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Abstract

Background
Cannabinoids are highly lipophilic compounds characterized by poor aqueous solubility. This poses
significant challenges in cannabinoid extraction, purification, and formulation. They are classified as
Biopharmaceutics Classification System (BSC) Class II drugs. Despite their increasing relevance in
pharmaceutical and industrial applications, comprehensive data are limited on their solubility across a
wide range of solvents, solvent mixtures, and temperatures.

Methods
An automated computational workflow was used to predict the solubility (log S, mol L⁻¹) of 19
cannabinoids and reference compounds across 18 processing solvents and carrier oils at three different
temperatures: 0°C (273.15 K), 25°C (298.15 K), and 50°C (323.15 K). This was done using MIT Reaction
Mechanism Generator (RMG) Solid Solubility Prediction Tool (SolProp) using an automated Python-
based workflow. A total of 1026 log S data points were generated and analyzed.

Results
The predicted values showed a consistent trend in solubility based on the polarity of the solvent. In our
study, the predicted solubility increased consistently with temperature across all solute-solvent systems.
This indicates an endothermic dissolution process, which agrees with established thermodynamic
findings in the literature. Polar aprotic solvents, such as Dimethyl Sulfoxide (DMSO) and acetone, as well
as protic alcohols, such as ethanol, isopropanol, and methanol, showed the highest solubility, while non-
polar hydrocarbons, such as hexane and heptane, showed significantly lower solubility. These findings
aligned with previous experimental and computational findings. Acid-cannabinoids (Cannabinolic acid,
Δ⁹-THCA, 9(R)-HHC Acid, 9(S)-HHC Acid, and Cannabinol acetate) had slightly higher solubility than
natural cannabinoids (e.g., Cannabidiol, Δ⁹-THC, Cannabinol, Cannabigerol, Cannabifuran, and
Cannabidivarin) at tested temperatures. This is likely due to the presence of a carboxylic acid group,
which enhances the interactions with polar solvents. All three hexahydrocannabinol stereoisomers-9(R)-
HHC, 9(S)-HHC, and iso-hexahydrocannabinol (iso-HHC)-showed similar solubility, with acetone at
273.15 K indicating predicted Log S values of + 1.62, + 1.62, and + 1.54, respectively. Meanwhile, non-
cannabinoid references (acetazolamide and melatonin) showed positive log S value in polar solvents
such as DMSO and ethanol but negative values in nonpolar hydrocarbon solvents.

Conclusion
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This study provides a large-scale, temperature-dependent computational cannabinoid solubility dataset
across industrial solvents and offers understanding for process optimization in extraction, purification,
and formulation.

Background
Cannabis sativa is one of the oldest plants known for medicinal use, and it was incorporated into
Western medicine in the early 19th century. It contains a wide variety of natural compounds, including
cannabinoids and non-cannabinoid substances such as terpenes, phenolic compounds, and alkaloids.
So far, more than 500 compounds have been identified in C. sativa, and around 125 of them are
cannabinoids. These cannabinoids are C21 terpeno-phenolic compounds unique to this plant (1).

The main cannabinoids found in this plant, such as Cannabidiol (CBD), Δ⁹-Tetrahydrocannabinol (Δ⁹-
THC), Cannabinol (CBN), Cannabigerol (CBG), and their carboxylic acid precursors, are naturally available
and easily accessible. Subsequently, these compounds were modified to develop novel cannabinoids,
such as 9(R)-HHC and 9(S)-HHC. These novel semi-synthetic compounds differ in their functionalities
compared to their precursors (2).

Because of the high lipophilicity and significantly lower aqueous solubility cannabinoids were
categorized in BCS class II making challenges (3) in product development chain (4). Therefore,
extraction of these chemicals from plant materials, purification, formulation into medicinal products and
solvent removal is more difficult in product manufacturing (5).

Therefore, solubility prediction for cannabinoids in different solvents in early-stage development can
reduce the time and cost in cannabinoid-based product development. This approach is also useful for
cannabis-based advanced separation techniques in the hemp processing industry (6). For solubility
prediction, different types of experimental methods such as shake-flask method (7), machine learning
models and group-contribution thermodynamic models (UNIFAC, COSMO-RS) were used(8, 9). The MIT
Reaction Mechanism Generator (RMG) solvation tool is a fully open-source tool that estimates solvation
properties for a given solute-solvent pair at a desired temperature. Furthermore, this software does not
rely on a single formula alone; instead, it uses separate curated property datasets with correction
schemes for liquid-phase solvent–solute effects that can capture broad solvent coverage (10). On the
other hand, SolProp is a separate solubility prediction project from MIT's Green Lab, and it is a machine
learning-based model with a thermodynamics-based approach to predict log S values by using SMILES
for both solute and solvent that can handle arbitrary temperatures for a wide range of organic solvents
(11). In 2025, MIT later released another tool called FastSolv that provided more accurate results in
benchmarks compared with Solprop (12).

According to the published articles, COSMO-RS predictions and shake-flask measurements for CBD with
a broad spectrum of solvents confirm that CBD has higher solubility in DMSO, acetone, and alcohols
(13). Furthermore, isothermal equilibration in n-pentane, n-hexane, n-heptane, and isooctane between
253.1 K and 310.1 K measured solubility for CBD, and differential scanning calorimetry identified its
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melting points and enthalpy of fusion. Finally, the solubility data were analyzed using Wilson, NRTL, and
UNIQUAC activity coefficient equations (14). However, no published work has been found to identify the
solubility of cannabinoid compounds across a full industrial solvent spectrum and at different
temperatures using a computational framework.

Therefore, in this research project, we used 19 cannabinoids and related compounds across 18
industrially validated solvents and carrier oils at three different temperatures, namely, 273.15 K, 298.15 K,
and 323.15 K. For solubility prediction, we used the Solprop computational framework with the Solprop
database. We developed the advanced solvent panel through direct consultation with process chemists
and industry partners from the cannabis industry. The main objectives of this research project are to
generate a temperature-dependent log S dataset across the full industrial solvent panel and to validate
the generated predictions against experimental literature and industrial practices.

Phytocannabinoids are a diverse family of terpenoids originally characterized in Cannabis sativa, and
they are the most important bioactive compounds (15).

However, recent studies have shown that other plants and fungi also produce cannabinoid-like
compounds (16). Elucidating the structures of Δ⁹-tetrahydrocannabinol (Δ⁹-THC) and cannabidiol (CBD)
by Raphael Mechoulam in the 1960s significantly advanced the field of cannabis chemistry (17). To date,
over 140 cannabinoids have been identified, including cannabigerol (CBG), cannabichromene (CBC),
cannabinol (CBN), and various minor cannabinoids (13). Interestingly, minor structural changes can yield
novel cannabinoids. For example, hexahydrocannabinol (HHC) is a semi-synthetic cannabinoid derived
from Δ⁹-THC(18). Studies have shown that the molecular structure of the (9R)-HHC isomer is much more
similar to that of Δ⁹-THC than (9S)-HHC. Therefore, (9R)-HHC binds more strongly to cannabinoid
receptors than (9S)-HHC (19). Historical texts indicate that cannabis has been used for food, medicine,
and spiritual purposes. Medical texts such as ‘Shi Liao Ben Cao’ and ‘Compendium of Materia Medica’ in
China mentioned the medical importance of cannabis extracts (20, 21). Cannabinoids are useful for
producing various drugs. For example, purified CBD was FDA-approved in 2018 for the treatment of
refractory pediatric epilepsy (22). Moreover, cannabinoids are used as anti-inflammatory and analgesic
agents (23).

Generally, cannabinoids are hydrophobic and difficult to dissolve in water. They have rigid ring systems
and higher melting points. High Log P values of CBD, CBN, and THC confirm their lipophilic nature. Also,
CBD has been classified as a BCS class II compound based on its low solubility. Therefore, lipid-based
formulations are commonly used to enhance their bioavailability (12, 24, 25). Low aqueous solubility
presents significant challenges for product design, formulation, and requires higher dosages to achieve
therapeutic effects (26, 27). Furthermore, solubility governs crystallization and phase behavior during
synthesis and purification (12). In practice, cannabinoids require solubilizers, complexing agents or lipid
carriers. As an example, medium-chain triglyceride (MCT) oil is a common carrier for cannabis extracts.
It has higher terpene extraction efficiency and better shelf life stability compared to olive oil (28). In
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industrial cannabis processing, solvent selection for extraction is a key bottleneck. Therefore, identifying
a better solvent using quick assays or models helps to avoid unnecessary trials and costs.

Traditional solvent selection for phytochemical extraction focused on an empirical trial and error
method. Industry researchers relied on the Hansen Solubility Parameters (HSP) to map the dispersion (

), polar ( ), and hydrogen-bonding ( ) forces of solutes. While HSP effectively narrows solvent
candidates, it remains a qualitative guide that lacks the ability to predict precise molar concentrations or
temperature-dependent fluctuations. In contrast, the "shake-flask" method serves as the experimental
gold standard. It provides precise equilibrium solubility data through prolonged isothermal agitation and
HPLC analysis. However, the resource-intensive nature of this physical validation creates a bottleneck in
high-throughput formulation (29).

Group contribution methods like UNIFAC predict activity coefficients from molecule fragments, while
COSMO-RS and COSMO-SAC are solvation models based on electronic surface screening (30). UNIFAC
provides initial estimates rapidly, whereas COSMO-RS provides more accurate results but at a higher
computational cost. The literature suggests that COSMO-RS has been applied to predict CBD and
curcumin solubilities and shows good agreement for the solvation of compounds (13). Recently, data-
driven machine learning approaches have emerged. The MIT Reaction Mechanism Generator (RMG)
solvation tool is an open-source framework designed to estimate the thermochemical properties of
solute-solvent systems at variable temperatures. According to (10), the RMG solvation tool utilizes a
modular architecture of curated property datasets and correction schemes instead of simple formulas.
The software achieves broad chemical coverage and structural adaptability by integrating solvent
libraries with group additivity algorithms (10).

Furthermore, the 'SolProp' model developed by (11) uses neural networks trained on curated solubility
data with thermodynamic parameters. The model’s predictive accuracy was established by training on
the CombiSolv-Exp database, which contains approximately 11,000 experimental solvation free energy
measurements. The model then utilized the CombiSolu-Exp database, consisting of approximately 5,000
temperature-dependent solid solubility measurements across 115 unique solutes and 95 organic
solvents. The researchers employed a transfer learning protocol. This protocol involved an initial "pre-
training" phase using the CombiSolv-QM database with one million solvation free energies calculated via
COSMO-RS theory. Moreover, the framework integrates reference data from the AqueousSolu-Exp
database to anchor its thermodynamic cycles. SolProp can accept Simplified Molecular Input Line Entry
System (SMILES) strings of solutes and solvents. Traditional models, such as UNIFAC, require a
researcher to manually identify and parameterize specific functional groups. SolProp bypasses these
manual steps by employing Directed Message Passing Neural Networks (D-MPNNs). These networks
learn the specific molecular environment of the solute-solvent pair and generate latent embeddings that
represent complex intermolecular forces such as hydrogen bonding and van der Waals interactions. This
framework strictly adheres to a thermodynamic cycle. The model decomposes the query into two steps:
1) predicting the liquid-phase activity coefficient, and 2) predicting the solid-liquid phase equilibrium.
This structural grounding ensures that predictions remain physically plausible across different

δ D δ P δ H
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temperatures (11). A newer tool named Fastsov is available as an open-source package and web
service. It is a further improved prediction tool by an order of magnitude via optimized neural
architectures and a large dataset (12).

Although individual cannabinoids such as THC, CBD have been studied in selected solvents, the literature
lacks a comprehensive, temperature-dependent solubility dataset for many phytocannabinoids. For
example, studies suggested that CBD solubility in DMSO, acetone, alcohol, and similar solvents, but they
do not cover less common phytocannabinoids such as HHC, CBN, CBG etc (31). This project addresses
this gap by using the SolProp framework to predict log-solubilities (log S) for 19 different cannabinoids
in 18 industry-relevant solvents at three temperatures (273.15 K, 298.15 K, 323.15 K). The solvent panel
was chosen in consultation with process chemists to reflect real-world processing needs. SolProp
provides a high-throughput alternative for industry researchers, rather than expensive and time-
consuming laboratory shake-flask testing. To our knowledge, combining prediction models like SolProp
with a solvent panel specifically focused on cannabinoids, has not yet been documented in the literature.

Methodology

Study design and objective
This study was designed as an automated computational solubility screen. The objective was to
generate a temperature-dependent log S dataset for cannabinoid-related compounds. Furthermore,
reference compounds across a solvent panel selected for relevance to industrial cannabinoid extraction,
purification and formulation. No new experimental solubility measurements were performed in this
study.

Solutes
Nineteen cannabinoids were used as solutes. Six are neutral cannabinoids such as Cannabidiol (CBD)
(32), Δ9-Tetrahydrocannabinol (THC) (33), Cannabinol (CBN), Cannabigerol (CBG), Cannabifuran (CBF),
Cannabinodiol (CBND).

Furthermore, there are three Acid-form cannabinoids : Δ9-Tetrahydrocannabinolic Acid A (THCA-A),
Cannabinolic Acid (CBNA) (33), Cannabinol Acetate (CBN-OAc); Five were Hexahydrocannabinol
stereoisomers and acid forms: (9(R)-Hexahydrocannabinol (9(R)-HHC), 9(S)-Hexahydrocannabinol (9(S)-
HHC), iso-Hexahydrocannabinol (iso-HHC) (19), 9(R)-Hexahydrocannabinolic Acid (9(R)-HHC Acid), 9(S)-
Hexahydrocannabinolic Acid (9(S)-HHC Acid)) (34).

Moreover, three hydroxylated CBN metabolites were identified such as 11-Hydroxycannabinol (11-OH-
CBN), 1′-Hydroxycannabinol (1′-OH-CBN), 8-Hydroxycannabinol (8-OH-CBN) (35). Additionally, two non-
cannabinoid reference compounds were included such as Acetazolamide and Melatonin.
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Table 1
Canonical SMILES strings for evaluated solutes

Chemical Name Canonical SMILES

Cannabinol (CBN) CCCCCC1 = CC(= C2C(= C1)OC(C3 = C2C = C(C = C3)C)
(C)C)O

Cannabifuran (CBF) CCCCCC1 = CC(= C2C(= C1)OC3 = C(C = CC(= 
C23)C(C)C)C)O

Cannabinodiol (CBND) CCCCCC1 = CC(= C(C(= C1)O)C2 = C(C = CC(= C2)C)C(= 
C)C)O

Cannabinolic Acid (CBNA) CCCCCC1 = CC2=C(C3 = C(C = CC(= C3)C)C(O2)(C)C)C(= 
C1C(= O)O)O

Cannabinol Acetate (CBN-OAc) CC(C = C1)=CC2 = C1C(C)(C)OC3 = C2C(OC(C) = O) = 
CC(CCCCC)=C3

11-Hydroxycannabinol (11-OH-CBN) CCCCCC1 = CC(= C2C(= C1)OC(C3 = C2C = C(C = C3)CO)
(C)C)O

1′-Hydroxycannabinol (1′-OH-CBN) CC(C = C1)=CC2 = C1C(C)(C)OC3 = C2C(O) = 
CC(C(O)CCCC)=C3

8-Hydroxycannabinol (8-OH-CBN) CC(C(O)=C1)=CC2 = C1C(C)(C)OC3 = C2C(O) = 
CC(CCCCC)=C3

Cannabidiol (CBD) CCCCCC1 = CC(O) = C([C@H]2[C@H](C(C) = 
C)CCC(C)=C2)C(O)=C1

Acetazolamide NS(= O)(= O)c1nnc(s1)NC(= O)C

Melatonin COC1 = CC2=C(NC=C2CCNC(C) = O)C=C1

Cannabigerol (CBG) CCCCCC1 = CC(O) = C(C/C = C(C)/CC/C = C(C)\C)C(O)=C1

Δ9-Tetrahydrocannabinol (THC) CCCCCC1 = CC(= C2[C@@H]3C = C(CC[C@H]3C(OC2 = C1)
(C)C)C)O

Δ9-Tetrahydrocannabinolic Acid A
(THCA-A)

CCCCCC1 = CC2=C([C@@H]3C = C(CC[C@H]3C(O2)
(C)C)C)C(= C1C(= O)O)O

9(R)-Hexahydrocannabinolic Acid
(9(R)-HHC Acid)

CC1(C)[C@@]2([H])[C@](C[C@H](C)CC2)([H])C3 = C(C = 
C(CCCCC)C(C(O) = O)=C3O)O1

9(S)-Hexahydrocannabinolic Acid
(9(S)-HHC Acid)

CC1(C)[C@@]2([H])[C@](C[C@@H](C)CC2)([H])C3 = C(C = 
C(CCCCC)C(C(O) = O)=C3O)O1

iso-Hexahydrocannabinol (iso-HHC) C[C@@]12C[C@H]([C@H](C(C)C)CC2)C3 = C(C = 
C(CCCCC)C=C3O)O1

9(S)-Hexahydrocannabinol (9(S)-
HHC)

CC1(C)[C@@]2([H])[C@](C[C@@H](C)CC2)([H])C3 = C(C = 
C(CCCCC)C=C3O)O1

9(R)-Hexahydrocannabinol (9(R)-
HHC)

CC1(C)[C@@]2([H])[C@](C[C@H](C)CC2)([H])C3 = C(C = 
C(CCCCC)C=C3O)O1
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Solvents and temperatures
The 18 industrially used solvents were selected based on consultation with process chemists at Arvida
Labs. These solvents include DMSO, acetone, acetonitrile, ethanol, methanol, isopropyl alcohol, hexane,
heptane, naphtha, butane, propane, CO2, R134a, MCT oil, coconut oil, butter, olive oil, and sesame oil.

Computational workflow

Log S values (log10 mol L− 1) were predicted using the solubility prediction model SolProp from MIT RMG
Solid Solubility Prediction (11) for all solute-solvent pairs evaluated at 273.15K, 298.15K, and 323.15K.
Finally, 1026 data points were collected. A Python 3.10-based automated pipeline was implemented and
orchestrated through a CI/CD YAML workflow to generate a CSV (Comma-Separated Values) file that
contains log S values for each pair.

Data analysis
Predicted values were summarized by solvent, solute class and temperature. Figures were used to
visualize the overall distribution of predicted log S values, the temperature dependence of selected
cannabinoid classes and class-level comparisons at 298.15 K.

Results
Based on our results (Fig. 1), cannabinoids were predicted to dissolve most effectively in DMSO, acetone,
ethanol, isopropyl alcohol, and methanol. Among them, DMSO exhibits the highest solubility due to its
strong polarity and its ability to disrupt solute intermolecular forces. Conversely, hexane, heptane,
naphtha, butane, propane, and R134a produced negative log S values, indicating poor solubility despite
their lipophilicity.

In addition, Coconut oil, Medium-chain triglyceride (MCT) oil, and butter showed medium solubility
predictions, similar to methanol and CO₂ based on this model (36). Importantly, the industry uses MCT
oil as a common carrier for cannabinoid extracts and those results match the predicted data values from
the model. Additionally, predicted solubility increased consistently with temperature across all solute-
solvent pairs, indicating an endothermic dissolution process, consistent with thermodynamic behaviors
observed experimentally (37). As an example, solubility (log S) for CBD with MCT oil was predicted
computationally as 273.15 K = -0.05, 298.15 K = + 1.18, 323.15 K = + 2.23 respectively.

In addition, predictions for sesame oil and olive oil yielded two extreme log S values. CBD in sesame oil
at 273.15 K appeared nearly insoluble (log S = -151.21), whereas CBD in olive oil at 273.15 K was
predicted to be unrealistically soluble (log S = + 28.74).

According to Figs. 2 and 3, acid-cannabinoids such as Cannabinolic acid (CBNA), Δ⁹-
Tetrahydrocannabinolic acid (Δ⁹-THCA), 9(R)-Hexacannabinol acid (9(R)-HHC Acid) and 9(S)-
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Hexacannabinol acid (9(S)-HHC Acid) exhibited higher solubility than natural cannabinoids including
Cannabidiol (CBD), Δ⁹-Tetrahydrocannabinol (THC), Cannabinol (CBN), Cannabigerol (CBG),
Cannabifuran (CBF), and Cannabidivarin (CBND). This is likely due to the presence of a carboxylic acid
group, which enhances interactions with polar solvents.

Importantly, Fig. 4 shows that all three Hexahydrocannabinol stereoisomers (9(R)-HHC, 9(S)-HHC, and
iso-Hexahydrocannbinol (iso-HHC) exhibited similar solubility. As an example, at 273.15K, 9(R)-HHC,
9(S)-HHC and iso-HHC have had log S values of + 1.62, + 1.62, and + 1.54 with acetone, respectively. The
minimal differences in log S values for stereoisomers indicates a minimal stereochemical influence on
solubility. Notably, the non-cannabinoid acetazolamide and melatonin showed positive log S value in
polar solvents such as DMSO and ethanol but negative values in nonpolar hydrocarbon solvents.

Discussion
For CBD the experimental data indicated a significant increase in solubility in n-hexane and n-heptane
over a temperature range between 253K and 310K. Furthermore, this experimental data can be used to
estimate the molar solubility at 298K by comparison with the predicted SolProp values for CBD (14).
Therefore, the computationally predicted values aligned well with the experimental data according to
previous studies.

According to previous literature observations, the solubility trend for CBD was best in DMSO, then
acetone, then alcohols, and least in hydrocarbons (DMSO > acetone > alcohols > hydrocarbons). This
solubility pattern is mainly due to the differences in solvent polarity and hydrogen bonding (13). Even
though DMSO is an aprotic polar solvent, cannabinoids still dissolve. Because it has a high polarity index
and dielectric constant, it allows it to effectively dissolve polar inorganic salts and many organic
compounds (37). According to the previous studies, CBD was most soluble in MCT oil when compared to
other tested plant oils and oils richer in C18:3 fatty acids also indicated high solubility values.
Furthermore, even higher solubility values were identified in several hydrophobic eutectic systems and
from them L-menthol/C9:phenyl system provided the best results (31). Therefore, by comparing the
Solprop predicted solubility values for cannabinoids with previous data, a strong correlation was
observed for DMSO, acetone, alcohols, hydrocarbons, and MCT oil.

Even though DMSO achieved the highest log S value of + 4.27, with CBG at 323.15 K, it is not practical for
large scale production because its higher toxicity limits its application. On the other hand, ethanol and
isopropanol are considered ICH Q3C Class 3 solvents, due to their relatively low toxicity values (38). By
comparing the extraction data from studies with the computed values from this experiment, we
identified the non-polar solvents that achieved greater cannabinoid selectivity than ethanol. An interview
with Arvida Labs indicates that heptane is widely used for CBD crystallization and purification. Industrial
observations indicate that because THC is more soluble than CBD in heptane at 298.15 K, CBD
crystallizes. Furthermore, CBD was precipitated while THC remained in the liquid phase, maintaining
consistent precipitation.

Page 10/21



At the interview at the Arvida Labs, they described their experimental conversion of CBD to Δ8-THC in
heptane at approximately 100°C (373.15 K), both CBD (log S = 0.16 at 323.15 K) and THC (log S = 1.6 at
323.15 K) dissolved readily in heptane at elevated temperature, supporting the predicted computational
values in this research; furthermore, previous studies supported the claim (14, 39).

A study evaluating the suitability of carrier oils for cannabinoids suggested that MCT oil is the highest-
capacity lipid vehicle among other physically plausible carrier oils. Because the long chain triglycerides
produce larger mixed micelles during intestinal digestion (31). However, some studies related to
cannabinoid bioavailability showed that a formulation with the highest solubility in vitro does not always
yield the best absorption in the body. Therefore, the optimal carrier is not always the one with the highest
solubility. Thus, formulation design should consider both thermodynamic solubility and how the oil
behaves during digestion through further studies (40, 3)

There are a few limitations related to the Solprop model solvation prediction. For cannabinoids in
complex oils, Solprop can yield unrealistic results. This problem applies specifically to olive oil and
sesame oil. However, the model is more accurate only when triglyceride-level structures are used, such
as triolein for olive oil and trilinolein for sesame oil. Finally, supercritical CO2 is used as a solvent in some
industries. However, Solprop predicted the Log S values at CO2 gaseous. However, they should not be
directly compared with industrial supercritical CO2 extraction results unless phase behavior is corrected

first (41).

Limitations
The study is computational and did not include new shake-flask or chromatographic validation
experiments. Furthermore, lipid oils and supercritical CO₂ are complex systems that may fall outside the
most reliable use case for SolProp.

Conclusion
This study presents a detailed algorithmic assessment of temperature-dependent solubility for an
extensive array of cannabinoids in industrially relevant solvents. Here, a substantial collection of
datasets around 1,026 log S values was generated utilizing an automated workflow using the Solprop
solvation tool. It allows a systematic evaluation of solute-solvent interactions across different
temperatures.

The results indicate that the degree to which cannabinoids dissolve depends on the solvent’s polarity
and temperature. Furthermore, aprotic polar solvents, such as DMSO and acetone, are very good at
dissolving cannabinoids, while non-polar solvents, such as hexane and heptane, indicate poor solubility.

The study also revealed a clear association between temperature and solubility; as temperature
increases, cannabinoids dissolve more readily in all systems studied. This indicates that heat promotes
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the dissolution process of cannabinoids by facilitating molecular interactions, which aligns with the
principles of thermodynamics.

The molecular structure of cannabinoids also affects their dissolution. Acidic cannabinoids dissolve
slightly better than neutral cannabinoids due to their increased interaction with polar solvents. In
contrast, stereochemistry, the spatial arrangement of molecules, does not seem to play a significant role
compared to functional groups. For example, stereoisomers of the HHC molecule dissolve at similar
rates. Therefore, among lipid-based systems, MCT oil, coconut oil, and butter exhibit good cannabinoid
dissolving capabilities, explaining their frequent use in cannabinoid product formulations.

However, Solprop computational tools had some limitations while predicting how well cannabinoids
would dissolve in lipid systems like olive oil and sesame oil. The predictions were not realistic, which
shows the importance of development of a more advanced machine learning model, which can be
trained and tested as a direct solubility predictor on a much larger, more diverse dataset, rather than
predicting several intermediate thermodynamic quantities first.

Overall, the results of this study provide large-scale solubility datasets that are important for cannabinoid
industrial applications, including chemical extraction, purification, and formulation process optimization.
These results will provide a foundation for future advancement in cannabinoid research and
development. Therefore, this study helps determine the solubility of cannabinoids before experimental
investigations, reducing cost, time, and effort.

Abbreviations
BCS: Biopharmaceutics Classification System

CBD: cannabidiol

CBF: cannabifuran

CBG: cannabigerol

CBN: cannabinol

CBNA: cannabinolic acid

CBND: cannabinodiol

CBN-OAc: cannabinol acetate

CI/CD: continuous integration/continuous deployment

COSMO-RS: conductor-like screening model for real solvents

DMSO: dimethyl sulfoxide
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HHC: hexahydrocannabinol

HSP: Hansen solubility parameters

ICH: International Council for Harmonisation

MCT: medium-chain triglyceride

RMG: Reaction Mechanism Generator

SMILES: Simplified Molecular Input Line Entry System

THC: tetrahydrocannabinol

THCA-A: tetrahydrocannabinolic acid A

UNIFAC: UNIQUAC functional-group activity coefficients

YAML: YAML Ain’t Markup Language
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Figure 1

Distribution of solubility
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Figure 2

Solubility of natural compounds at temperature; 273.15K, 298.15K and 323.15K

Figure 3

Solubility of acidic compounds at temperatures: 273.15K, 298.15K and 323.15K
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Figure 4

Solubility of HHC isomeric cannabinoids at temperatures: 273.15K, 298.15K and 323.15K

Figure 5

Grouped comparison of mean solubility (log S) for cannabinoid classes at 298.15 K in polar solvents.
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