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ABSTRACT

The search for working fluids that balance thermodynamic performance, safety, and environmental sus-
tainability remains a pressing challenge for refrigeration and heat pump technologies. Here, we present a
hybrid computational workflow combining deep generative learning with classical thermodynamic modelling
to identify novel working fluid candidates. Using a graph-based diffusion model, we generate and screen
molecules against a quantitative physicochemical profile derived from known working fluids. We characterize
five selected candidates in depth through molecular dynamics simulations, the polar soft-SAFT EoS, COSMO-
RS calculations, and two neural network predictors for flammability and global warming potential (GWP).
We find that the predicted thermophysical and transport properties of the candidates fall within the range of
established hydrofluorocarbons. Benchmarking against R-245fa and R-134a identifies a new compound (3,3,3-
trifluoro-2-methylpropene) as the most promising candidate for high-temperature heat pump applications, and
confirms another (1,1,1,2,2-pentafluoropropane) as a viable refrigerant for vapour compression refrigeration
cycles. Our work establishes a scalable framework for the rational, data-driven discovery of next-generation

working fluids.

1. Introduction

Working fluids are fundamental to the operation of modern thermal
technologies. Refrigerators, heat pumps, and air-conditioning systems
across automotive, domestic, commercial, and industrial sectors rely on
these fluids, which undergo cyclic phase changes between liquid and
vapour to absorb, transport, and release heat efficiently. Refrigeration
itself stands among the major technological achievements of the past
century, playing a critical role in the global economy, impacting food
preservation, public health and energy systems. However, its global
footprint is substantial, consuming 20% of the world’s electricity and
accounting for 7.5% of global CO, emissions, from which 30% are
consequence of fluid leaks [1].

This growing energetic and environmental burden has shifted atten-
tion toward the choice of adequate working fluids whose development
has been increasingly guided by regulatory and sustainability con-
straints rather than solely by performance factors [2-5]. Early vapor
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compression refrigeration cycle (VCRC) systems relied on common
volatile fluids that were often toxic and flammable [6]. These were
replaced in the 1930s by chlorofluorocarbons (CFCs), which combined
excellent thermodynamic performance, chemical stability and low toxi-
city. However, their severe ozone depletion potential (ODP) led to their
phase-out under the Montreal Protocol [7]. Subsequent generations,
including hydrochlorofluorocarbons (HCFCs) and hydrofluorocarbons
(HFCs), reduced or eliminated ozone depletion but introduced sig-
nificant global warming concerns, ultimately leading to regulatory
measures such as the Kigali Amendment [8]. More recently, unsatu-
rated fluorinated compounds, such as hydrofluoroolefins (HFOs), have
emerged as low global warming potential (GWP) alternatives with
negligible ODP. However, they present trade-offs, including flamma-
bility, lower volumetric cooling capacity, and potential environmental
concerns related to their degradation into persistent substances such as
trifluoroacetic acid [9].
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Despite significant advances, no existing working fluid fulfils all the
required criteria in terms of performance, safety, and environmental
sustainability. At the same time, increasingly strict climate policies
are enforcing the phase-down of high-GWP working fluids [10,11],
even though most existing cooling and heating systems still depend
heavily on them. This makes the search for alternative working fluids
that satisfy environmental and safety requirements, while also exhibit-
ing favourable thermodynamic and transport properties, a pressing
technological challenge [5]. However, identifying such fluids is far
from straightforward, as the number of viable candidates appears to
be inherently limited. In a comprehensive screening study, McLinden
et al. assessed a database of more than 60 million single component
fluids and found that only 27 possessed any realistic potential as
low-GWP working fluids [12]. The magnitude of this challenge is
further illustrated by the fact that, since 2015, only a handful of
new substances (including R-1130(E), R-1336mzz(Z), R-1336mzz(E), R-
1233zd(E), R-1224yd(Z), R-1311, and R-1132a) were incorporated into
the ANSI/ASHRAE Standard 34.

Given this, current efforts focus either on the characterization of
fluid mixtures and their properties [13,14] or on the discovery of
entirely new molecules. For the latter, machine learning is a promising
tool, as the extraordinarily large size of the chemical compound space,
estimated to comprise around 1060 different molecules [15], turns
traditional trial-and-error discovery approaches inefficient and imprac-
tical. Indeed, fields such as drug discovery [16] and advanced materials
development [17-19] are increasingly adopting artificial intelligence
methods capable of generating new molecules with desired features,
opening new opportunities also for the systematic design of next-
generation working fluids. However, even though generative models
can propose new molecules that are in principle suitable candidates,
their real potential can only be assessed from the accurate estima-
tion of thermodynamic and transport properties for which robust and
predictive methods are necessary.

Here, we propose a hybrid framework combining generative deep
learning techniques with classical thermodynamic methods to find new
working fluids that meet market performance requirements, which we
illustrate in Fig. 1.

First, we establish a physicochemical property profile characteris-
tic of known refrigerants by comparing them against a diverse, size-
matched molecular database. Next, we generate new molecular can-
didates using CoCoGraph [20] and extract a detailed suite of physic-
ochemical descriptors (Fig. 1, Step 1). Then, we use the established
profile to systematically screen millions of candidates and filter them
based on their multidimensional distance to the working fluid profile
(Fig. 1, Step 2).

Finally, from the resulting list of top candidates, we select a sub-
set of five promising compounds to assess in depth their application
feasibility (Fig. 1, Step 3). We perform atomistic molecular dynam-
ics (MD) simulations to predict vapour-liquid equilibrium densities,
vapour pressure, surface tension, enthalpy of vaporization, diffusivity,
and viscosity. The simulation results serve as the basis for a ther-
modynamic model within the soft-Statistical Associating Fluid Theory
(soft-SAFT) equation of state (EoS) framework [21]. Additionally, we
conduct calculations using the COnductor-like Screening MOdel for
Real Solvents (COSMO-RS) [22]to obtain the molecular surface charge
density distributions and predict transport properties of the candidates.
We also obtain the COSMO-RS [22] sigma profiles, and use them
as input to a neural network model [14] capable of predicting the
flammability of the selected compounds. Ultimately, we benchmark
the thermodynamic and transport properties, as well as the predicted
flammability and GWP, of the new compounds against those of the
most common working fluids to assess their suitability for use in VCRCs
and high temperature heat pumps (HTHPs), including preliminary cycle
calculations.
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2. Background
2.1. Molecular generative models

Developing machine learning approaches capable of generating
novel plausible molecules is challenging because the problem is dis-
crete, combinatorial, and constrained by the intricate chemical rules
that realistic molecules must fulfil. Thus, early generative models for
molecules using variational autoencoders [23], generative adversarial
networks [24], and graph neural networks [25] faced challenges re-
lated to scalability, computational efficiency, adherence to chemical
constraints, and ability to generalize [26-28].

In recent years, advances in graph-based diffusion models [29,30]
and related approaches such as flow-matching [31] have alleviated
such difficulties. In graph-based diffusion models for molecule gen-
eration, a controlled noising process is used to distort a molecular
graph (by adding atoms and/or bonds); these noising trajectories are
then used to learn the reverse denoising process, which reconstructs
molecules from random molecular graphs and can ultimately be used
to generate new molecules. The family of graph-based diffusion models
for molecule generation includes DiGress [32], CDGS [33], and CoCo-
Graph [20]. CoCoGraph in particular is, by construction, guaranteed to
generate valid molecules, and is also the model that generates synthetic
molecules with the highest diversity and physicochemical properties
more closely resembling those of real molecules [20].

2.2. Computational thermodynamics methods

Molecular-based theoretical approaches, most notably MD simula-
tions and equations of state, such as the statistical association fluid
theory (SAFT) [21], and quantum-based theories such as conductor-like
screening model for real solvents (COSMO-RS) [22], provide powerful
strategies to address the challenge of estimating key thermophysical
properties of putative working fluids. These computational tools offer
time- and cost-effective alternatives to experimental characterization
while delivering reliable and detailed insights into the thermodynamic
behaviour of fluids. MD simulations have proven to be a solid tool for
predicting both bulk and interfacial properties across a broad range of
fluid systems, including pure working fluids and their mixtures [34].
While extensive efforts have been devoted to the development of
specific refrigerant force fields [35,36], general and transferable force
fields, such as OPLS-AA [37], have also been successfully used to model
working fluids [38,39].

The soft-SAFT EoS [40] has consistently demonstrated strong pre-
dictive capability for phase equilibria across a wide range of fluid
systems, including HFCs and HFOs used as working fluids [41,42].
Furthermore, the spectrum of properties that can be modelled with
SAFT-type equations can be easily extended by coupling them with
other theoretical approaches. For example, SAFT-type models can be
extended to the calculation of interfacial properties by coupling them
with density gradient theory (DGT) [43] or to the calculation of viscos-
ity by integrating the free-volume theory (FVT) [44]. Finally, COSMO-
RS can be used to gain insight on the molecular geometry, polarity and
charge distribution areas of any molecule, as well as make predictions
of a set of fluid properties [45]. Beyond that, molecular descriptors
generated by COSMO-RS can easily be integrated into machine-learning
models, enabling the prediction of thermophysical properties [13,46],
and the flammability [14] of conventional working fluids used in
refrigeration applications.

It is important to note that Group-Contribution (GC)-SAFT ap-
proaches, particularly SAFT-y Mie [47], which has demonstrated high
accuracy across a broad range of systems, can be used as an alternative
path to provide an accurate and computationally efficient alternative
for predicting the thermodynamic properties of candidate working
fluids without requiring prior molecular simulations. However, their
application is restricted to molecules composed of functional groups
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Fig. 1. Workflow illustration for the generative design and evaluation of novel working fluids. The workflow starts by establishing a physicochemical
property profile for known working fluids and is followed by three main computational stages: (Step 1) Generation and property evaluation, wherein molecules
are sampled from a reference database or generated via CoCoGraph, and then evaluated using RDKit to obtain a suite of physicochemical descriptors. (Step 2)
Data distribution and filtering, which screens the candidate pools using distance-based filtering against the reference profile and visualizes them via t-SNE. (Step
3) Application feasibility and cycle performance, which uses MD, soft-SAFT, and process modelling to assess the top novel candidates for realistic refrigeration

(VCRQC) and heat pump (HTHP) applications.

and chemical environments covered by the available parameteriza-
tion. The MD/soft-SAFT route adopted here is computationally more
demanding but offers greater flexibility for generated molecules out-
side this applicability domain, and has been chosen to perform the
thermophysical characterization of the selected fluids.

3. Results
3.1. Characterizing the physicochemical profile of working fluids

To identify new potential working fluid molecules, we first establish
a comprehensive profile of the physicochemical properties that char-
acterize working fluids. To do this, we compare a random sample of
10,000 molecules from the training set of CoCoGraph [20] to a curated
set of 21 known working fluids (Fig. 2a). These 21 fluids are the size-
matched subset (5-10 heavy atoms) of a broader list of 38 known
working fluids reported in Table S1 of the Supplementary Information
(SI). Because working fluids are relatively small molecules, typically
containing between 5 and 10 heavy atoms, we filter our reference
database to include only molecules within this range, resulting in 177
size-matched reference molecules for comparison (Fig. 2b). To ensure
the statistical reliability of the selected descriptors and the resulting
mean profile, we carry out extensive sensitivity analyses, including
leave-one-out cross-validation and bootstrap resampling (see §51.3 and
Figs. S1-S2 in the SI).

For all molecules in our analysis — 21 working fluids and the
177 size-matched reference molecules —, we calculate 170 molecular
descriptors using RDKit [48]. To identify which properties best distin-
guish working fluids from other molecules of similar size, we perform
a statistical comparison. For each property, we calculate the Jensen—
Shannon distance to quantify the difference between the probability
distributions of the focal property for working fluids and size-matched
reference molecules, which gives values ranging from 0 (identical
distributions) to 1 (completely different distributions). Additionally,

we assess the statistical significance of these differences by perform-
ing non-parametric Mann-Whitney U tests, ensuring that the selected
properties are significantly different between both groups (p < 0.05).
From this analysis, we identify 15 diverse properties that show
the largest differences between working fluids and size-matched ref-
erence molecules (Fig. 2d). These properties span multiple molecular
characteristics including electronic properties (maximum and minimum
partial charge), surface area descriptors (Labute accessible surface area,
molar refractivity, van der Waals surface area), topological features
(number of heteroatoms, number of rotatable bonds), and structural
complexity metrics (fingerprint density, molar refractivity). The anal-
ysis of these selected properties (Fig. 2c) reveals clear differences
between working fluids and reference molecules, confirming their util-
ity for identifying working fluid-like molecules. (For comparison, we
also show properties where working fluids and reference molecules
have similar distributions; Fig. 2e,f.) The mean values of the 15 se-
lected properties across working fluids define a reference working fluid
profile that serves as a target for candidate identification. This profile
captures the essential physicochemical characteristics that distinguish
working fluids from other small molecules, and enables us to search
systematically for novel candidates with similar properties.

3.2. Identifying working fluid candidates through deep generative models
and database search

With the established working fluid profile, we use three comple-
mentary strategies to identify potential new working fluid molecules
(Fig. 3). First, we search CoCoGraph’s training database of 2.25 million
molecules for those closely matching the working fluid profile (type I
candidates). Second, we do the same with a database of 8.2 million
novel molecules generated with CoCoGraph (type II candidates). Third,
we use CoCoGraph to generate novel molecules with molecular for-
mulas matching those of known working fluids, exploring structural
variations while maintaining the same atomic composition (type III
candidates). By design, all candidates generated by CoCoGraph (types
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Fig. 2. Working fluid profiling against a size-matched molecular database. (a) Heavy-atom count distribution for 21 working fluids (green) versus 10,000
randomly sampled reference molecules (orange), highlighting differences in molecular size/composition. (b) Heavy-atom count distribution after restricting the
database to the working fluid-relevant size window (5-10) used in subsequent analyses. Size-matched reference molecules are shown in purple. (¢) Min-max
normalized histograms for nine properties exhibiting significant distribution differences between working fluids and the size-matched database; significance is
indicated by the panel annotations (***: p < 0.001). (d) Radar plot summarizing the 15 selected profiling descriptors, comparing the average property profile of
working fluids versus the size-matched database. (e, f) Same as (c, d), but for descriptors showing no significant differences.

I and III) are strictly confined to its native 15-element vocabulary (H,
B, C, N, O, F, Na, Mg, P, S, Cl, K, Ca, Br, and I). This constrained
search space encompasses the elements most characteristic of organic
working fluids while intentionally excluding rare, chemically unstable,
or otherwise irrelevant elements (see §S1.4 of the SI for details). Further
details regarding the generative model implementation, including the
specific generation protocols for type II and III candidates, are also
provided in §S1.4 of the SIL

To rank candidate molecules of all types according to their similar-
ity to the working fluid profile, we calculate, for each candidate, the 15
key properties in the profile. We then compute the Euclidean distance
between each candidate’s property vector and the mean working fluid
profile in the normalized 15-dimensional property space. This distance
quantifies how similar each candidate is to the average working fluid
across all relevant properties, with smaller distances indicating closer
matches to the working fluid profile. Thus, from each of the three candi-
date groups (types L, I and III), we identify the 100 molecules with the
smallest distances to this profile (Fig. 3a). The distance distributions
reveal that candidates from all three sources include molecules that
closely match the working fluid profile, with many candidates showing
distances comparable to those of known working fluids.

To visualize the relationship between candidates and known work-
ing fluids in the 15-dimensional property space, we use t-SNE dimen-
sionality reduction. In Fig. 3b, we show that the mean working fluid
profile, known working fluids, and top candidates of types I, II and III
cluster tightly together in a specific region of property space, in contrast
to the broad cloud of all three types combined. This visually confirms
that our search strategy successfully isolates molecules with physic-
ochemical characteristics highly similar to those of known working
fluids. It is important to note that while t-SNE effectively preserves local
neighbourhood structure for visualization purposes, the actual candi-
date ranking is strictly determined by the 15-dimensional Euclidean
distance to the mean profile, rather than by the geometric distances
apparent in this 2D projection. To confirm the candidate selection,
we further analyse specific properties. For example, distributions of
Labute accessible surface area and molar refractivity (Fig. 3c,d,e) show
that top candidates from all three types closely match the working
fluid profile, with distributions that overlap substantially with those
of known working fluids and differ from other molecules generated in
the same way. Finally, we examine the top 10 candidates of each type
using radar plots comparing their property profiles to both the mean
working fluid profile and the mean profile of size-matched reference
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Fig. 3. Profile-based candidate screening for working fluid-like molecules across putative candidates. (a) Distribution of distances to the working fluid
property profile for type I molecules (yellow), type II molecules (blue), and type III molecules (pink) (see text for definitions of each type). The zoomed inset
shows the region of shortest distances and the selection of top candidates. (b) t-SNE projection of the profiling descriptor space, showing known working fluids
(green stars, with the green cross representing the mean profile), and selected candidates of each type. (c)-(e) Scatter plots of two representative physicochemical
descriptors (molecular refractivity and Labute accessible surface area) for the working fluid reference, known working fluids, and candidates of each type; marker
size encodes overall distance to the mean working fluid profile. In panel (d) light blue markers indicate top candidates from the CoCoGraph-generated database
(type Ila), while dark blue markers highlight an additional set of novel candidates verified to be absent from PubChem (type IIb). (f)-(h) Radar plots of the
15 profiling descriptors comparing the mean working fluid profile, the size-matched database baseline (purple dashed line), and top candidates from each type,

illustrating the closeness of candidate profiles to the mean working fluid target.

molecules (Fig. 3f,g,h). These comparisons demonstrate that top candi-
dates consistently match the working fluid profile more closely than the
database profile across multiple properties, confirming their potential
as alternative working fluids.

After this verification step, we proceed to select candidates for fur-
ther characterization. For type II candidates, we distinguish between:
(i) molecules that, despite being absent from CoCoGraph’s training
set (the model has never seen them at any stage, and are therefore
novel molecules from its perspective), exist in PubChem (type Ila);
and (ii) molecules that are absent from PubChem (type IIb). We then
select 100 molecules of types I, IIa, IIb and III, and filter out the
21 size-matched known working fluids used to construct the profile
(Table S1) and/or duplicates, which leads to candidate sets of 65 type I
molecules, 56 type Ila molecules, 84 type IIb molecules, and 23 type III
molecules. The top-ranked candidates from each of these four filtered

pools are detailed in Tables S2-S5 of the SI. To confirm the robustness
of these candidate rankings, we conduct further sensitivity analyses,
including leave-one-out cross-validation of the mean profile, descriptor
ablation, and evaluation under alternative distance metrics (see §S1.3,
Figs. S3-S5, and Tables S6-S11 in the SI). From these pools, we select
five compounds (A to E) for detailed thermodynamic characterization
(Table 1). To select these compounds, we apply a series of exclusion
criteria based on application-oriented considerations, while also favour-
ing simpler molecular structures. Molecular simplicity was considered
both with regard to the potential synthesis of the proposed compounds
and to modelling feasibility. In particular, since our MD simulations
rely on a general and transferable force field, the parameterization of
increasingly complex molecular structures may introduce additional
challenges. The applied exclusion criteria are the following: (i) We
exclude ionic species to restrict the analysis to neutral compounds; (ii)
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Fig. 4. Compound selection flowsheet. Screening flowchart detailing the number of candidates of each type that remained available after each exclusion

criteria.

we omit chlorine-containing molecules due to environmental restric-
tions associated with ODP; and (iii) we exclude 3-carbon and 4-carbon
rings due to their relatively low stability; and we give preference to
compounds with limited number of atoms to avoid excessively high
boiling points, by only considering compounds with (iv) less than five
carbons and (v) less than nine heavy atoms. Fig. 4 summarizes the
selection process, showing the number of compounds of each type that
remain after applying each filter.

Table 1 lists the five compounds selected for subsequent thermo-
dynamic characterization: (A) 1,2,2-trifluoropropane; (B) 1,1,1,2,2-
pentafluoropropane; (C) 3,3,3-trifluoro-2-methylpropene; (D) 1,1-dib
romo-2,2,2-trifluoroethane; and (E) 1-bromo-1-fluoro-N-fluoro-N-me
thylmethanamine. To accurately contextualize the discovery aspect of
our workflow, we classify these candidates across distinct novelty tiers
(Table 1). Compound B is a type I candidate (already present in the
training database and PubChem) and is a known substance in the refrig-
erant literature (designated as R-245cb). Rather than discarding it, we
explicitly retain compound B as a critical validation benchmark, lever-
aging its available experimental vapour-liquid equilibrium densities
and vapour pressures [49-52] to ground our subsequent thermody-
namic simulations. In contrast, compounds A, C (both type III), and
D (type IIa) are novel to the generative model (absent from its training
database) and are absent from the refrigerant literature, despite having
existing PubChem records; consequently, little to no thermophysical
data are available for these species. Finally, compound E (type IIb) is a
genuinely new chemical entity, being completely absent from both the
model’s training data and the PubChem database.

3.3. Thermodynamic modelling of candidate working fluids

We evaluate the five candidates using multiscale thermodynamic
models. The details of the methodologies employed are provided in
8S1.5-S1.7 of the SL. First, we obtain the o-profiles of the selected com-
pounds from COSMO-RS and compare them with those of established
working fluids, specifically HFCs and alkanes (Fig. S8 in the SI). The
o-profiles indicate that the molecular surface polarity can be broadly
divided into three distinct regions. Negative charge densities (¢ <
~0.005 e.A=2) correspond to positively polarized surface segments with
hydrogen-bond donating character, whereas positive charge densities
(6 > +0.005 e.A=2) are associated with negatively polarized regions
exhibiting hydrogen-bond accepting behaviour. Charge densities in the

intermediate range (-0.005 < ¢ < +0.005 e.i\‘z) are associated with
essentially neutral, non-polar surface areas of the molecules. The -
profiles of compounds A, B, and C reveal a systematic effect of fluorine
substitution. An increasing number of fluorine atoms leads to a shift
of the left-side peak towards more negative values, reflecting enhanced
positive polarization of the hydrogen atoms, while the negative polar-
ization of the fluorine atoms becomes less pronounced, subsequently
driving the positive peaks to the left as well. This behaviour is con-
sistent with the trend observed in the o-profiles of HFCs. Concerning
compounds D and E, their o-profiles exhibit peaks at more negative
charge densities (—0.015 < ¢ < -0.010 e.i\‘z), comparable to those ob-
served for highly fluorinated species such as R-23, R-125, and R-227ea.
Here, these features can be attributed to the presence of bromine atoms.
The high electronegativity of bromine enhances the polarization of
neighbouring hydrogen atoms, thereby increasing their hydrogen-bond
donating character.

Therefore, when compared qualitatively with established working
fluids, the similarities in specific o-profile regions suggest that the
proposed compounds may share aspects of intermolecular interac-
tion behaviour with established working fluids and, consequently,
comparable thermophysical properties. Based on this observation, we
use a multiscale computational approach to assess key properties of
the selected compounds, including vapour-liquid equilibrium densi-
ties, vapour pressures, enthalpies of vaporization, surface tensions,
saturated-liquid self-diffusion coefficients, and viscosities. First, we
obtain these quantities from MD simulations and then use the results
as reference data for the development and parameterization of a
thermodynamic soft-SAFT model (Table 2). As an additional test, we
include COSMO-RS predictions of saturated-liquid transport properties
for comparison.

To assess the predictive reliability of the present methodology,
we first compare our predictions with the experimental vapour-liquid
equilibrium data for compound B (R-245cb) identified in the literature.
As an additional validation, we apply the same computational work-
flow to an established working fluid, the HFO R-1234yf, for which
experimental data are available in the literature for a range of rele-
vant thermophysical properties, including vapour-liquid equilibrium
densities, vapour pressures, surface tensions, and viscosities of the
saturated liquid phase. Overall, the MD predictions and the soft-SAFT
adjustments show very good agreement with the available experimental
data for both compounds, while the COSMO-RS predictions of viscosity
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Candidate compounds identified and modelled in this work. Code, formula, name, SMILES, candidate type, novelty status, and molecular
weight. Candidate types refer to: database search (I), novel generation present in PubChem (IIa), novel generation absent from PubChem

(IIb), and molecular formula-matched generation (III).

Compound Code Formula Name SMILES Type Novelty status M,/
g.mol!
%
\( % A CH;CF,CH,F 1,2,2-trifluoropropane CC(F)(F)CF 1L Absent from 98.07
- ct refrigerant literature
o
\ =
‘\fx\ﬁ B CH;CF,CF, 1,1,1,2,2-pentafluoropropane CC(F)(F)C(F)(F)F I Known in literature 134.05
R (R-245¢b)
\?,».
ﬁ/ﬂ W/K C CH;CCH,CF,4 3,3,3-trifluoro-2-methylpropene C=C(C)C(F)(F)F 111 Absent from 110.08
o refrigerant literature
Lx Y D CF3CBr,H 1,1-dibromo-2,2,2-trifluoroethane FC(F)(F)C(Br)Br IIa Absent from 241.83
(&) refrigerant literature
%Yo E CH3;NFCHFBr 1-bromo-1-fluoro-N-fluoro-N- CN(F)C(F)Br b Genuinely new 159.96

¢ methylmethanamine

chemical entity

Table 2

List of molecular parameters used in this work. This includes polar soft-SAFT, DGT, and FVT parameters, together with deviations for the

fitted properties. The parameters are described in §51.7 of the SI.

Compound ~ m o/R  ekz'/K  u-10%/Cm  x, AAD,/% AAD,/% ¢, 10 AADpG/% o B-10> L,/A  AADu/%
A 2.441 3616 189.6  6.12 0.60 1031 1.50 1.7 13.5 18.958 3.308  1.866  4.62
B 2018 3975 1511  7.95 0.63 1.48 1.06 2.0 4.5 16.283 3.413 1514 1.90
C 2021 4.049 2033 823 055 4.57 0.34 2.2 14.1 17.698  3.054 2108 0.45
D 2242  3.954 300.6  4.69 1.00  3.07 0.47 3.2 7.4 14561 2.554  1.522  0.51
E 2548 3.632 2873  3.32 0.85 3.82 0.49 3.0 10.5 16.144 3.268  1.827 1.57

2 o units: J.m3.mol~'.kg'.

should be interpreted primarily in qualitative terms (Figs. S6 and S7
in the SI; see Table S12 in SI for the corresponding soft-SAFT model
parameters). Nevertheless, the inherent limitations associated with the
use of a general and transferable OPLS-AA force field in our MD
simulations should be acknowledged. Since the force field was not
specifically parameterized for the compounds investigated, deviations
from experimental values are expected, particularly when quantitative
accuracy is compared with that achievable using compound-specific
force fields [35]. Despite these limitations, our MD simulations re-
produce the overall thermophysical behaviour of these two fluids and
provide a qualitatively consistent description of their properties. Taken
together, these results provide an independent assessment of the pre-
dictive reliability of the workflow and validate its applicability as a
preliminary screening tool for novel working fluids, with the aim of es-
timating and comparing thermodynamically relevant properties, iden-
tifying promising candidates, and guiding subsequent, more detailed
investigation and experimental verification.

In Fig. 5, we display the results obtained from our computational
workflow for the five candidate working fluids A-E. Table 2 lists the pa-
rameters of the thermodynamic soft-SAFT model. The polar soft-SAFT
framework allows accurate reproduction of the vapour-liquid equilib-
rium densities and vapour pressures obtained from MD simulations for
all compounds, thereby extending the applicability of the model up
to the critical point. Although the enthalpy of vaporization was not
included in the fitting procedure, both soft-SAFT and MD yield compa-
rable values, indicating internal consistency between models (Fig. 5(c)).
After fitting the DGT influence parameter (c;), the modelled surface
tensions show good agreement with simulation data (Fig. 5(d)), with a
maximum absolute average deviation (AAD) of 14.1% for compound
C (Table 2). Likewise, the integration of FVT within the soft-SAFT
framework provides an excellent description of the viscosities obtained
from MD simulations, with a maximum AAD of 4.62% for compound A
(Fig. 5(f)). The AAD values reported in Table 2 quantify the agreement

between the model predictions and the MD data used for parameter-
ization, but should not be interpreted as confidence intervals for the
fitted parameters. As in other SAFT-type models, correlations among
parameters such as m, o, and ¢ may result in different parameter com-
binations providing comparably satisfactory descriptions of the fitted
properties. The reported parameter sets should therefore be regarded
as effective values associated with the adopted fitting protocol, rather
than as uniquely determined molecular descriptors. Additionally, the
description of transport properties using COSMO-RS remains mostly
qualitative, as we used this quantum-chemistry-based approach without
fitting any specific parameters.

In Fig. 6, we compare the estimated thermophysical properties of
the selected compounds with the properties of established working
fluids, including HFCs and hydrocarbons used in refrigeration and heat
pump applications, at 270 K, along with their normal boiling points
(see Table S13 in SI for data available in the literature for the 21
reference fluids used to construct the working fluid profile). The esti-
mated properties for compounds A, B, and C are broadly comparable to
those of hydrofluoropropanes such as R-227ea, R-236fa, and R-245fa.
In contrast, compounds D and E have estimated vapour pressures,
normal boiling points, and enthalpies of vaporization that fall within
the range of hydrocarbons such as n-hexane, n-heptane, and toluene,
albeit with generally higher surface tensions and significantly higher
viscosities. Fig. S9 in the SI shows the temperature dependence of the
thermophysical properties of the five selected compounds and of estab-
lished working fluids. This comparison further highlights the overlap
in thermophysical behaviour between the selected compounds and the
benchmarked systems across a broad temperature range. Additionally,
we predict the NFI of each candidate, using the o-profiles derived
from COSMO calculations as inputs in the neural network model de-
veloped by Alba et al. [14]. Further details on the NFI predictions
are provided in §S1.8 of the SI. The resulting values indicate that
compounds B, C, and D are classified as non-flammable (Al), while
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Fig. 5. Thermodynamic modelling of candidate working fluids. For each of the five candidate compounds, we show: (a) vapour-liquid coexistence density;
(b) vapour pressure; (c) enthalpy of vaporization; (d) surface tension; (e) saturated liquid self-diffusion coefficient; and (f) saturated liquid viscosity. Circles are
MD simulation results; solid lines are polar soft-SAFT fits, and dashed lines are COSMO-RS results. Error bars are shown for MD simulation results where the

uncertainty exceeds the symbol size.

compound A, which exhibits an NFI of 12.2, falls within the mildly
flammable category (A2L), and compound E, which yields an NFI of 52,
slightly exceeds the flammability threshold (A2) (Fig. 6(f)). Note that
the safety assessment performed in this work is limited to predicted
flammability and should not be interpreted as a detailed evaluation of
the safety of the proposed compounds. Other relevant aspects, including
toxicity, chemical and thermal stability, reactivity, and decomposition

products, are beyond the scope of the present computational screen-
ing and would require dedicated experimental and/or computational
assessment before these compounds could be considered for practi-
cal implementation. Additionally, we calculated the GWP of the five
compounds using the artificial neural network developed by Devotta
et al. [54]. The predicted values were GWP(A)=945, GWP(B)=4000,
GWP(C)=0.1, GWP(D)=1395, and GWP(E)=0.1. Compounds A, B, and
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in panels (a) to (e) for established working fluids were taken from the NIST Chemistry WebBook database [53], whereas for the five selected compounds were
obtained from soft-SAFT predictions. NFIs were predicted using the neural network model of Alba et al. [14].

D exhibit relatively high predicted GWP values, all considerably ex-
ceeding the EU regulatory limit of 150 [11]. In contrast, the very low
values obtained for compounds C and E suggest that these compounds
may be promising working fluids, also from an environmental per-
spective. In particular, compound C stands out for combining a very
low predicted GWP and flammability, with favourable thermodynamic
properties, further supporting its potential as a novel working fluid. It
should be noted, however, that the predicted GWP values are prelim-
inary estimates and should, therefore, be interpreted with caution. A
comprehensive evaluation of the environmental impact of these com-
pounds would require the assessment of additional criteria, including
ODP and atmospheric lifetime, which are beyond the objectives of the
present work.

3.4. Benchmarking analysis of the candidate working fluids

Finally, we evaluate the suitability of the candidate compounds to
replace conventional working fluids in VCRCs and HTHPs. To do so,
we compare a set of their key physicochemical properties with those of
R-134a, a benchmark fluid for VCRCs, and R-245fa, a benchmark for
HTHPs [55]: vapour pressure, NBP, enthalpy of vaporization, viscosity,
and surface tension, obtained from our polar soft-SAFT framework fits,
together with the predicted NFIs. For this, we consider representa-
tive VCRC and HTHP configurations, both consisting of a single-stage
compressor, condenser, evaporator, and thermostatic expansion valve
(TXV) (see Fig. S10 in SI). In both configurations, the cycle begins
with the isentropic compression of the working fluid, followed by
heat rejection in the condenser, where the superheated vapour releases
latent heat to the surroundings and reaches saturation at the condenser
pressure. In the case of the HTHP, this stage corresponds to the useful
heat delivery process. The saturated liquid is subsequently expanded
through the TXV, producing a two-phase vapour-liquid mixture, while
regulating the refrigerant mass flow rate. The mixture then enters the
evaporator, where isobaric vaporization occurs, and the working fluid
reaches the saturated vapour state. In the VCRC, this phase transition

provides the desired refrigeration effect by absorbing heat from the
environment. For the VCRC, the evaporator and condenser tempera-
tures are fixed at 270 K and 320 K, respectively, whereas for the HTHP
they are set to 330 K and 390 K, corresponding to typical operating
conditions [56,57].

The performance of refrigeration and heating cycles strongly de-
pends on the thermophysical properties of the working fluid, which
must satisfy a set of well-established criteria. Specifically: (i) a low NBP
is desirable to facilitate vaporization; (ii) the vapour pressure in the
condenser should be as low as possible, while (iii) the vapour pressure
in the evaporator should be as high as possible to reduce the required
compression power and the consequent operating costs; (iv) vapour
pressure must remain above atmospheric pressure to avoid working
under vacuum operations, due to the associated technical and energetic
penalties; (v) both viscosity and surface tension should be as low as
possible, as these properties directly affect heat transfer and pumping
efficiency; (vi) the enthalpy of vaporization should be maximized, as
it determines the amount of heat that can be transferred; and (vii) a
low NFI is preferable. With these criteria in mind, we compare vapour
pressures at both the condenser and evaporator temperatures, while
viscosity and surface tension are evaluated at the lowest operating tem-
perature of each cycle (the evaporator temperature), representing the
worst case scenario. Finallt, we compare the enthalpy of vaporization
at the temperature of the primary heat exchange component in each
system, namely the evaporator for the VCRC and the condenser for the
HTHP. Then, we assign performance scores on a five-level scale (1 being
the least favourable, 5 the most favourable), with the detailed scoring
criteria provided in Table S14 in the SI.

Fig. 7 summarizes the resulting performance scores for each com-
pound across both VCRC and HTHP configurations. For the VCRC,
compound B has the highest performance scores, with predicted prop-
erties closely comparable to those of R-134a. Unfortunately, its high
GWP prevents its use as a refrigeration fluid. The remaining compounds
are excluded from VCRC applications primarily due to vapour pressures
below atmospheric pressure at the evaporator and/or excessively high



M. Ruiz-Botella et al.
(@)
Pcond. /320K

Pevap. /270K

NBP

y/270 K n/270K

3 Hyap /270 K NBP 3
1 1

Chemical Engineering Journal 550 (2026) 183129

(b)

Pcond. /390K

NI Pevap. /330K

AH,,, / 390 K

y/330K n/330K

Fig. 7. Benchmarking analysis of the candidate working fluids. We benchmark the five candidate compounds A (@), B (@), C (-), D (#), and E (@) against
two reference working fluids: (a) R-134a and (b) R-245fa. The benchmark is in terms of seven key physicochemical and safety properties: vapour pressures at the
condenser and the evaporator, enthalpy of vaporization, viscosity, surface tension, NBP, and NFI. Performance scores are reported on a five-level scale (1=least
favourable, 5=most favourable) based on the similarity to the properties of the reference fluids in VCRCs and HTHPs, respectively for (a) and (b). Scoring criteria

are detailed in Table S14 of the SI.

NBPs. In the context of the HTHP, compounds A and C achieve the
highest rankings. However, compound C clearly stands out, attaining
the maximum score for six of the seven evaluated properties, with
estimated values comparable to, and in some cases exceeding, those
of R-245fa. By contrast, compound B is unsuitable for HTHP oper-
ations due to its excessively high condenser vapour pressure, while
compounds D and E display consistently poor performance, mainly
as a result of their high NBPs and viscosities. These results confirm
the technical suitability of compound B as a working fluid of VCRCs
and indicate that compounds A and C have properties compatible with
their use in HTHPs. Among them, compound C emerges as the most
promising candidate.

This screening framework provides a comparative basis for identify-
ing promising working-fluid candidates by combining thermophysical
performance with additional criteria such as flammability and GWP.
We use the thermophysical analysis to establish whether the predicted
properties of the selected compounds fall within ranges associated
with established working fluids and to identify similarities in their
overall behaviour. However, it must be noted that, given the uncertain-
ties inherent to the individual predictive methods, we interpret these
comparisons as indicative of relative suitability rather than as exact
quantitative distinctions between candidates.

To complete the property-based screening, we subsequently ex-
amine the leading candidates at the process level to assess whether
their predicted thermophysical characteristics are translated into com-
petitive cycle performance under representative operating conditions.
Compound B, corresponding to R-245cb, is assessed in VCRC, whereas
compound C is evaluated in a HTHP cycle, as described in the beginning
of this Section. For these calculations, we assume steady-state opera-
tion, negligible pressure drops and heat losses, isenthalpic expansion,
and a compressor isentropic efficiency of 85%. Additionally, we allow
a superheating of 15 K and 30 K in the evaporator for VCRC and HTHP,
respectively, as well as a subcooling of 5 K in the condenser for both
cycles. The relatively large superheating employed in the HTHP ensures
dry compression. All calculations are done for a cooling (VCRC) or
heating (HTHP) capacity of 10 kW, being performed with the soft-SAFT
EoS.

We have evaluated a series of process performance indicators and
have compared them with the results obtained using benchmark re-
frigerants. The refrigeration and heating coefficients of performance
(COP), volumetric cooling and heating capacity (VCC and VHC), spe-
cific refrigeration and heating effect, pressure ratio, condenser pressure,

10

discharge-line temperature, and suction density were calculated as
described in §S5 of the SI. Table 3 lists the performance indicators
obtained for the selected working fluids and benchmark refrigerants in
the VCRC and the HTHP cycles.

The COP predicted for compound B (2.10) is close to that calculated
for the R-134a (2.24) under the same cycle operating conditions, corre-
sponding to a difference of approximately 6%. This direct comparison
therefore indicates that compound B can achieve refrigeration-cycle
performance comparable to that of R-134a. The pressure ratio is also
very similar (9.71 versus 9.32), while compound B exhibits a lower
discharge-line temperature. In contrast, its volumetric cooling capacity
(VCC) is lower than that of R-134a (0.62 versus 0.91 kJ.L~1), indicating
that comparable COP does not necessarily imply equivalent volumetric
performance. The cycle results nevertheless confirm that compound B
has technically suitable thermodynamic behaviour for VCRC. However,
as noted before, its high reported GWP prevents its practical use.
Consequently, this result should be regarded primarily as a validation
of the proposed multiscale screening methodology rather than as a
recommendation for its practical adoption as a sustainable replacement
for R-134a.

For the HTHP application, compound C operates between 0.153
and 1.720 MPa, giving a pressure ratio of 11.21. Despite the relatively
large temperature lift, the calculated discharge temperature is 405.4 K,
approximately 10 K above the condensation temperature. Compound C
provides a heating effect of 19.47 kJ.mol~! and a volumetric heating
capacity of 1.10 kJ.L1. The resulting heating COP is 2.56. The direct
comparison with R-245fa under the same operating conditions shows
very similar cycle performance (Table 3). Compound C exhibits a
slightly higher COP, while the pressure ratio, discharge-line temper-
ature, and volumetric heating capacity remain comparable to those of
R-245fa. These results indicate that compound C can achieve a good
HTHP cycle performance under the investigated operating conditions
and reinforces its selection as the most promising candidate for heating
applications, although experimental evaluation of its safety, stabil-
ity, and environmental properties remains necessary before practical
implementation.

4. Conclusions

In this work, we introduced a hybrid multiscale computational
workflow that integrates deep generative learning with molecular simu-
lation, COSMO-RS calculations, soft-SAFT modelling, preliminary envi-
ronmental and safety screening, and cycle-level evaluation to identify
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Table 3

Process-level performance indicators for the selected working fluids and benchmark refrigerants.
Parameter VCRC HTHP

Compound B R-134a Compound C R-245fa

Condenser pressure, MPa 1.06 1.33 1.72 1.89
Pressure ratio 9.71 9.32 11.21 11.84
Discharge-line temperature, K 334.5 352.8 405.4 406.7
Suction density, kg.m™3 6.73 6.75 6.36 8.06
Specific refrigeration/heating effect, kJ.mol~! 12.42 13.75 19.47 19.42
Volumetric cooling/heating capacity, kJ.L™! 0.62 0.91 1.10 1.17
Coefficient of performance (COP) 2.1 2.24 2.56 2.47

novel working fluids. We combined the ability of generative models
to explore previously unconsidered regions of molecular space with
physically grounded methods for assessing the thermophysical and
process-relevant performance of the resulting candidates.

We explored three complementary regions of chemical space. First,
we retrieved type I candidates from the 2.25 million molecules con-
tained in the CoCoGraph training database. Second, we selected type II
candidates from 8.2 million novel molecules generated by CoCoGraph.
Third, we generated type III candidates by constraining CoCoGraph
to the molecular formulas of known working fluids, thereby explor-
ing new molecular structures, while retaining working-fluid-relevant
atomic compositions. Together, these strategies enabled us to identify
chemically diverse candidates, ranging from saturated fluorinated hy-
drocarbons to unsaturated, brominated, and nitrogen-containing halo-
genated structures.

We then screened regions of chemical space against the 15-dimen
sional physicochemical profile of established working fluids. Using suc-
cessive application-oriented filters, we excluded ionic species, chlorine-
containing compounds, small strained rings, and molecules likely to
exhibit excessively high boiling points. This process yielded five can-
didates representing the different regions explored. We predicted their
thermophysical properties using MD simulations and COSMO-RS cal-
culations and modelled the results with the soft-SAFT EoS. Addition-
ally, we estimated their GWP and flammability using property-specific
neural-network models.

Finally, we performed cycle simulations to evaluate the most promi-
sing compounds at the process level. 1,1,1,2,2-Pentafluoropropane
(Compound B) achieved a refrigeration COP of 2.10, approximately
6% below that of R-134a under the same operating conditions. Al-
though its high predicted GWP prevents us from recommending it
as a sustainable replacement, this result validates the ability of our
workflow to identify molecules with suitable cycle performance. More
broadly, these results should be considered in the context of the limited
chemical space available for refrigeration applications. The low boiling
points required for refrigeration, along with the other physicochemical,
structural, environmental, and application requirements, impose strict
constraints on the molecular structures that can serve as suitable
working fluids. Nevertheless, only a small subset of the molecules
generated by CoCoGraph was subjected to the complete multiscale
computational workflow, owing to the computational cost associated
with the successive stages of the methodology. The investigation of the
structures excluded in future work could provide a broader assessment
of the chemical space identified by CoCoGraph and further explore the
potential of the generated candidates.

For heat-pump applications, by comparison, these constraints are
less restrictive, resulting in a substantially larger pool of potential
candidates. This aspect is exemplified by one of the main outcomes of
this work, the identification of 3,3,3-trifluoro-2-methylpropene (Com-
pound C) as a promising candidate for heat-pump cycles. Compound C
exhibited good performance for HTHP applications, with a heating COP
of 2.56, slightly exceeding that calculated for R-245fa. The predicted
pressure ratio, discharge temperature, and volumetric heating capacity
were also comparable to those of the benchmark fluid. In combina-
tion with a very low GWP, favourable thermodynamic and transport
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properties, and low flammability, Compound C stands out as the best
candidate in this study.

We emphasize that our results provide a prioritization for tar-
geted experimental investigation rather than a definitive ranking of
deployable working fluids. In the present assessment, we limited the
environmental and safety evaluation to predicted GWP and flamma-
bility. Future studies should examine toxicity, chemical and thermal
stability, reactivity, exposure risks, and potential decomposition prod-
ucts. They should also experimentally validate the predicted prop-
erties and systematically propagate model uncertainties through the
complete workflow. Moreover, although our open-loop framework is
designed to screen candidates by similarity to established working
fluids rather than to optimize for superior performance, extending it
towards closed-loop molecular optimization [58,59] will require com-
putationally efficient and well-calibrated multifidelity surrogate models
capable of approximating the high-fidelity molecular-simulation and
thermodynamic-modelling stages [60].

In summary, we establish a novel and transferable route from
generative molecular design to process-relevant performance evalua-
tion. By systematically exploring complementary regions of chemical
space, substantially narrowing the number of plausible structures, and
identifying candidates worthy of experimental validation, our frame-
work represents an important step towards the computationally guided
development of next-generation working fluids.
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SI contains results referenced in text. Methods are described in SI.
Supplementary material related to this article can be found online
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molecular spaces is open source and available at https://github.com/
manurubo/cocograph. To ensure full reproducibility of the downstream
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