults indicate a significant correlation in solvent rankings across both methods, with a Spearman’s 
coefficient of 0.62, suggesting that deep learning-based models like GH-GNN are viable alterna-
tives for solvent pre-selection. Additionally, chemical similarity metrics, such as Tanimoto similar-
ity, can assess confidence in solvent rankings, allowing users to determine acceptable risk levels 
in predictions across a vast chemical space. 
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INTRODUCTION 
Solvents are used in various areas of chemical pro-

cesses, including reaction and separation units. Selecting 
appropriate solvents is a complex task that involves de-
cision-making from multiple perspectives. On one hand, 
the actual thermodynamic performance of the solvents 
must be considered. On the other hand, the implications 
of using such solvents must also be considered from en-
vironmental and societal perspectives. 

From this perspective, the task of predicting solvent 
properties becomes central to assessing the overall per-
formance of solvents within a specific process system. 
While important molecular properties can be measured in 

the laboratory, the vast extension of chemical space 
makes it inefficient to explore all promising solvent alter-
natives solely through experimental means. Therefore, 
predictive thermodynamic models are of key interest 
during the early stages of process design, especially for 
those involving solvents. 

Pre-selection strategies aim to reduce the time and 
resources needed during the design of chemical pro-
cesses by exploring the chemical space and allowing to 
focus on the most promising solvent candidates. These 
candidates can then be evaluated using more precise 
methods and eventually, the top-performer(s), could be 
investigated experimentally. Typically, the assessment of 
solvent performance in extraction applications relies on 
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the prediction of activity coefficients at infinite dilution 
(IDACs) [1]. Under these conditions, the solvent effect is 
at its maximum, which is why it is commonly used as a 
starting point for evaluating and ranking solvent candi-
dates. 

In this context, a popular choice is to use the UNI-
FAC model. However, with the rise of deep learning, 
novel alternative models have recently been proposed 
for predicting IDACs, showing overall more accurate pre-
dictions [2,3]. One of these alternatives is the so-called 
Gibbs-Helmholtz Graph Neural Network (GH-GNN), 
which was originally trained to predict IDACs of organic 
systems [4], and has also been extended to handle poly-
mer solutions [5]. 

While the GH-GNN model has been previously used 
for solvent pre-selection [1], a systematic comparison of 
the resulting pre-selection to traditional methods is still 
lacking. Furthermore, given that the GH-GNN model was 
previously limited to predicting organic systems, we pre-
sent here a series of extension strategies for expanding 
the GH-GNN model to simultaneously predict organic 
systems and mixtures containing ionic liquids (ILs).  

This extension is particularly relevant in the context 
of chemical recycling of polyamide 6, also known as ny-
lon 6, where ionic liquids have been identified as promis-
ing candidates due to their non-volatility and catalytic 
properties, though a complete assessment and process 
simulation were previously hindered by missing thermo-
dynamic data [8]. The advantage of this approach is elu-
cidated regarding the separation of the monomer capro-
lactam from the ionic liquid ethyl-3-methylimidazolium 
tetrafluoroborate ([EMIM][BF4]). 

This work is structured as follows. First, the GH-
GNN model is briefly described. Then, the extension 
strategies for systems containing ionic-liquids are pre-
sented. Subsequently, using the aforementioned case 
study, a systematic comparison of solvent pre-selection 
is conducted by comparing the extended GH-GNN model 
to UNIFAC-IL. Finally, conclusions and future directions 
are discussed. 

METHODS 

UNIFAC-IL 
The UNIFAC model is a method used to estimate the 

excess Gibbs energy of a system, which in turn is used to 
determine the activity coefficients of its components. It 
operates on the principle of a "solution of groups," where 
molecules are decomposed into functional groups. This 
approach simplifies the model by reducing the parameter 
space from one that requires individual parameters for 
each unique molecule to one that only needs parameters 
for each type of group. This reduction in complexity en-
hances the model's predictive capabilities, allowing it to 
explore a wider range of chemical systems more 

efficiently. 
Originally, the UNIFAC model was parameterized for 

predicting organic mixtures. However, extensions of the 
UNIFAC model to systems that include ionic liquids have 
also been developed in the past. In this work, we use the 
UNIFAC-IL extension from [6]. In this extension, a neural 
recommender system was first trained on experimentally 
determined IDACs of mixtures containing ionic liquids. 
Then, this recommender system was used to fill in the 
missing entries in a previously reported solute-solvent in-
teraction matrix. Finally, the completed matrix was used 
to regress the binary interaction parameters of the UNI-
FAC model extended to ionic liquids. 

This version of UNIFAC-IL [6] employs the original 
form of the UNIFAC model, and contains all necessary bi-
nary interaction parameters for 22 conventional main 
groups, 11 cationic main groups and 38 anionic main 
groups, with overall 102 subgroups. For further details on 
the model, readers are referred to the original publica-
tions mentioned earlier. 

Gibbs-Helmholtz Graph Neural Network 
The GH-GNN model was first introduced in [4]. Un-

like the UNIFAC model, the GH-GNN model uses a graph 
representation of molecules, where non-hydrogen atoms 
are represented as nodes and covalent chemical bonds 
as edges. Each node and edge in the molecular graph is 
assigned a vector of binary values containing relevant at-
tributes of the atom or bond, respectively. Information 
about hydrogen atoms is implicitly included as part of the 
node features in the graph. 

The GH-GNN model consists of two graph neural 
networks (GNNs) operating at different levels. The first 
GNN processes molecular graphs to obtain learned rep-
resentations tailored for the prediction of IDACs. The 
second GNN operates at the mixture level, using a graph 
where the learned molecular representations of distinct 
chemical species in the mixture define the nodes and hy-
drogen-bonding interactions are represented as edges. 
These two GNNs are sequentially arranged to predict pa-
rameters 𝐾𝐾1,𝑖𝑖𝑖𝑖 and 𝐾𝐾2,𝑖𝑖𝑖𝑖 of the following equation derived 
from the Gibbs-Helmholtz relationship: 

ln 𝛾𝛾𝑖𝑖𝑖𝑖∞ = 𝐾𝐾1,𝑖𝑖𝑖𝑖 + 𝐾𝐾2,𝑖𝑖𝑖𝑖

𝑇𝑇
     (1) 

Parameters 𝐾𝐾1,𝑖𝑖𝑖𝑖 and 𝐾𝐾2,𝑖𝑖𝑖𝑖 are temperature-inde-
pendent and specific to the precise solvent-solute com-
bination. As shown in Eq. 1, predicting these two param-
eters is sufficient to estimate the temperature-depend-
ent IDACs. For further details on the model, readers are 
referred to the original publication [4]. 

Tanimoto similarity for risk level assessment 
As demonstrated in the original publication [4], the 

accuracy of the GH-GNN predictions is correlated with 
the distance within the chemical space between the 
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systems observed during training and the systems being 
predicted. If the distance is relatively short, the predic-
tions tend to be more accurate. Conversely, as the dis-
tance increases, the accuracy of the predictions begins 
to decrease. 

The distance between distinct solute-solvent sys-
tems can be approximated using the Tanimoto similarity 
metric, as mentioned in [4]. This metric is designed to es-
timate the "level of extrapolation" that the GH-GNN must 
undertake when predicting a system containing a chem-
ical species that was not observed during training (ex-
trapolated species). 

The Tanimoto similarity metric is computed by tak-
ing the Jaccard distance between the molecular finger-
prints of the "extrapolated species" and the set of the 𝑛𝑛  
most similar molecules observed during training. This al-
lows the model user to estimate the level of accuracy of 
the GH-GNN predictions and can inform decisions re-
garding the level of risk the user is willing to take during 
the exploration of the chemical space. This feature is not 
available for models like UNIFAC. 

Solvent pre-selection for liquid-liquid 
extraction 

Measuring the thermodynamic performance of sol-
vents participating in liquid-liquid extraction processes is 
typically carried out by computing the separation factor 
[9] defined by Eq. 2 

 𝐾𝐾s =
𝛾𝛾𝑖𝑖
𝑅𝑅 𝛾𝛾𝑗𝑗

𝐸𝐸

𝛾𝛾𝑖𝑖
𝐸𝐸 𝛾𝛾𝑗𝑗

𝑅𝑅      (2) 

In Eq. 2, the effects of the solvent in the raffinate 
phase 𝑅𝑅 and the extract phase 𝐸𝐸 are considered. In the 
case study analyzed here, species 𝑖𝑖 corresponds to the 
monomer caprolactam, and species 𝑗𝑗 corresponds to the 
ionic liquid [EMIM][BF4]. Therefore, the ratio 𝛾𝛾𝑖𝑖𝑅𝑅/𝛾𝛾𝑖𝑖𝐸𝐸  
measures the performance of the solvent within the ex-
traction step, where it is desirable for caprolactam in the 
extract phase to be as enriched as much as possible 
while its content in the raffinate phase to be as low as 
possible. Similarly,  the ratio 𝛾𝛾𝑗𝑗𝐸𝐸/𝛾𝛾𝑗𝑗𝑅𝑅 measures the perfor-
mance at the recovery step, where [EMIM][BF4] should 
be easily separable from the extract phase and prefera-
bly move to the raffinate phase. 

As a pre-selection metric, the following separation 
factor at infinite dilution was used, which similarly to Eq. 
2 considers the solvent performance at both the extrac-
tion and recovery stages: 

𝐾𝐾s∞ =
𝛾𝛾𝑠𝑠𝑠𝑠
∞

𝛾𝛾𝑖𝑖𝑖𝑖
∞      (3) 

Eq. 3 results in larger separation factor values for 
solvents that are easily separable from the raffinate 
phase (mostly composed by [EMIM][BF4]), while entrain-
ing caprolactam as much as possible from the original 
mixture. This separation factor at infinite dilution was 

computed for every solvent considering the ambient 
temperature of 298.15 K, on which the extraction process 
is assumed to be operated. 

RESULTS 

GH-GNN extension strategies to ionic liquids 
Three different strategies were studied to extend 

the original GH-GNN model from organic systems to ionic 
liquids. For this purpose, experimental IDAC data re-
ported in the literature for ionic systems was included 
alongside the data for organic systems originally used to 
develop the GH-GNN [4]. The ionic liquids dataset corre-
sponds to the compendium of ILThermo (v2.0), originally 
retrieved by [6] and further processed by [3]. 

The first extension strategy (S1) involved a com-
plete re-training of the GH-GNN framework using only 
ionic liquid data. The second strategy (S2) consisted of a 
pre-training phase of the model using only organic sys-
tems, followed by a fine-tuning phase with the ionic liquid 
data. The third strategy (S3) involved a concurrent re-
training of the GH-GNN model using the combined da-
tasets for both organic and ionic liquid systems. In all 
cases, the same training and test split was used as in the 
original referenced publications [3,4]. 

Table 1 compares the three strategies based on the 
percentage of systems in the test set that are predicted 
with an absolute error of less than or equal to 0.3. 

Table 1: Comparison of the percentage of systems pre-
dicted with an absolute error less than or equal to 0.3. 

Model Organic Ionic liquid 
(Original) GH-GNN  %  % 
S (IL) GH-GNN  %  % 
S (pre-trained) GH-GNN  %  % 
S (concurrent) GH-GNN  %  % 
GNN []   % 
Matrix Completion []   % 
UNIFAC (Dortmund)  %  
UNIFAC-IL []   % 

 
It can be observed that while the original GH-GNN 

model excels in predicting IDACs for organic systems, its 
performance when extrapolating to systems with ionic 
liquids is poor, and is considerably worse than UNIFAC-
IL. In contrast, the model developed using the first strat-
egy S1 (i.e., (IL) GH-GNN) achieves high accuracy for 
ionic liquid systems, even surpassing the GNN model 
previously reported by [3]. However, when tested for 
predicting organic systems, the model performs poorly. 
Analyzing the GH-GNN model extended with the second 
strategy S2 (i.e., (pre-trained) GH-GNN), the accuracy for 
predicting organic systems slightly increases, but at the 
expense of slightly decreasing the accuracy for ionic 
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liquid systems. This mutually exclusive behaviour in ac-
curately predicting either organic or ionic systems high-
lights the difficulty of exploring vast chemical spaces 
while extrapolating beyond the types of systems used 
during training. 

Remarkably, the GH-GNN model extended using the 
third strategy S3 (i.e., (concurrent) GH-GNN) achieves 
the highest accuracy for predicting organic systems 
among all compared models, while also performing re-
markably well in predicting systems with ionic liquids. In-
terestingly, as a result of including ionic liquid data, the 
model's performance in predicting organic systems even 
surpasses that of the original GH-GNN model. This sug-
gests that the model is able to extract relevant infor-
mation from systems of organic molecules infinitely di-
luted in ionic liquids, which is beneficial for capturing ef-
fects in organic systems alone. The comparison of the 
extended (concurrent) GH-GNN model with the UNIFAC 
models demonstrates the potential of this alternative 
methods to predict IDACs with significantly higher overall 
accuracy. 

Comparison of solvent pre-selection between 
GH-GNN and UNIFAC-IL 

The GH-GNN model extended to ionic liquids using 
the concurrent strategy was employed here to compare 
solvent pre-selection against UNIFAC-IL. The selection 
of solvents is aimed at separating caprolactam from 
([EMIM][BF4]), a mixture arising in the context of the 
chemical recycling of polyamide 6. In total, 700 solvents 
were considered as potential candidates, based on the 
selection of molecules collected by [7]. Only organic mol-
ecules are included among the candidate solvents. 

The chemical space that UNIFAC-IL can predict is 
more restricted compared to that of the GH-GNN model. 
As a result, the first difference between the methods is 
encountered: while the necessary IDACs involving all 700 
solvents can be predicted by GH-GNN, only the IDACs for 
359 solvents are feasible to predict with UNIFAC-IL due 
to limitations in the "set of functional groups" represen-
tation of the molecules and/or the lack of required group 
binary interaction parameters. 

 
Figure 1: Comparison of relative solvent rankings obtained by the GH-GNN model and the UNIFAC-IL model. The 
linear tendency of the ranking of UNIFAC-IL with respect to the one of GH-GNN is also shown. The gray shaded 
area indicates ± 35 (10 %) places in the ranking of the GH-GNN. 
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Fig. 1 presents the comparison of the obtained sol-

vent rankings according to GH-GNN and UNIFAC-IL. A 
Spearman's rank correlation coefficient of 0.62 is ob-
tained between the two rankings, indicating a moderate 
positive monotonic correlation. When computing Ken-
dall's correlation coefficient for the rankings, a value of 
0.45 is obtained, also suggesting a moderate positive 
correlation. This implies that while the two methods do 
not rank the solvents identically, there is a substantial 
level of agreement in their rankings, indicating that they 
may be capturing similar underlying patterns or proper-
ties of the solvents. 

However, the exact solvent rankings obtained using 
GH-GNN and UNIFAC-IL also show significant discrepan-
cies that might influence which solvents are preferred 
over others. Given that the accuracy of GH-GNN for com-
puting IDACs is significantly higher than that of UNIFAC-
IL, it is reasonable to assume that the solvent ranking 
provided by GH-GNN offers a more reliable description 
of the physical behaviour. 

In total, 42.4 % of the solvents lie within the 10 % 
(i.e., 35 ranking places) deviation from each method 
(shaded area in Figure 2). Interestingly, both methods 
agree on the set of top 7 solvents, which are shown in 
Table 2. Note that the ranking of these solvents is solely 
based on their performance according to Eq. 3. Other 
practical aspects relevant to the application should also 
be considered in the selection process (e.g., normal boil-
ing points for solvent recovery and environmental prop-
erties). 

As discussed earlier, the Tanimoto similarity index 
within the GH-GNN model framework can provide addi-
tional insights into the risk or confidence associated with 
its predictions. For all 7 solvents shown in Tab. 2, the 
Tanimoto index is relatively high and exceeds the 

recommended value given in [4] (i.e., 0.35). This sug-
gests a high level of confidence in these predictions. Out 
of the 349 solvents compared here, only 4 have a Tan-
imoto metric smaller than 0.35. 

CONCLUSIONS 
The procedure of solvent pre-selection is central to 

the efficient exploration of the vast chemical space, ena-
bling efficient use of resources during the early stages of 
process design. Predictive thermodynamic methods, 
such as UNIFAC-based models, are typically employed 
for this purpose. However, their use is limited by the ex-
tent to which the involved molecules can be successfully 
fragmented into functional groups and the availability of 
the necessary interaction parameters. The accuracy of 
such methods is also limited when compared to recent 
alternatives developed by use of deep learning ap-
proaches. 

A hybrid graph neural network model, the GH-GNN 
[4], was here extended to accommodate the simultane-
ous prediction of organic and ionic systems. Three differ-
ent extension strategies were compared, and a highly ac-
curate GH-GNN model that can simultaneously predict 
organic and ionic systems was developed. We demon-
strate that while the selection of solvents between UNI-
FAC-IL and GH-GNN overlaps to a great extent, there are 
also significant differences that might influence the out-
comes of the early stages of process design. The higher 
accuracy of GH-GNN and larger applicability across the 
chemical space when compared to UNIFAC-IL, makes the 
GH-GNN model a potentially more reliable alternative for 
solvent pre-selection. 

In the context of sustainable chemistry, we have 
chosen a relevant case study for the extraction of the 
monomer caprolactam from the ionic liquid [EMIM][BF4]. 

 

Table 2: Top 7 solvents selected by the GH-GNN and UNIFAC-IL. The ranking of the respective solvent for both 
GH-GNN and UNIFAC-IL is shown. Tanimoto similarity index of the GH-GNN model is also presented. 

Solvent Rank GH-GNN Rank UNIFAC-IL Tanimoto index 
Diisononyl adipate    
Eicosane    
Hexadecane    
Stearic acid    
Dodecane    
Tridecyl alcohol    
Dibutyl sebacate    
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The top 7 solvents by both GH-GNN and UNIFAC-IL pre-
dictions were given for this case study and the Tanimoto 
index was close to 1 for most of these, showing a high 
confidence level. The need for such an extraction pro-
cess arises in the context of chemical recycling of poly-
amide 6, highlighting the enormous potential of models 
like GH-GNN to support chemical engineers in develop-
ing more powerful and sustainable separation processes. 
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