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A B S T R A C T   

Niche membrane technologies, such as organic solvent nanofiltration (OSN), offer considerable energy and 
operation cost reduction compared with conventional separation methods. However, despite their many ad-
vantages, their industrial implementation is hindered by small and specialized datasets, which hinders the 
development of more advanced prediction methods. In this study, we developed a medium-throughput system 
(MTS) for OSN with high robustness and low error. The MTS was used to generate a dataset containing 336 
different molecules, and their rejection values were measured at two different pressures using three commercial 
DuraMem polyimide membranes with different molecular weight cut-off values in methanol. The diversity of the 
generated dataset was compared with the diversity values of other relevant datasets using 26 different chemo-
metric molecular descriptors, including the heteroatom count, topological surface area, different shape de-
scriptors, Van der Waals volume, logP, and logS. The rejection was found to be weakly dependent on the 
functional group and molecular weight at the lower end of the nanofiltration range. We proposed the use of a 
novel structural similarity-based indexing method for comparing solutes. Also, we established the first open- 
access and searchable dataset for OSN rejection values. The newly established www.osndatabase.com pilot 
website acts as the foundation of the dataset.   

1. Introduction 

Separation and distillation technologies are widely used in industrial 
energy plants [1]. Pressure-driven membrane technologies not only 
offer significant energy reduction but also improve compactness and 
modularity. According to the Environmental Protection Agency (EPA), 
in the United States alone, the large-scale implementation of 
membrane-based technologies can save up to 100 million tons of CO2 
and around $4 billion [2]. Thus, the theoretical understanding of 
state-of-the-art membrane technologies is of utmost importance. 

Organic solvent nanofiltration (OSN) is a nonthermal, pressure- 
driven membrane separation technology that is capable of distinguish-
ing and separating solutes in the range of 100–2000 g mol− 1 [3]. OSN 
has been primarily used in petrochemical and pharmaceutical industries 
[4], solute recovery [5,6], solvent recycling [7], and purification [8]. In 
addition, it is considered a green and potentially sustainable separation 
technology due to its low energy consumption and waste generation. 
However, despite the many advantages of OSN, there is still no advanced 

understanding of the transport of solvents and solutes in systems with 
OSN [3,9]. Mainstream research efforts have primarily focused on 
developing new membrane materials with enhanced permeability, 
selectivity, and stability so that they can be utilized in harsh environ-
ments [3,10,11]. Nevertheless, despite all these efforts, the widespread 
implementation of OSN in pharmaceutical, oil, and fine chemical in-
dustries is still limited. The infamous solvent-membrane-solute inter-
action plays a crucial role in defining the permeability of the membrane. 
The permeation process of low-viscosity solvents and large polymer 
molecules is well understood, and it has been previously described using 
solution-diffusion and pore flow filtration models [12,13]. In contrast, 
the range between these two models, which covers approx. 80–600 g 
mol− 1, is poorly understood, possibly due to the lack of complex 
solute-membrane interactions. This range covers most of the small 
molecules used in the current development of pharmaceutical drugs, 
fine chemicals, and some petrochemical industry operations [14,15]. 
The pure solvent flux in OSN can be precisely predicted (Fick’s Law or 
Maxwell-Stefan diffusion equations) [16]. Although there has been 
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progress regarding the structure–activity relationship in water-based 
nanofiltration systems [17–19], only recently some researchers have 
focused on the precise prediction of the rejection in organic solvents 
[20–22]. Therefore, it is necessary to better understand the rejection 
process in this range and reveal which molecular properties affect the 
overall process parameters. 

The chemical space represented in individual OSN reports has low 
diversity, as such reports only cover one specific marker family. Such 
families include oligomers, petrochemicals, dyes, or pharmaceuticals. 
The chemical space is the collection of all small organic molecules [23, 
24], where the estimated number of small carbon-based molecules is 
approx. 1060 [25]. Moreover, the chemical space covers every feature of 
real and virtual molecule libraries, resulting in a hyperdimensional 
system. To understand and visualize the chemical space, feature 
extraction and other projection models can be applied [26]. Apparent 
features, such as shape (flat, globular, or V-shaped), functionality (dyes, 
drug molecules, building blocks, biofuels), and empirical properties 
(drug-likeness, pKa, or logP) facilitate the understanding of the differ-
ence between a set of libraries and their described chemical spaces. 
Creating, comparing, and visualizing these chemical spaces offer a 
methodology for understanding the underlying pattern between 
different molecules or even classes of substances. These methods opened 
new paths in the design of small molecule-based drugs and active 
pharmaceutical ingredients (APIs) [27,28]. 

Only a tiny fraction of the vast number of molecules has been 
discovered so far, from which only 239 were measured in OSN using 
commercial membranes based on the dataset of Hu et al. [20]. As a 
general consensus, the chemical diversity of a library is more important 
than library size [29]. Therefore, the lack of variety in the current OSN 
chemical space might slow down both the widespread implementation 
of OSN in different industries, and the more profound understanding of 
the permeability of small molecules in nanofiltration. For example, 
structurally more diverse compound sets are more likely to be successful 
in phenotypic screening [30]. Until today, most studies utilized a few 
different types of membrane markers, such as dyes, pharmaceuticals, or 
oligomers [11]. Among these, only a handful of reports utilized more 
than 15 different solutes in one single study with comparable process 
parameters [22,31]. Due to the available small-sized OSN datasets in the 
literature, the generalization of predictive models is limited, which may 
contribute to the current challenges in industrial implementation [32]. 

Currently, there is no open and freely available OSN dataset that 
encompasses process parameters and solute structures. Therefore, any 
efforts on structure-based interpretations toward understanding the 
underlying patterns concerning molecular features can only rely on 
small sets of molecules [22], which may result in large errors and false 
conclusions. We hypothesized that the expansion and diversification of 
the OSN chemical space would facilitate the understanding of 
membrane-solute, solvent-solute, and solute-solute interactions. More-
over, we made the underlying dataset open access (https://github. 
com/ignaczgerg/osn-database/blob/main/data/osndatabase.xlsx) to 
spark subsequent works, such as the development of OSN-aided fine 
chemicals or API syntheses through design. The dataset is searchable 
and enables the comparison of rejection values. Overall, this bottom-up 
approach would potentially help replacing traditional energy and 
waste-intensive lab-based screening methods. 

To establish such large and diverse datasets, precise and robust 
methods are needed to measure membrane performance. Currently, the 
rejection measurements of individual chemical molecules are tedious 
and costly. Therefore, the implementation of fast and reliable solute 
testing methods is quintessential. So-called high and medium- 
throughput systems have been already used in the pharmaceutical in-
dustry to screen hundreds or even thousands of compounds in single 
systems [33]. Also, they recently gained significant attention with re-
gard to material discovery and fabrication [34]. In this article, we 
demonstrated the first OSN medium-throughput system (MTS), which 
was validated through the measurements of 336 different solute 

molecules. The optimized MTS method has a theoretical throughput of 
more than 100 molecules per week. Compared with the combined 
content of OSN solutes in the literature [20], this dataset contains more 
than double the number of unique molecules. The chemical space was 
compared with the currently available OSN datasets, natural organic 
molecules, drugs approved by the Federal Drug Administration (FDA), 
and openly available dye datasets. The dataset contains more than 10, 
000 measured data points for three commercial DuraMem polyimide 
membranes at the applied pressures of 10 and 20 bar. 

We showed the complex relationship between structure, size, and 
rejection. Also, we hypothesized that if two molecules are chemically 
similar to each other, they share similar rejection values, and we con-
ducted the first structural analysis based on OSN rejection. We deduced 
the importance of open-access data in the OSN community and estab-
lished the first OSN dataset, which is freely available for download and 
can easily be found online. We encouraged the OSN community to 
further explore solute-membrane interactions to develop analytical or 
heuristic prediction methods. Overall, we envision that our results will 
help related fields and industries with the stand-alone implementation 
or integration of OSN with various complementary techniques. 

2. Experimental 

Refer to Section S1 in the Supplementary Material for the detailed 
descriptions of the dataset generation, materials, structures, analytical 
measurements, statistics, filtration procedures, swelling test, and MTS 
method. The assumptions, biases, and considerations are in Section S2 in 
the Supplementary Material. 

2.1. Materials 

DuraMem® 150, 200, and 300 membranes were purchased from 
Evonik. All the used chemicals in the measurements were supplied by 
commercial suppliers (Alfa Aesar, Merck (Sigma Aldrich), TCI, Sun-
gyoung Chemical, CombiBlock) and were used without further purifi-
cation. All the chemicals related to the use of high-performance liquid 
chromatography (HPLC) and coupled mass spectrometry (MS) mea-
surements were high-purity HPLC-MS grade. HPLC-MS grade methanol, 
ammonium acetate, and water were supplied by VWR and used without 
further purification. 

2.2. Analytical measurements 

High-performance liquid chromatography (Ultimate 3000, Thermo 
Scientific) equipped with UV (Diode Array Detector, Thermo Scientific) 
and a mass spectrometer (ISQ ME, Thermo Scientific) were used for the 
solute concentration measurements. The chromatographic column was 
Hypersil GOLD (100 × 2.1 mm, 1.9 μ, Thermo Scientific), while the 
mobile phase consisted of LCMS grade water with 0.1 wt% ammonium 
acetate (A) and LCMS grade methanol (B). All the other solutions in the 
HPLC system used HPLC grade methanol. The total analysis time of a 
single injection was 25 min; the injection volume was 5 μL; the selected 
wavelengths for detection were 220, 254, 272, 320, 215, 232, and 262 
nm; the detective mass range was set at 90–900 amu; the ion polarity 
was set as positive; the column oven temperature was kept at 45 ◦C; the 
vaporizer temperature of the ISQEM was set at 200 ◦C, and the ion 
transfer tube temperature was 300 ◦C. A hybrid isocratic gradient 
elution (Table S1) with a flowrate of 0.4 mL min− 1 was used for the 
separation of the solutes on the column. Data integration was realized 
using the automated integration function from Chromeleon 7. The 
rejection and flux were calculated according to Eq. S(1). and Eq. S(2), 
respectively. 

2.3. Nanofiltration experiments 

A typical crossflow nanofiltration rig was used for the OSN 
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experiments. The nanofiltration setup consisted of a feed tank, a pres-
sure pump (AZURA P 2.1 L, KNAUER), six stainless steel membrane 
cells, a recirculation gear pump (Micropump, INC), a 40-μm filter 
(Swagelok), a back pressure regulator (Swagelok), stainless steel con-
nections (Swagelok), and FFKM grade sealing. The system consisted of 3 
different membranes in duplicates, each having an effective area of 
5.026 × 10− 3 m2. The membranes were DuraMem® 150, DuraMem® 
200, and DuraMem® 300 with reported MWCO values of 150, 200, and 
300 g mol− 1, respectively. The corresponding membrane cells were 
denoted as DM150, DM200, and DM300 [Fig. S1]. depicts a schematic 
diagram of the system. The total volume of the system is 220 mL, and the 
concentration of the solutes was 2.27 mmol L− 1. All nanofiltration ex-
periments used methanol as solvent. The experiments were conducted 
using a cross-flow setup at 10 and 20 bar. During the experiments, there 
was no observable crystallization nor any other visible change in the 
solutions. During the experiments, every parameter was held constant, 
such as concentration, temperature, inlet flowrate and gear pump speed, 
system volume, and air-humidity. Significant change in any of these 
experimental parameters would alter the results rendering the dataset 
less useable for future studies. For the detailed sample-taking procedure, 
refer to the Supplementary Material Section S1. 

2.4. Dataset generation 

The used databases comprised a unified natural product database 
(UNPD) [35], approved drugs by the FDA (2019) [36], natural and 
synthetic dyes (compiled from the open-access PubChem database) 
[37], membrane markers (Markers), and all the unique molecules 
measured with commercial OSN membranes (cOSN). The Marker and 
cOSN datasets were compiled from the original data of Hu et al. [20]. 
The UNPD dataset consists of 200,000 structures, from which 10,000 
molecules were randomly extracted and used for the data analysis. The 
molecular descriptors for the compounds were calculated using RDKit 
and Mordred packages [38]. The chemical descriptors were not calcu-
lated for methanol. The 336 filtered molecules were randomly selected 
from various suppliers and research groups, including material synthe-
sis, macrocycle and polymer chemistry, drug development, dyes, 
insecticide and herbicide development, small molecular building blocks, 
common pharmaceutical scaffolds, and organocatalysis. The measure-
ments of the chemicals with the MTS system were performed in three 
separate steps, and each step consisted of three separate substeps. Refer 
to Section S1 in Supplementary Material. In Step 1, the chemicals were 
measured under the same conditions with an HPLC-MS. Based on the 
retention time of each molecule, the chemicals were grouped into 
so-called batches containing 10–15 molecules each. By setting an 
approximately 1-min retention time difference between the neighboring 

Fig. 1. Molecular descriptors and rejection values. a) Analysis of the dataset by 4 common molecular descriptors; b) Average, median, variance, and standard 
deviation of the rejection for DM150, DM200, and DM300 at 10 and 20 bar pressure in methanol; c) MWCO curve for DM150; d) Rejection–rejection error plot for 
DM150. The error bar is valid for the c) and d) datasets and represents the standard deviation of the rejection for each molecule, where the deep blue color represents 
low standard deviation, and the yellow color depicts high standard deviation. For the MWCO curves of DM200 and DM300, refer to Supplementary Material Section 
S2, Figs. S9–S15. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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molecules, complete baseline separation was realized. Even though the 
compounds were selected not to react with each other to eliminate the 
possibility of intrabatch reactions, every batch was measured with the 
HPLC-MS again, where all the chemicals were present. This last substep 
was crucial to ensure the effective baseline separation and chemical 
compatibility of each batch. In Step 2, each batch was loaded into the 
membrane rig, and after 18 h when the system reached steady-state 
conditions, the second step involved taking samples and measuring 
the solvent flux, first at 20 bar then 10 bar. In Step 3, the washing of the 
nanofiltration rig and the concentration measurements took place. A 
detailed description of the protocol is displayed in the Supplementary 
Material Section S1, Fig. S2. 

3. Results and discussion 

3.1. Dataset generation by MTS 

The theoretical output of the MTS system was 105 compounds per 
week. In total, 336 different solutes, and an additional 37 duplicates, 
were measured. The molecular weight and logP distribution (Fig. 1a) 
showed strong normal distribution characteristics. Even though the 
molecular weight distribution was slightly skewed toward large mole-
cules, this disturbance was insignificant. The average molecular weight 
was 209 g mol− 1, with a standard deviation of 98 g mol− 1. The average 
logP of the dataset was 2.28, with a standard deviation of 1.37. The 
significant deviations in the molecular weight and logP increased the 
diversification of the dataset. 

The asphericity geometric descriptor showed two distinct spikes at 
around 0.27 and 0.6. This double-hilled histogram showed that the 
shape distribution in the dataset is not entirely homogenous, probably 
due to the increased amount of geometrically flat aromatic molecules. 
The topological surface area (TPSA) histogram shows a slight bias to-
ward the molecules with low TPSA values. Overall, the dataset corre-
lates to a normal distribution with slight skewness with regards to the 
mentioned descriptors. 

The dataset rejection averaged approx. 0.67 and approx. 0.72 for all 
the membranes at 10 and 20 bar, respectively (Fig. 1b). The rejection of 
the compounds was always higher at 20 bar than at 10 bar. Interestingly, 
the average rejection of DM300 at 10 bar is quasi the same as that of 
DM200. Since the average molecular weight was above 200, the ex-
pected average rejection was above 0.9 for DM150 and DM200. In 
contrast, the actual average rejection values for all three membranes 
were similar. The median rejection was 0.77, slightly higher than the 
average rejection. Since the average rejection was more prominent than 
0.5 and the difference between the median and average rejection was 
0.05, the rejection dataset was shifted and skewed toward higher 
rejection values. The variance and standard deviation of the rejection 
values were 0.062 and 0.25, meaning that the distribution of the 
rejection values was wide. 

Fig. 1c shows the standard MWCO curve of the dataset. The obtained 
MWCO curves showed highly scattered rejection values, which does not 
follow a typically expected MWCO curve. A similar trend was reported 
by Thiemeyer et al. [22]. Individual rejection values seemingly range 
from 0.1 to 1.00 with no particular trend. The dataset’s total standard 
deviation ranged from 0.034 to 0.065 between different membranes. 
The measured average MWCO values were lower than those of the ones 
indicated by the membrane manufacturer. The error rate of the dataset 
seemed to be inversely proportional to the rejection value. The rejection 
error was plotted against the rejection of each compound (Fig. 1d). 
Interestingly, the standard deviations of the four repeated experiments 
showed an increasing rejection error with decreasing rejection. None-
theless, the final rejection dataset was close to the normal distribution of 
the chemical descriptors, and it had a low standard deviation. These 
features would make the dataset an excellent candidate for quantitative 
structural-property relationship analysis or even for the complex ma-
chine learning or deep learning frameworks used for rejection 

prediction. We anticipated the gradual increase in the dataset over time, 
diversifying the solute scope and different process parameters, such as 
solvent, temperature, and membrane. 

3.2. Chemical space exploration 

To understand the importance of diversity in the OSN chemical 
space, we investigated five existing datasets from OSN-related fields 
(Fig. 2). UNPD datasets contain naturally occurring molecules, relevant 
for the use of OSN in natural product extraction and agricultural valo-
rization [39]. The FDA dataset represents the APIs and drug molecules of 
the pharmaceutical industry, a frequent application area for OSN [31]. 
The Dyes dataset is relevant for dye removal and for the dyes used as 
markers for OSN membrane characterization [40]. The Markers dataset 
is a unique collection of molecules with solutes used for OSN membrane 
screening. Moreover, the Markers dataset can represent the oil and 
polymer industries since the currently used markers belong to them. The 
cOSN dataset represents most of the measured unique solutes in the 
literature for commercial OSN membranes [20]. We compared these 
datasets with our dataset to quantify the similarities and differences 
across them and more importantly highlight the limitations and draw-
backs of the currently used markers in OSN. 

Fig. 2 shows a comparison between the shape distributions of the 
datasets. To perform a geometrical comparison, we used the ternary plot 
of the principal moments of inertia (PMI). PMI assesses the extent to 
which a given molecular structure resembles a particular base geometry. 
Through working with a 3D object, the three PMI descriptors of a 
molecule can be normalized so that it can be visualized in 2D, leading to 
characteristic triangular plots. In any given triangle, the rod-like mole-
cules are located at the upper left corner (0,1). The flat and circular 
molecules, e.g., benzene, are at (0.5, 0.5). The imaginary line between 
these two points is often referred to as “flatland,” where completely flat, 
but neither rod nor circular molecules, reside. The fully globular mole-
cules can be found at the upper right corner (1,1), e.g., adamantane or 
cubane. V-shaped or “book-like” molecules occupy the triangle’s middle 
section (0.5, 0.8). In theory, any molecules from the vast chemical space 
can be fit into the diagram. 

All the three non–OSN–derived datasets (UNPD, FDA, Dyes) shared 
similar features by having the most densely populated region at 
approximately (0.1,0.95). The Dyes dataset had a slightly enlarged and 
shifted dense region and was extensively populated with flat molecules. 
Compared with the UNPD and FDA datasets, the dense region of the 
cOSN dataset was slightly shifted, as indicated by the lower average 
NPR1 and higher NPR2 values. Nonetheless, the cOSN dataset was very 
similar to the naturally occurring molecules and FDA dataset. This 
similarity is simply attributed to the fact that OSN is generally used in 
pharmaceutical industries and natural product purification [3]. As for 
the Markers dataset, it had a dense region around the middle of the 
shape triangle (V-shaped molecules). This clustering means that most of 
the used markers have significantly different average shapes compared 
with the rest of the datasets. The data of our 336-solute measurements 
had a similar shape compared with the UNPD and FDA datasets. Our 
dataset included a significant amount of flat molecules, similar to the 
Dyes dataset, as our dataset was mostly populated by scaffolds and 
building blocks. These simple compounds play a prominent role in 
pharmaceutical and fine chemical industries as starting materials and 
intermediates. Moreover, they are usually found downstream of the oil 
industry. Therefore, the rejection effect of flat and scaffold-like mole-
cules is of high importance in the mentioned fields. 

The six different chemical descriptors, namely the molecular weight, 
LogP, nitrogen and oxygen counts, TPSA, Van der Waals volume, and 
logS, are shown in Fig. 3. Simple 0D constitutional and count descriptors 
were chosen to represent each dataset because their chemical role is 
straightforward. The use of simple 1D, 2D and 3D descriptors allowed 
chemical space comparison with the other datasets. Note that other, 
more complex, 2D and 3D molecular descriptors were not used in this 
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work due to their complexity. The UNPD and FDA datasets shared strong 
similarities: both molecule groups averaged around the same values for 
each descriptor. The dyes dataset contained heavier molecules on 
average, resulting in higher logP, TPSA, and volume, while the solubility 
significantly decreased. 

Interestingly, the OSN dataset, which contained the already 
measured molecules from the literature, had the same distributions of 
the UNPD and FDA datasets for every descriptor. This phenomenon is 
most probably due to the aimed application of OSN, such as API puri-
fication and natural product extraction. Therefore, the only noticeable 
difference is in logP: the average logP of the cOSN dataset was 6.6, with 
a median of 4.71. However, the average logP of the FDA dataset was 2.1, 
with a median of 2.37. This difference in logP means that the partition 
coefficient is approximately 400 times larger than the measured cOSN 
molecules compared with the APIs. This considerable difference means 
that, on average, the solutes measured by the OSN community consist of 
more apolar molecules than polar ones. 

Nonetheless, the standard deviation of the logP of the cOSN dataset 
was 7.63. This significant deviation indicated the uneven distribution of 
the used molecules in the membrane literature. On the contrary, the 
Markers dataset had a significantly higher molecular weight, logP, and 
Van der Waals volume. However, it had lower N and O atom counts, 
TPSA, and LogS. The averages and medians were significantly different, 
but the standard deviations were relatively large, covering an extensive 
range. For example, the partition coefficient difference between the 
Markers and UNPD datasets was more than 108 times larger. This dif-
ference means that markers are excessively apolar. Since solution- 
diffusion with imperfections is the currently accepted theory for 
describing the transport through membrane, solubility descriptors (logP 
and logS) can play an essential role in differentiating between the 
rejection values of distinct compounds. Therefore, using a set of markers 
best resembling the structures of the actual solutes to be separated 
would be more efficient. 

Nonetheless, our dataset is several orders of magnitude closer to the 
UNPD, FDA, and Dyes datasets in some descriptors compared with the 
currently and widely used molecules in the Markers dataset. Thus, we 
herein encourage the OSN community to choose their markers from our 
dataset because of the relatively low average standard deviations of the 
molecular descriptors. This selection would ensure that the chosen set of 
markers is homogenous in terms of chemical descriptors in contrast to 

the conventional Markers dataset. 

3.3. Effect of the structure on rejection 

By having a large enough and diverse dataset in hand, the effect of 
the structure could be correlated with the rejection. It must be empha-
sized that every measurement was running under quasi-same nano-
filtration conditions, meaning that all the parameters of the system, such 
as concentration, membrane, solvent, temperature, and pressure, were 
set to be the same. Same experimental conditions were used in the 
measurements of our dataset to ensure that only the structural differ-
ences affect the rejection. Note that the comparative exploration of the 
chemical space of the cOSN dataset was not possible due to the ununified 
experimental conditions throughout the literature, i.e., the measure-
ments utilized different rigs, solvents, membranes, pressures, tempera-
tures, crossflow velocities, and concentrations. Thus, concluding 
structural relationships based on the existing OSN literature is not 
advised. 

Fig. 4a shows the rejection values as a molecular weight function, 
which was expected to resemble a saturation curve, often referred to as 
the MWCO membrane curve. The different colors represent groups of 
solutes based on their chemical functionality. The functionalities were 
assigned based on the most prominent features of the chemicals. Upon 
having several functional groups, the compounds were assigned to the 
“complex” category. Fig. 4a shows no direct correlations between the 
rejection values and functional groups, meaning that it is impossible to 
cluster such chemicals into separate low–high rejection regions. This 
observation supports our aim of creating a diverse dataset. 

Retrospectively, the dataset was not biased in favor of any functional 
groups, even at the low and high rejection regions. The former region 
indicated no direct relationships between the rejection groups and 
functional groups, while the latter region ensured that the former 
observation is not concluded on a fallacy. In addition to the molecular 
weight, several other different descriptors were calculated and plotted 
against the rejection. Most of the descriptors showed similar or worse 
performances in terms of the rejection predictive power compared with 
the molecular weight. Interestingly, the simplest chemical descriptor, 
the number of atoms per molecule, showed a tighter, less scattered curve 
than that of the molecular weight (Supporting Materials, Section S3, 
Figs. S3–S8). Fig. 4b shows the number distribution of the functionality 

Fig. 2. Geometrical comparison of the dataset via density scatter plots. NPR1: the normal principal moment of inertia 1. NPR2: the normal principal moment of 
inertia 2. NPR1 and NPR2 are the results of the normalization of the three PMI components. The color coding represents the density of the data points: the more 
yellow the point’s color, the higher the density of the points at a given area. (For interpretation of the references to color in this figure legend, the reader is referred to 
the Web version of this article.) 
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distribution in the dataset. The dataset contains 332 (99% of the total 
dataset) aromatic compounds, explaining the shifted geometric distri-
bution toward flat-type molecules. Less than one-third of the dataset 
contained amine or halogen groups, while the rest of the functional 
groups occurred less frequently. Moreover, 41 API type molecules and 4 
dyes were among the compounds. The low number of dyes is attributed 
to the general low solubility of dyes in methanol. Fig. 4c further dissects 
the MWCO curve into subgroups by the assigned functional groups. In 
general, APIs and amide functional group-containing molecules have 
higher rejection values on average compared to the rest of the mole-
cules. Amide bonds play a vital role in pharmaceutical-related com-
pounds, and they can be found in many FDA-approved drugs and drug 
candidates [41]. Thus, the relationship between the high rejection 
values of APIs and amides is correlated. Other groups, such as amines, 
heterocycles, ethers, halogens, carboxyls, and hydroxyl groups, scat-
tered across the range of the MWCO curve, displaying no direct corre-
lations between one another. The lack of relationships between the 
functional groups and the rejection suggests a complex 
membrane-solvent-solute interaction, further demonstrating the di-
versity of our dataset. 

To further explore the structure–rejection relationship, a similarity- 
based comparison model was built. Chemical similarity comparisons 
are important modeling tools for indirectly comparing two chemical 

structures. These comparisons can be used to help identify potential 
drug candidates [42]. Modern similarity algorithms first calculate 
chemical fingerprints from molecule structures. These fingerprints can 
later be used to assign a numerical similarity index of a target molecule 
compared with a reference one. One of the most frequently used simi-
larity indices for chemicals is called the Tanimoto index [43]. According 
to our previously introduced hypothesis, the more similar two molecules 
are to each other, the closer their rejection values are. This hypothesis is 
derived from the axiom of singular permeability, meaning that in a 
steady-state system, the permeability of a compound does not change. In 
other words, if the similarity function of a molecule is maximum, the 
molecule is equal to itself. Thus, the rejection must be the same. The 
Tanimoto similarity values across the whole dataset were calculated to 
prove our hypothesis (Fig. 5a). Each column i and each row j correspond 
to a single molecule. The resulting matrix contained 336x336 Tanimoto 
similarity values. The element ai,j of the similarity matrix Ai,j refers to 
the Tanimoto similarity of the ith chemical (reference molecules) to the 
jth chemical (target molecule). When two chemicals have the same 
structure, the Tanimoto similarity is 1. Moreover, Tanimoto similarity is 
reference independent, meaning that ai,j = aj,i. Therefore, matrix Ai,j is 
symmetrical. In Fig. 5a, the yellow diagonal elements show a Tanimoto 
index of 1. 

Before plotting the dataset onto Fig. 5a, it was sorted by increased 

Fig. 3. Histogram diagrams of the six datasets. Molweight: molecular weight in g mol− 1. LogP: base ten logarithms of the octanol-water partition coefficient. N, O 
count: the number of nitrogen and oxygen atoms in one molecule. TPSA: topological surface area. Volume: Van der Waals volume. LogS: base ten logarithms of the 
solubility in water. Y-axis: count, x-axis: corresponding unit for the displayed feature. a: average; m: median; s: standard deviation. 
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rejection values. After sorting, upon having any correlations between 
the molecules, the similarities tended to be closer to the diagonal. This 
effect can be seen on the similarity heatmap with an increased density of 
yellow cells (Fig. 5a and b). Since the dataset is diverse enough, the 
Tanimoto similarity across the dataset was low, with an overall average 
value of 0.122. To enhance and better visualize this effect, diversity 
reduction and a gaussian filter were applied to the dataset (Fig. 5a). 
Previously, it was shown that functional group-based clustering does not 
significantly affect MWCO plots (Fig. 4c). Therefore, it also should not 
affect similarity comparisons. 

While some clusters, such as amines, carboxyls, amides, and hy-
droxyl group-containing molecules, tend to show strong similarities 
(brighter yellow diagonal) with the rejection, APIs and heterocycles only 
show weak correlations (deeper blue color). A direct comparison of the 
molecules was selected from the dataset to further demonstrate the 
advantages of similarity-based rejection. Fig. 5b depicts seven different 
molecules from which three molecules shared high similarities, while 
the remaining molecules only showed weak Tanimoto similarities. 
Interestingly, (II) 1,3-diiodobenzene, which had the largest molecular 
weight of 330 g mol− 1, had the lowest rejection of 0.44. If the reference 
molecule was (V) 1,3-dioxoisoindolin-2-yl cyclopropanecarboxylate, the 
highest similarities would come from molecules (III) 1,3-dioxoisoindo-
lin-2-yl adamantane-1-carboxylate and (IV) 1,3-dioxoisoindolin-2-yl 
cyclohexanecarboxylate, which had Tanimoto coefficients of 0.83 and 
0.89, respectively. The rejection values of III, IV, and V were 1.0, 0.98, 
and 0.96, respectively, and they strongly correlated with the Tanimoto 
coefficients. The rest of the molecules showed low similarities but not 
necessarily different rejection values. A detailed table with the de-
scriptors used in Fig. 3, and with the molecules from Fig. 5b, can be 

found in Table S3 (Supplementary Material). Note that having similar 
rejection values does not indicate strong structural correlations. This 
phenomenon might be attributed to the complex nature of solute 
permeability across membranes. For example, molecule I, compared 
with molecule V, had a similarly large rejection value of 0.97 and a low 
Tanimoto similarity index. Based on these findings, the hypothesis of the 
similarity-based permeability effect can be accepted. Nonetheless, 
similarity-based comparisons allow the direct comparison of two mol-
ecules and the estimation of the likelihood of similar rejection values. 

By having a larger dataset, the similarity search can be exponentially 
scaled up. To achieve this, open-access and searchable datasets must be 
available for the membrane community. Therefore, we hereby introduce 
the first downloadable (freely available at https://github.com/ignacz 
gerg/osn-database/tree/main/data/osndatabase.xlsx) and searchable 
dataset (www.osndatabase.com). The published pilot website enables 
any researcher to freely explore the dataset using the molecules’ 
SMILES, and compare rejections based on the Tanimoto coefficient. The 
website is subjected to gradual improvements as the authors intend to 
implement several other features as the dataset grows and the methods 
are fine-tuned. Moreover, the authors envision an open-contribution 
work regarding the OSN Database, where any research groups could 
contribute with their measurements further improving the diversity of 
the OSN Database. The authors believe that the open access approach 
would greatly contribute to the improvement of the OSN field and 
nanofiltration in the chemical industry. 

4. Conclusion 

In this study, we demonstrated a robust, scalable, and rapid MTS 

Fig. 4. Functional group diversity. a) The MWCO plot for DM150 at 20 bar, where the categories depict the most prominent characteristics of the molecules; b) 
different chemical functionalities in decreasing order; c) MWCO plots dismantled to different groups, where the groups represent all the molecules containing the 
mentioned functionality. For the other MWCO plots of the membranes, refer to Supplementary Material Section S2, Figs. S3–S8. 
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method for measuring the rejection values in OSN. Using this method, 
we reached an output of 105 molecules per week, resulting in a total of 
336 measured molecules with a low overall standard deviation. Up to 
date, this dataset contains the largest set of individual compounds, 
which were measured under the same conditions. In our study, we 
investigated the pressure and membrane effects with different MWCO 
values. We found that in polyimide DuraMem® membranes, rejection 
weakly depends on the MWCO value in methanol, while the pressure 
effect is more significant. The final MWCO curve was typical, highly 
scattered, and weakly dependent on single 0D molecular descriptors and 
functional groups. We believe that these findings can induce further 
investigations on complex molecular descriptors and possible quantita-
tive structure–property relationship analyses. The error rate of the 
measurement was rejection-dependent. More specifically, the average 
rejection was inversely proportional to the standard deviation of the 
measurement. We aimed to deploy a dataset that is diverse enough for 
structural comparison studies. Therefore, we investigated the effects of 
different chemical descriptors on our dataset and compared it with five 
different literature datasets. Also, we highlighted the incompatibility 
between the frequently used membrane markers and the naturally 
occurring APIs and OSN-used molecules. After comparing the functional 
group distributions across the datasets, no or weak correlations between 
the rejection values and different functional groups were observed. 
These findings suggest that the permeability of a given molecule in OSN 
is complex and that functional groups might have a superposing effect. 
Also, choosing markers from our datasets for membrane characteriza-
tion would ensure close similarity to industrially relevant datasets, 
ensuring shorter optimization procedures compared to current methods. 
We first used chemical space exploration to compare and visualize the 
difference in three OSN datasets. To further investigate any structure- 
related effects, we first hypothesized the similarity-based permeability 
effect. We hypothesized that by having a more extensive similarity index 
between two molecules, the likelihood that their rejection values are 
similar is higher. We also showed several examples related to the simi-
larity indices and their usage in the dataset. These initial findings can 

encourage other researchers to explore different chemical descriptors 
besides molecular weight when characterizing membranes. Also, to help 
the OSN community, we further created an online tool so that the pre-
sented similarity search can be easily used to explore the proposed 
dataset (www.osndatabase.com). This early tool can be used to compare 
and predict rejection values based on structural comparisons. The pro-
posed dataset was also designed to be scalable so that other groups can 
contribute to it and make the library larger with time. The dataset is 
large, diverse, and error-free enough to be used in silico calculations for 
membrane-solute interactions. We believe that our work will further 
trigger intensive researches utilizing advanced machine learning and 
deep learning frameworks. In addition, the unprecedented open-access 
dataset would encourage the OSN community toward the standardiza-
tion of OSN measurements while aiding the growth of open-access 
datasets. 
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