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ABSTRACT: 

Bio-based 2,3-butanediol (2,3-BDO) is a valuable biomass-derived chemical due to its versatility 

in being transformed into a wide variety of products. However, the separation and purification of 

2,3-BDO from fermentation broth remains a significant challenge, owing to its high boiling point 

and hydrophilic nature. Herein, we developed a machine learning (ML)-based screening workflow 

that uses molecular calculations as training data and requires only a small number of experimental 

measurements for validation, to identify alternative solvent candidates for the liquid-liquid 

extraction (LLE) of 2,3-BDO from aqueous solution. In particular, 130 density functional theory 

(DFT) calculations with implicit solvation method not only built a correlation between 

computational partition coefficient and experimental distribution coefficient of 2,3-BDO but also 

parameterized an Extra-Trees ML model to screen the distribution coefficient for a wider range of 

6717 organic solvents. The experimental measurements of merely 24 solvents were needed to 

validate the computational results. A list of 50 prioritized solvents were proposed for 2,3-BDO LLE 

and 7 additional experimental measurements were conducted to further verify our selected 

solvents. The impact of extraction temperature and organic-to-aqueous ratio was also 

investigated for selected solvents in experiments. This work suggested alternative solvents for 

2,3-BDO LLE and proposed a versatile workflow that requires less experiments and can be 

applicable to a broader range of LLE studies.

KEYWORDS: 2,3-Butanediol, Liquid-Liquid Extraction, Machine Learning, Solvent Screening.
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1. INTRODUCTION

Bio-based 2,3-butanediol (2,3-BDO) is gaining tremendous attention as a sustainable platform 

chemical across the food, agriculture, chemical, and pharmaceutical industries. 2,3-BDO can be 

readily converted into a variety of chemical intermediates, such as 1,3-butadiene, diacetyl, and 

methyl ethyl ketone, which are essential for the production of diverse products, including 

antifreeze agents, polymers, cosmetics, pharmaceuticals, and aviation fuels1. In contrast to 

traditional chemical synthesis processes that rely on petroleum-based sources, the microbial 

fermentation production of 2,3-BDO utilizes renewable biomass feedstocks, offering a more cost-

effective and environmentally sustainable alternative2. Despite these potential advantages, the 

industrial-scale bioproduction of 2,3-BDO remains limited due to significant challenges in its 

downstream processing. Given its high boiling point (177-182°C), high viscosity, and strong 

affinity for water, the separation of 2,3-BDO often requires the use of evaporation and multi-stage 

distillation operations, which are highly energy-intensive and costly3. Moreover, the low 

concentration of 2,3-BDO in fermentation broth (5-10 wt%) can complicate selective recovery, 

especially in the presence of impurities, such as organic acids, monosaccharides, and salts4. 

These challenges have driven the search for more efficient, environmentally friendly, and cost-

effective methods for the separation of bio-based 2,3-BDO.

Liquid-liquid extraction (LLE), also known as solvent extraction, is a well-established 

method for the efficient separation of various molecules and compounds.5, 6 This technique 

employs an organic solvent to extract target compounds from an aqueous phase, leveraging the 

partitioning behavior of compounds between the two phases. The extraction yield, however, is 

heavily dependent on several factors, such as the solvent type, solubility of the target component, 

phase density compatibility, extraction temperature, and solvent-to-solute ratio4, 7, 8. Numerous 

studies have explored solvent extraction for the separation of bio-based 2,3-BDO from aqueous 

fermentation broth9-12. Although these studies have reported high extraction yields, many of the 

solvent systems necessitate the addition of salts, sugars, polymers, or other additives, which can 
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complicate subsequent refining operations, thus increasing raw material and process costs13. 

Furthermore, most of these studies rely on conventional experimental methodologies for 

screening solvent candidates, which limits the number of distinct solvents and operating 

conditions tested while also increasing the time and effort required for experimentation.

Recent advances in artificial intelligence methods, such as machine learning (ML), deep 

learning neural networks, large language models, quantitative structure-property relationship, and 

hybrid ML-thermodynamic models, have revolutionized separation research and led to 

innovations such as computer-aided molecular design of novel green solvents and equipment 

operation/parameter selection for downstream process design and optimization14. Several 

research groups have successfully applied ML methods to optimize LLE processes, such as the 

extraction of pharmaceutical pollutants from wastewater15, ligand-assisted extraction of rare-earth 

elements16, and deep eutectic solvent extraction of furfural compounds17. Despite their potential, 

the predictive accuracy of ML algorithms critically depends on the quantity and quality of the input 

data, which may restrict their application for more complex LLE processes18. On the other hand, 

due to the lack of vast LLE experimental data of 2,3-BDO, the study of optimal solvents for 2,3-

BDO extraction by artificial intelligence approaches has not been extensively achieved. The high-

throughput experimentation to rapidly generate more comprehensive experimental datasets19-21 

may fill the gap of 2,3-BDO data, but currently it is still unavailable for 2,3-BDO. Therefore, a 

solvent screening approach for 2,3-BDO extraction that requires only a small amount of 

experimental data is desirable.

Herein, we describe the development of a ML-driven workflow to perform a solvent 

screening for the LLE of 2,3-BDO from aqueous solutions. Specifically, a computational database 

of the partition coefficient of 2,3-BDO between organic solvent and aqueous phase was 

established based on density functional theory (DFT) calculations using implicit solvation 

approximation. This database was used to parameterize a ML model to evaluate a wider range 

of solvents. Experimental measurements of distribution coefficients for selected solvents were 
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performed to correlate the computational partition coefficient and experimental distribution 

coefficient, and to validate predictions of ML model. Then, the ML model performed a solvent 

screening for 2,3-BDO extraction distribution coefficient, and a list of solvent candidates was 

proposed and further verified by additional experimental measurements. In addition to our DFT-

informed ML approach, there are alternative methods that can be applied for solvent screening. 

The readers can refer to several review articles for more details. Finally, selected solvent 

candidates were further used to investigate the impact of extraction temperature and organic-to-

aqueous ratio on the extraction efficiency of 2,3-BDO. This study demonstrates an ML-driven, 

closed-loop screening workflow as an effective approach to optimizing the LLE of bio-based 2,3-

BDO. It is also applicable to explore the promising solvents for a wider range of LLE studies.

2. MATERIALS AND METHODS

2.1. Materials

All reagents and solvents and were obtained from commercial suppliers and used without further 

purification. Specifically, 2,3-BDO with a purity of 98% and oleyl alcohol with a purity of 85-87% 

were acquired from Sigma Aldrich. All other solvents with purities ranging from 98-99.5% were 

sourced from Sigma Aldrich and Fisher Scientific.

2.2. Liquid-Liquid Extraction Tests

A stock solution of 2,3-BDO at 10 wt% concentration was prepared by dissolving the appropriate 

amount of 2,3-BDO in Millipore deionized water within a volumetric flask. For the LLE tests, 

mixtures comprising 2 mL of the 10 wt% 2,3-BDO solution and 2 mL of an organic solvent (1:1 

v/v organic-to-aqueous phase ratio) were prepared in 8 mL glass vials, which were sealed to 

reduce evaporation losses. Each mixture was subjected to vortex mixing for 5 s, followed by 

sonication for 1 h at a controlled temperature (20°C, 40°C, or 60°C ± 3°C). After sonication, the 

mixtures were allowed to rest undisturbed at the specified temperature for 1.5 h to achieve phase 
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separation. For analytical measurement, 0.5 mL aliquots were collected from each phase of the 

extraction mixtures and transferred to 2 mL glass vials. All experiments were conducted in 

duplicate, with each sample measured twice to ensure the reproducibility of the analytical results. 

Standard deviations were calculated from the mean values of these measurements.

2.3. Analytical Methods

The concentration of 2,3-BDO in the aqueous phase of the extraction mixtures was determined 

using high-performance liquid chromatography (HPLC). The analysis was conducted using an 

Aminex HPX-87H column at a set temperature of 60°C, using 4 mM sulfuric acid at 0.6 mL/min. 

Calibration of the HPLC system was achieved by preparing a dilution series of 2,3-BDO water 

standards, as shown in Figure S1. To ensure the consistency of the HPLC measurements, a 

single 2,3-BDO water standard was used as an external check standard reference between all 

sample analyses. Additionally, a blank injection was performed after every third sample injection 

to purge the system of potential 2,3-BDO accumulation. To validate the accuracy of the calibration 

method, an alternative series of 2,3-BDO standards was prepared gravimetrically by dissolving 

2,3-BDO in 1-hexanol at varying concentrations, followed by dilution with ethanol in a 1:9 v/v ratio, 

as shown in Figure S2. Upon comparing the accuracy of 2,3-BDO concentration detection 

between Figures S1 and S2, the 2,3-BDO water calibration curve was determined to be the 

optimal method for 2,3-BDO measurements.

2.4. Experimental Distribution Coefficient Calculations

The extraction performance of each solvent was evaluated by calculating two key parameters: 

the Distribution Coefficient (𝐾𝑑) and Extraction Efficiency (𝐸𝐸). The 𝐾𝑑 is defined as the ratio of 

the mass fraction of 2,3-BDO in the organic phase (𝑤𝑜𝑟𝑔) to the mass fraction of 2,3-BDO in the 

aqueous phase (𝑤𝑎𝑞), as shown in Equation 1. The 𝑤𝑜𝑟𝑔 is determined from the mass of 2,3-

BDO in the organic phase upon reaching equilibrium (𝑚𝑜𝑟𝑔), which is calculated as the difference 
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between the initial mass of 2,3-BDO in the aqueous feedstock solution (𝑚𝑎𝑞 𝑓𝑒𝑒𝑑) and the final 

mass of 2,3-BDO in the aqueous phase post-extraction (𝑚𝑎𝑞 𝑓𝑖𝑛𝑎𝑙), as detailed in Equations 2-3.

𝐾𝑑 =
𝑤𝑜𝑟𝑔

𝑤𝑎𝑞

(1)

𝑤𝑜𝑟𝑔 =
𝑚𝑜𝑟𝑔

𝑚𝑜𝑟𝑔 𝑡𝑜𝑡𝑎𝑙

(2)

𝑚𝑜𝑟𝑔 = 𝑚𝑎𝑞 𝑓𝑒𝑒𝑑 ― 𝑚𝑎𝑞 𝑓𝑖𝑛𝑎𝑙 (3)

The 𝐸𝐸 is defined as the mass of 2,3-BDO in the organic phase upon reaching equilibrium 

(𝑚𝑜𝑟𝑔) to the initial mass of 2,3-BDO in the aqueous feedstock solution (𝑚𝑎𝑞 𝑓𝑒𝑒𝑑), as expressed 

by Equation 4. To convert the HPLC-detected concentration of 2,3-BDO to mass, the volumes of 

both the aqueous and organic phases were measured before and after phase separation, with 

the masses of each phase calculated based on the known phase densities.

𝐸𝐸 =
𝑚𝑜𝑟𝑔

𝑚𝑎𝑞 𝑓𝑒𝑒𝑑
 × 100% (4)

2.5. Density Functional Theory Calculations

The density functional theory (DFT) calculations were performed to compute the partition 

coefficient of 2,3-BDO between organic and aqueous solvents. All DFT calculations were carried 

out with the ORCA software22 using B3LYP functional23, 24 and Grimme-D325 dispersion correction. 

The def2-TZVP basis set26 were used for all the atoms and SMD implicit solvent model27 as used 

to approximate the solvation environment. Only organic solvents containing carbon, oxygen, 

nitrogen or hydrogen atoms were considered in this work, leading to 130 organic solvents in total 

from the original SMD model. For every solvent, a single 2,3-BDO molecule was first geometrically 

optimized using BFGS algorithm implemented in ORCA, followed by the vibrational frequency 

calculation in ORCA to estimate the entropy (TS) and enthalpy (H) terms for Gibbs free energy 

(H - TS) evaluation. Readers can refer to ORCA’s user manual for detail. A single calculation 
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typically costs 12 minutes using a 64-core CPU. The partition coefficient (Porganic/water) of 2,3-BDO 

was computed by Equation 5 below, where 𝛥𝐺𝑜
𝑜𝑟𝑔𝑎𝑛𝑖𝑐 and 𝛥𝐺𝑜

𝑤𝑎𝑡𝑒𝑟 indicate the Gibb’s free energy 

of 2,3-BDO solvation in the organic solvent and aqueous phase, respectively, at the standard 

condition (25°C, 1 atm), T was temperature, and R was the gas constant. For simplicity, we 

labeled ΔG as the difference of the two Gibb’s free energy of 2,3-BDO solvation in organic and 

aqueous phase (i.e. 𝛥𝐺 =  𝛥𝐺𝑜
𝑜𝑟𝑔𝑎𝑛𝑖𝑐 ― 𝛥𝐺𝑜

𝑤𝑎𝑡𝑒𝑟).

𝑙𝑜𝑔𝑃𝑜𝑟𝑔𝑎𝑛𝑖𝑐/𝑤𝑎𝑡𝑒𝑟 = ―(𝛥𝐺𝑜
𝑜𝑟𝑔𝑎𝑛𝑖𝑐 ― 𝛥𝐺𝑜

𝑤𝑎𝑡𝑒𝑟)
2.303𝑅𝑇  (5)

2.6. Machine Learning modeling

The earlier work of Smith et al focused on 2,3-BDO solubility instead of distribution coefficient or 

separation factor as measured in our experiments. Therefore, in this work, we aim to develop a 

ML model that can directly evaluate the 𝐾𝑑 values of 2,3-BDO between solvent and aqueous 

phase, and our experimental results can be numerically compared to our ML predictions. The 

computed ΔG values for 130 organic solvents were used to parameterize ML models to evaluate 

the ΔG of new organic solvents, which can be converted to logP. The logP values were further 

converted to 𝐾𝑑 values by fitting a linear correlation to experimental results. Due to the small size 

of our data, the ΔG dataset was randomly split into training and testing sets by the ratio 60%:40% 

only during the fast examination of ML algorithms. 38 different ML algorithms were first examined 

to train predictive models to estimate ΔG values of DFT calculations, and their detail is provided 

in the supporting material Table S1. The ML algorithm showing potentially the highest accuracy 

was further fine-tuned by a five-fold cross validation through random search, and the prediction 

results from the fine-tuned model were used to compare to experimental results. 

The RDKit28 molecular property descriptor was used to represent the solvent molecules 

based on their Simplified Molecular Input Line Entry System (SMILES) strings. For every solvent 

in the dataset, a 131-length feature descriptor was first generated from its SMILES string. The 



9

features showing no variation (i.e. constant value for all data) were removed. Then these 

molecular features are compared across all solvents to analyze correlations between each other. 

The features showing high correlation coefficients (R2>0.75) were condensed by removing those 

with larger overlaps. This eventually reduced the descriptor from 131-length to 64-length. The 

resulting RDKit descriptor was used as the input to ML models for the initial ML algorithm 

examination after the 60%:40% data split. Once the most promising ML algorithm was identified, 

these RDKit descriptors of solvents were further used as input for ML hyperparameter tuning 

using the five-fold cross validation. The fine-tuned model was saved as our final ML model for 

solvent screening. For a given new solvent, its SMILES string was first collected or generated 

from literature or public source, and then its 64-length feature descriptor was generated by RDKit 

from the SMILES string and passed into the final ML model to compute the ΔG values, which was 

later converted to distribution coefficients and compared to experimental results. The ML training 

was performed within the framework of Python package Scikit-learn29. Structural similarity 

analysis was performed using cosine similarity based on the molecular features, and 1-butanol 

was always used as the reference structure. All scripts and data used in this work is freely 

available on the Github repository (https://github.com/zhangdf07/BDO_ML). 

3. RESULTS AND DISCUSSION

3.1. Experimental Distribution Coefficients of An Initial List of Solvents

We first gathered an initial list of organic solvents that has been suggested in the previous 

computational work of Smith et al for LLE of 2,3-BDO in the aqueous solution. The authors used 

open-access organic and aqueous solubility databases and developed ML models to estimate 

2,3-BDO solubility of several types of organic solvents. They suggested a list of solvents 

containing various alcohols, esters, and hydrocarbons, for potential experimental exploration. 
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Therefore, in this work, we started with these solvents by experimentally measuring their 

performance in extracting 2,3-BDO from aqueous solution. 

To quantify the effectiveness of these initial organic solvents, the experimental distribution 

coefficients for 24 selected solvents were measured at standard conditions (1:1 v/v organic-to-

aqueous ratio, 20°C). As shown in Figure 1, these solvents were highlighted in three classes: 

alcohols, esters, and hydrocarbons. Their experimental 𝐾𝑑 values at standard conditions are 

visualized as a function of their solvent molecular weights. The numeric data of our measurement 

is provided in Table S2 and their experimental 𝐾𝑑 error bar values are highlighted in Figure S3. 

Among the three solvent classes tested under standard conditions, alcohols generally 

displayed the highest 𝐾𝑑 values, followed by esters and hydrocarbons. The superior extraction 

yields of alcohol solvents can be attributed to the presence of hydroxyl groups in their molecular 

structures, which facilitate strong hydrogen bonding with the hydroxyl groups present in the 2,3-

BDO molecules31. Among all these solvents under standard conditions, 1-butanol exhibited the 

highest 𝐾𝑑 value of 0.92, indicating its strong affinity for extracting 2,3-BDO from aqueous 

solution, likely due to the molecular structure of 1-butanol where the hydroxyl group exists on the 

short four-carbon chain. Furthermore, water molecules can easily distribute to the 1-butanol 

organic phase, forming polar molecular clusters that can serve as local aqueous environments 

for the co-extraction of additional 2,3-BDO molecules32. 

In addition, the longer carbon-chain backbone of fatty alcohols can lower polarity and 

reduce the intermolecular interactions with 2,3-BDO molecules in the aqueous phase31. As a 

result, the shorter-chain alcohols such as 1-hexanol, 2-hexanol, and 4-methyl-2-pentanol, display 

relatively higher 𝐾𝑑 values (0.37, 0.35, and 0.30, respectively) than those longer-chain alcohols 

such as 1-octanol, 1-heptanol, 1-nonanol, and oleyl alcohol (0.22, 0.22, 0.19, 0.14, and 0.07, 

respectively). As depicted in Figure 1 (b), the alcohol solvents with lower molecular weights (74-



11

116 g/mol) exhibit elevated 𝐾𝑑 values compared to those of higher molecular weights (>116 

g/mol). Interestingly, despite previous studies reporting oleyl alcohol as an effective solvent for 

extracting 2,3-BDO from aqueous fermentation broths33, 34, our repeated measurements show a 

low  𝐾𝑑 value of 0.07 and its long carbon-chain suggests a poor solvent candidate for 2,3-BDO 

extraction. 

A similar trend is observed among ester solvents, where those with shorter carbon-chains 

and lower molecular weights (88-116 g/mol) generally display higher 𝐾𝑑 values than those with 

longer chains and higher molecular weights (>116 g/mol), as shown in Figure 1 (c). The ethyl 

acetate and isopropyl acetate exhibit sufficient distribution behavior with 𝐾𝑑 values of 0.19 and 

0.10, respectively. The other esters such as isobutyl acetate, butyl butyrate, and isopropyl 

myristate, show low 𝐾𝑑 values ranging from 0.05 to 0.01, indicating the reduced hydrogen bonding 

and dipole-dipole interactions with hydrophilic 2,3-BDO due to the increasing length of the 

hydrophobic carbon-backbone of these ester molecules.

Not surprisingly, the hydrocarbon solvents exhibit the lowest 𝐾𝑑 values of 2,3-BDO among 

the three solvent classes, typically ranging from 0.03 to 0.005, since they mostly interact with 2,3-

BDO via weaker van der Waals forces. As illustrated in Figure 1 (d), the variation of 𝐾𝑑 values 

do not appear to strongly correlate with solvent molecular length (or weight), but more likely be 

influenced by subtle changes in molecular geometries among linear alkane, cycloalkane, and 

aromatic solvent structures. Overall, our measurements indicate that alcohol generally 

outperforms ester and hydrocarbon in the extraction of 2,3-BDO, which agrees with the findings 

of previous works30, 31, 35.

3.2. Screening of New Solvents via Machine Learning

Although we have obtained the experimental 𝐾𝑑 values for 24 solvents, it remains to be insufficient 

for a dataset of ML development. Moreover, there is currently no other existing database for a 
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significant amount of experimental 𝐾𝑑 values of 2,3-BDO in the literature. As a result, we pursue 

an alternative pathway where DFT calculations with SMD implicit solvation generate a dataset of 

computational ΔG of 2,3-BDO between organic solvents and water, and partition coefficient (P) 

can be easily computed from by ΔG using Equation 5. To overcome the limited availability of 

SMD parameters, the DFT dataset allows for the development of ML models to explore a wider 

range of solvents. Our 24 experimental 𝐾𝑑 values were only used to find and verify the correlation 

between experimental 𝐾𝑑 and computational P results, not as training data.

In the first step, we quantified how DFT-computed P values correlate to the experimentally 

measured 𝐾𝑑 values for 2,3-BDO. Among the 24 solvents in our initial list, only 11 solvents are 

available in the SMD parameters, and their results are illustrated in Figure 2(a). The experimental 

𝐾𝑑 and DFT P values demonstrate a clear correlation, which allows us to fit a linear equation to 

convert a given P value into the 𝐾𝑑 value, with a R2 of 0.946 and a Root Mean Squared Error 

(RMSE) of 0.082. We assume that such a correlation equation can be extended to other solvents. 

Therefore, we expect that the experimental 𝐾𝑑 value of 2,3-BDO for a given solvent can be 

estimated by linearly transforming a computational P value from DFT calculation, as illustrated in 

Figure 2(b). However, as noted previously, the DFT calculations using SMD solvation model is 

limited by the availability of its fitted parameters, and it is not cost-efficient to develop such 

parameters for all kinds of solvents. 

To overcome this difficulty, we used our DFT calculations as a small database and 

parameterized ML models to evaluate the computational ΔG, thus computational P, for more 

solvents. Considering the relatively small size of our training data, we examined the 

appropriateness of several ML algorithms to identify the potential ML models with the highest 

accuracy. As shown in Figure 3(a), the testing performance of 38 ML algorithms are compared 

using the same training/testing data. Their numerical values of R2 and RMSE are provided in 

Table S1. Overall, the Extra-Trees ensemble algorithm shows the lowest RMSE error and highest 
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R2 coefficient. Therefore, we further refined the parameterization of the Extra-Trees model using 

a five-fold cross-validation via a random search method. The resulting model demonstrates a 

decent accuracy (RMSE=0.19, R2=0.98), as illustrated in Figure 3(b), to evaluate the 

computational ΔG values in agreement with DFT calculations. The solvents showing the largest 

predictive errors (ML vs. DFT) are highlighted in Figure 3(c). The propanoic acid and aniline show 

the largest ΔG errors, but the error is still below 0.55 kcal/mol. Due to the small size of our dataset, 

it can be challenging to further significantly minimize the prediction error for all types of organic 

solvents. Since the predictive errors for most solvents are acceptable (<0.38), we believe the 

accuracy of this model is reasonable to explore other solvents.

Feature importance analysis was performed to understand the most impactful structural 

features of solvents for 2,3-BDO extraction, as shown in Figure 3(d). We found that three 

features: the minimum atomic partial charge (MinPartialCharge), the topological polar surface 

area (TPSA), and the number of hydrogen bond donors (NumHDonors), play more significant 

roles than the other features. These three features are all influenced by polar segments in the 

molecule, for instance, hydroxyl groups, which indicate the importance of primarily oxygen and 

nitrogen, as well as their attached hydrogen atoms.

The fidelity of our developed ML model was further interrogated by comparing the ML 

prediction to the experimental 𝐾𝑑 values for the 13 solvents in the initial list without available SMD 

parameters. The ML-predicted 𝐾𝑑 values for these solvents, provided in Figure 4(a), suggest an 

excellent agreement with experimental values (R2 of 0.931 and RMSE of 0.07). The accuracy of 

the two types of data (solvents included in DFT and solvents not included in DFT) is comparable, 

suggesting no significance of overfitting in our ML model. Note that these 13 solvents were not 

used in either the ML training/validation evaluation or in the fitting of the linear equation to convert 

P to 𝐾𝑑 values, demonstrating the predictive performance of the ML model for unseen solvents. 

Furthermore, as shown in Figure 4(b), the structural similarity between these 13 solvents and 
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those involved in the DFT dataset indicates that the experimental solvents generally fall within the 

solvent space defined by the DFT dataset. This is likely the reason for the high predictive accuracy 

of our model because the interpolation accuracy of ML is far better than its extrapolation capability. 

Therefore, we believe that our ML model is trustworthy to estimate the 𝐾𝑑 values of organic 

solvents, and it is rational to conduct a solvent screening of 2,3-BDO extraction.

A solvent screening using our ML model was then performed for 6717 organic solvents 

gathered from the literature and open sources. The full results for all 6717 solvents are provided 

in our repository. A structural similarity analysis was also performed, as shown in Figure 4(b), for 

these new solvents. They mostly fall within the space defined by the DFT data, with several 

exceptions that lies slightly beyond the edge of the DFT-space. Their 𝐾𝑑 values were evaluated 

and ranked as illustrated in Figure 4(c). Since 1-hexanol (predicted 𝐾𝑑 = 0.405) displays an 

intermediate performance for 2,3-BDO LLE36, we used its 𝐾𝑑 value as a lower cutoff threshold 

and looked for the solvents with larger 𝐾𝑑. On the other hand, we note that our current screening 

only considers the partitioning of 2,3-BDO between the organic and aqueous phases, but the 

solubility of these two phases themselves has been ignored. As a result, several solvents showing 

extremely high 2,3-BDO 𝐾𝑑 values, such as methanol (1.05) and ethanol (0.96), are not feasible 

in practice because they are highly soluble in water. Therefore, we selected 1-butanol (predicted 

𝐾𝑑 = 0.754), which was successful for 2,3-BDO LLE in our experiments and show the highest 𝐾𝑑 

value, as an upper cutoff to screen out solvents that are miscible with water. In total, we obtained 

a second list of 50 solvent candidates, and their results are provided in Table S3. We believe 

these solvents have higher priorities for future experimental explorations.

To verify the accuracy of solvents in our second list, we selected four solvents from the 

potential 50 candidates and three other solvents with lower 𝐾𝑑 values outside the potential 

candidates. The experimental 𝐾𝑑 values of these seven solvents were measured under standard 

conditions and compared to ML predictions, presented in Figure 4(d). Their raw data is provided 
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in Table S4. The ML prediction demonstrates decent agreements with experimental results (Δ𝐾𝑑

<0.12) for six solvents, including 2-methyl-1-butanol, 3-methyl-1-butanol, 3-pentanol, 2-ethyl-1-

butanol, 3-hexanol and 2-cyclohexylethanol. Only 2-ethyl-1,3-hexanediol shows a larger 

prediction error (Δ𝐾𝑑=0.32). These errors could be from several sources: The computed 𝐾𝑑 values 

were converted from the linear fit of P values, introducing flaw from the linear approximation as 

well as the uncertainty of using P values. The parameterization of the Extra-Tree model using 

DFT data also introduced errors in the fitting. Moreover, the relatively small size of the DFT 

dataset is challenging to cover the entire solvent space, thus less representative to capture 

solvent molecules beyond the scope of dataset. This is likely the major source of the large error 

for 2-ethyl-1,3-hexanediol, since diol solvent molecules are not extensively included in the SMD 

parameters of DFT calculations. In summary, we observed an overall good agreement between 

the experimental and predicted 𝐾𝑑 values for the new seven solvents (R2=0.913, RMSE=0.096) 

as shown in Figure S4(a). Further reducing the discrepancy between experiment and ML 

prediction, especially for solvents with complex structures such as cyclic rings or multiple 

functional groups, will require additional data reinforcement.

3.3. Impact of Extraction Temperature and Organic-to-Aqueous Ratio 

Beyond the type of solvents, extraction temperature and organic-to-aqueous ratio are two other 

important factors that may significantly influence the solvent extraction efficiency, energy usage, 

and operational costs of an extraction process7, 37. These properties cannot be efficiently 

evaluated using traditional molecular modeling such as DFT calculations. The lack of extensive 

experimental 2,3-BDO results for different solvents under various temperatures and organic-to-

aqueous ratios has also made the development and validation of ML models challenging. 

Therefore, we only used our experiments to assess the impact of extraction temperature and 

organic-to-aqueous ratios on 2,3-BDO extraction in this work.
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The experimental 𝐾𝑑 values and extraction efficiencies of the solvents from the initial list 

were measured at three different extraction temperatures (20°C, 40°C, or 60°C), with the 

complete numeric data provided in Table S2. As depicted in Figure 5(a), most solvents, 

irrespective of solvent class, demonstrated an increase in extraction efficiency with rising 

temperature. Among all tested solvents, 1-butanol exhibited the highest extraction efficiency of 

32.2% at 40°C and 34.0% at 60°C. Although the exact mechanism underlying the impact of 

temperature on the LLE of 2,3-BDO is beyond the scope of this study, the observed increase in 

extraction efficiency may be attributed to the increased solvation of 1-butanol in water at elevated 

temperatures, which could facilitate more efficient mass transfer of 2,3-BDO molecules between 

the aqueous and 1-butanol phases7, 38. This positive trend is also observed in all other alcohol 

solvents, shown in Table S2. For instance, 1-hexanol exhibited an increase in extraction efficiency 

from 15.0% at 20°C to 18.5% at 40°C and 19.0% at 60°C. In addition, 2-hexanol showed an 

increase in 2,3-BDO extraction efficiency from 14.5% at 20°C to 16.7% at 40°C and 18.2% at 

60°C. Similarly, all ester solvents demonstrated an increase in 2,3-BDO extraction efficiency with 

increasing extraction temperature. Ethyl acetate remained the better solvent among the ester 

class for 2,3-BDO extraction with extraction efficiency values of 9.0%, 9.6%, and 10.6% at 20°C, 

40°C, and 60°C, respectively. Sec-butyl acetate showed a relatively significant increase in 2,3-

BDO extraction efficiency, with values of 2.1%, 4.2%, and 7.8% at 20°C, 40°C, and 60°C, 

respectively. Isopropyl myristate also exhibited a relatively significant increase in efficiency, 

compared to the other ester solvents, with values of 1.2%, 2.6%, and 6.8% at 20°C, 40°C, and 

60°C, respectively. The hydrocarbon solvents followed a similar trend of increasing extraction 

efficiency of 2,3-BDO with increasing extraction temperature. Notably, tert-Butylcyclohexane 

showed a marked increase in extraction efficiency with increasing temperature, with measured 

values of 0.7%, 1.1%, and 5.5% at 20°C, 40°C, and 60°C, respectively. However, the overall 

extraction efficiencies of hydrocarbon solvents were still lower compared to those of the alcohol 

and ester solvents for 2,3-BDO extraction. It is important to note that while increasing the 
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extraction temperature may improve the extraction efficiency of 2,3-BDO from aqueous solution, 

such experimental conditions could be cost-prohibitive at larger scales due to high energy 

consumption. Therefore, a careful balance between solvent selection and extraction temperature 

should be considered.

The impact of varying organic-to-aqueous ratios on 2,3-BDO extraction was evaluated by 

measuring the experimental extraction efficiencies for three solvents (1-butanol, 2-methyl-1-

butanol, and 3-methyl-1-butanol) at three different ratios (0.5, 1, and 2), as depicted in Figure 

5(b). It is not a surprise to observe that the extraction efficiency increases with increasing organic-

to-aqueous ratios for all three solvents. Among these solvents, 1-butanol showed the highest 

extraction efficiency across all three organic-to-aqueous ratios, with an initial extraction efficiency 

of 27.6% at a ratio of 0.5, to 44.0% at a ratio of 1, and reached 76.2% for a ratio of 2. 2-methyl-1-

butanol exhibited an extraction efficiency of 12.9% at a ratio of 0.5, 34.1% at a ratio of 1, and 

46.0% at a ratio of 2. 3-methyl-1-butanol displayed an extraction efficiency of 16.4% at a ratio of 

0.5, 33.2% at a ratio of 1, and 44.9% at a ratio of 2. Overall, the increase of extraction efficiency 

for 1-butanol is more significant with increasing organic-to-aqueous ratio than the other two 

solvents. At low organic-to-aqueous ratios, a more favorable condition in practical applications 

due to lower solvent usage, the performance among 1-butanol, 2-methyl-1-butanol, and 3-methyl-

1-butanol is more similar. Therefore, we suggest 2-methyl-1-butanol, and 3-methyl-1-butanol as 

two possible alternatives to 1-butanol for 2,3-BDO LLE with low solvent usage.

4. CONCLUSIONS

This study developed a ML-driven workflow to enhance the LLE of bio-based 2,3-BDO, 

successfully combining molecular modeling, computational screening, and experimental 

validation, to identify alternative solvents. The DFT calculations using SMD method established 

not only a computational database to enable the development of a more versatile ML model 
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(Extra-Trees ensemble) but also a quantitative correlation to convert computational results (P) to 

experimentally measurable term (𝐾𝑑). As a result, the ML model was developed to overcome the 

limitation of DFT calculations, validated by 24 experimental measurements, and used to suggest 

new solvent candidates via a solvent screening. Additional experiments were carried out to verify 

suggested solvents and to investigate the impact of temperature and organic-to-aqueous ratio on 

extraction efficiency. We suggested alternative solvents such as 2-methyl-1-butanol and 3-

methyl-1-butanol for 2,3-BDO LLE. This workflow overcomes the shortage of extensive 

experimental data of 2,3-BDO extraction, and it requires only a small number of experimental 

measurements (on the order of tens) to correlate and validate computational results to 

experimental results. This work delivers a targeted list of solvent candidates for 2,3-BDO 

extraction, and also establishes a versatile approach to broader applications in solvent screening 

for biomass-derived chemical separations and potentially a wider range of LLE studies.
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Figure 1. (a) The experimental 𝐾𝑑 as a function of molecular weight of initial solvents measured 
at 20°C and 1:1 v/v organic-to-aqueous ratio, classifed as (b) alcohol, (c) ester, or (d) 
hydrocarbon.
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Figure 2. (a) The fitted linear correlation between the experimental 𝐾𝑑 values measured at 20°C 

and the computational 𝐾𝑑 values computed through a linear transformation of computational 

partition coefficient from DFT calculations with SMD implicit solvation. The label of the horizontal 

axis indicates the linear equation to convert P to 𝐾𝑑, which is fitted using all 11 solvents involved 

in the plot. The shaded area highlights the overlapping points of 5 solvents. (b) The schematic 

flow for evaluating the computational 𝐾𝑑 value of a given solvent. ΔG, P, and 𝐾𝑑 on the left side 

indicate the free energy difference, partition coefficient, and distribution coefficient, respectively, 

from computation.
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Figure 3. (a) The predictive performance (testing set) of different ML algorithms using the same 

DFT training dataset of DFT ΔG values. (b) The accuracy of the fine-tuned Extra-Trees model by 

five-fold cross validation for predicted ΔG compared to DFT results. Data points are colored by 

their local distribution density where warmer colors indicate dense distribution and colder colors 

indicate thin distribution. The shaded region highlights the confidence band within a numerical 

error of 0.55 kcal/mol. (c) The solvents showing the largest predicted errors compared to DFT 

values. Numerical values are labeled by the text in the bars. (d) The feature importance for the 

top 10 features impacting the predicted extraction performance by the Extra-Trees model.
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Figure 4. (a) The 𝐾𝑑 predictive performance of our Extra-Trees model for the 24 solvents in our 

initial list compared to experimental results. The metrics of two types of data (included in the DFT 

calculations or not) are highlighted in the text. (b) The structural similarity of solvents from DFT 

data, experimental measurement and ML screening. The shade area highlights the space (convex 

hull) defined by the DFT data. (c) The ML solvent screening results for the 𝐾𝑑 values of 2,3-BDO 

in 6717 organic solvents. Solvents are ranked based on their 𝐾𝑑 values. The inhomogeneous 

horizontal axis highlights the solvents with higher 𝐾𝑑 values on the right side of the vertical dash 

line. The yellow shaded region highlights the 𝐾𝑑 from 0.405 to 0.754. (d) Selected solvent 

candidates from our new list of solvents, and their experimental and ML-predicted 𝐾𝑑 values.



24

Figure 5. (a) The extraction efficiency of initial solvents measured at different extraction 
temperatures and 1:1 v/v organic-to-aqueous ratio. (b) The extraction efficiency of 1-butanol, 2-
methyl-1-butanol, and 3-methyl-1-butanol measured at 20°C and increasing organic-to-aqueous 
ratio.
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