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Abstract 

There is an urgent need to develop predictive methodologies that will fast-track the industrial 

implementation of organic solvent nanofiltration (OSN). However, the performance prediction of 

OSN membranes has been a daunting and challenging task, due to the high number of possible 

solvents and the complex relationship between solvent-membrane, solute-solvent, and solute-

membrane interactions. Therefore, instead of developing fundamental mathematical equations, we 

have broken away from conventions by compiling a large dataset and building artificial intelligence 

(AI) based predictive models for both rejection and permeance, based on a collected dataset 

containing 38,430 datapoints with more than 18 dimensions (parameters). To elucidate the important 

parameters that affect membrane performance, we have carried out a thorough principal component 

analysis (PCA), which revealed that the factors affecting both permeance and rejection are 

surprisingly similar. We have trained three different AI models (artificial neural network, support 

vector machine, random forest) that predicted the membrane performance with unprecedented 

accuracy, as high as 98% (permeance) and 91% (rejection). Our findings pave the way towards 

appropriate data standardization, not only for performance prediction, but also for better membrane 

design and development.  
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1. Introduction 

Organic solvent nanofiltration (OSN) technology has been expanding significantly in the past 

decade, driven by the development of new solvent-resistant materials and the concept of process 

sustainability [1,2]. The separation and energy efficiency of OSN technologies have already been 

proven, while their application ranges are rapidly expanding into harsher chemical conditions, higher 

temperatures, and higher pressures. 

Some of the industrial applications of OSN technology are solvent recovery, solute concentration, 

diluent separation, and iterative synthesis of oligomers. In addition, the literature reports many 

promising applications, such as homogeneous catalyst recovery, natural product extraction, 

membrane reactors, and solute fractionation. Refer to recent reviews on the broad applications of OSN 

[1–4]. [1,2,3,4] 

Recently, environmental regulations have become stringent due to anthropogenic issues such as 

global warming and water pollution; hence, there is a strong driving force for industries to improve 

the sustainability of their existing processes. However, despite the process intensification (PI) 

potentials of OSN technology, industries are rather conservative with respect to the adaptation of this 

new process. Within each industry, there is already a well-established scheme of process development, 

from lab-scale and pilot-scale tests to full-scale deployment. These points, along with the 

cumbersome membrane screening at lab-scale, are the main reasons why OSN technology is often 

not considered even from the beginning (Figure 1). The membrane screening and lab-scale tests are 

laborious because membrane performance (flux and rejection) is not predictable due to the high 

number of process parameters (e.g., solvent, membrane, pressure), and time-dependent performance 

changes from complex membrane-solvent interactions.  

Nevertheless, driven by environmental regulations rapidly arising worldwide and general 

improvements in technology, the share of OSN technologies in the relevant industries is expected to 

increase in the future. In order to facilitate the industrial acceptance, there is an urgent need to develop 

predictive methodologies that will fast-track the industrial implementation of OSN. 
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Figure 1. (a) Conventional OSN R&D flowchart with slow responsiveness, and a bottleneck in 

performance prediction; (b) proposed AI-guided OSN R&D with performance prediction and rapid 

responsiveness. 

 

 OSN researchers have attempted to shorten and minimize the process development stage by 

developing performance prediction models based on first principles [5 ,6 ]. Initially, researchers 

expected that OSN performance can also be modelled similar to reverse osmosis membranes, which 

can now be adequately predicted using the well-established solution-diffusion transport model. 

Unfortunately, reliable performance prediction of OSN has been challenging. The primary reason 

behind this is the high number of possible solvents, each with different characteristics and different 

compatibility with the membrane material (mostly polymers) and the dissolved solute. In addition, 

the pore size range of nanofiltration membranes lies in the transient region between dense and porous 

membranes, as well as the solution diffusion model, often fails to predict the membrane performance 

[7].   

On another front, an excellent advancement in OSN process simulation [ 8 ] and process 

integration [9] has been achieved in recent years. Both works clearly demonstrated that the current 

bottleneck in OSN application is the cumbersome and inefficient process development steps, and they 
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proposed interesting methods such as “OSN Designer” [8] and the concept of membrane modelling 

maps (MMM) [9]. However, the key limitation with the aforementioned works is, again, the poor 

performance predictability in unknown mixtures (low extrapolation accuracy), as well as in the same 

mixtures of different scale (low interpolation accuracy).  

There are two ways to predict the membrane performance. The first method is to use the 

principles of thermodynamics and transport phenomenon. One must take into account thermodynamic 

interactions of solute-solute, solute-solvent, solvent-membrane, solute-membrane, as well as mass 

transfer through the polymer matrix or through the pores. As the number of possible mixtures 

employed by the industry are near infinite, it is difficult to predict performance purely based on first 

principles of thermodynamics and transport phenomenon. 

The second method is to compile as much data as possible and to find observed 

phenomenological relationships. In most cases, the correlation is multi-dimensional and quite 

complex, and it is difficult to elucidate even for experienced researchers. However, recently, the 

emergence of machine learning (ML), a subfield of artificial intelligence (AI), has made 

groundbreaking advancements and has become relatively accessible by other disciplines. 

The rate of AI development is truly astonishing, and there are many models that can be employed 

to unveil the incomprehensible relationships in material development research. Borboudakis et al. [10] 

has applied AI to screen possible metal-organic framework (MOF) structures, and Severson et al. [11] 

has successfully analyzed the commercial Li-ion battery data to elongate its lifespan. Sun [12] and 

Zahrt et al. [13] found an optimum catalyst design and applied to improve their catalytic reactor. Also, 

Avery et al. [14] applied evolutionary machine learning algorithm to develop materials with high 

mechanical strengths.  

The first pioneering computer-aided OSN membrane development was published by Vankelecom 

et al. [15,16] The key objective of the work was not to predict performance, but to enhance it by 

random permutation of dope compositions in high throughput. The paper reports steady performance 

improvement over three generations (or cycles). More recently, Goebel et al. [17] reported AI-based 

flux prediction model for solvent mixtures. In addition, researchers have applied AI for gas separation 

[18] and for ion separation applications [19]. As of now, there is no work that has applied AI to predict 

OSN membrane performance including both permeance and rejection. The accuracy of AI is highly 

dependent on the quality and quantity of data, requiring high volume data mining due to the lack of 

a standardized databases on OSN. 
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 In this work, we collected and compiled more than 38,430 data points for commercial OSN 

membranes to reveal the intricate and complex trends underneath. First, the collected dataset was 

visualized from the perspective of membrane researchers (authors) via preliminary exploratory data 

analysis (EDA). Then, with careful implementation and selection of independent parameters 

(descriptors), we attempted to unveil the phenomenological relationships for both permeance and 

rejection. A thorough principal component analysis (PCA) revealed the key factors affecting the 

membrane permeance and rejection. Three different machine learning algorithms – namely, artificial 

neural network (ANN), support vector machine (SVM), and random forest (RF) – were employed to 

predict the OSN. The advantages and limitations of the computer-aided analyses were critically 

assessed. We demonstrate, for the first time, that it is indeed possible to predict the OSN performance, 

given sufficient data are available through data mining. Based on our analysis, we propose the way 

towards the appropriate OSN data standardization, including the key parameters that must be reported 

together with OSN performance data.
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2. Methodologies 

2.1. Data Collection and Curation 

Figure 2 illustrates the flowchart for an AI-based OSN membrane performance prediction. We first 

performed data mining on 67 articles reporting the performance of commercial OSN membranes, 

totaling 38,430 datapoints. The articles reporting on the performance of commercial OSN membranes 

were identified using general search engines, such as Web of Science and Google Scholar, as well as 

the search engines of Elsevier (Scopus), ACS, Wiley and Springer publishers. The keywords for the 

search included the name of the commercial membranes used for OSN. During the data mining step, 

the datapoints from graphs were digitized using Engauge Digitizer [20]. The statistical analysis of the 

data mining can be found in the Supporting Information. 
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Figure 2. (a) Process flowchart for artificial intelligence (AI) based OSN membrane performance 

prediction. (b) Three different machine learning algorithms applied in this work. 

 

We have selected the key parameters based on our previous experience and know-how with OSN 

technology. The collected membrane performance and property data, as well as process conditions, 

are summarized in Table 1. Since end-user industries are mostly interested in implementing 
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commercially available OSN membranes, we have focused on collecting the data for commercial 

OSN membranes. It is worth noting that accurate prediction of commercial OSN membrane 

performance is a yet-to-be-realized important milestone. Along with the name of the commercial 

membranes, the molecular weight cut-off (MWCO) data were also collected. 

Table 1. Common parameters for OSN collected from the literature. 

Category Collected Parameters (Descriptors) 

Membrane 

• Name of the commercial membrane 

• Molecular weight cut off (MWCO) of the membrane 

• Support material (PET, PP, etc) 

Solvent 

• Name of the solvent 

• Molecular weight 

• Viscosity 

• Density 

• Molar volume 

• Kinetic diameter 

• Hansen solubility parameters (HSP) 

• Characteristic Solvent parameter, δ
p
.η

-1

.d
m

-2

 (Pa
0.5

.m
-3

)25 

Testing Condition 

• Solute type 

• Solute molecular weight 

• Solute concentration 

• Temperature 

• Pressure 

• Process Configuration (Dead-end or Cross-flow) 

Performance Data 
• Flux (Permeance) 

• Rejection 

 

As for the solvent, relevant parameters were collected and then the characteristic solvent parameter 

[25] were calculated (Supporting Information). The conditions employed for membrane performance 

characterization were carefully mined from the literature. When time-dependent data are reported, 

only steady-state flux and rejection values were collected.  

2.2. Artificial Intelligence Approaches for OSN Data Analysis and Model Development 

The construction of database consisted of four steps: data acquisition, data analysis, data curation, 

and data storage. Metadata collected from the data source (38,430 datapoints) were compiled and 

expressed as numeric or symbolic values in data acquisition steps. Multi-dimensional data were then 

represented and visualized to extract accessible data from possible outliers. Data analysis on both low 

and multi-dimension was then attempted using Spearman’s rank correlation coefficient and the 

principle component analysis (PCA).  

The spearman’s rank correlation coefficient is a widely-used statistical method to assess the 

monotonic relationship between multiple descriptors and to analyze the consistency of the descriptor 
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contributions towards the OSN performance [21 ]. Generally, an absolute value above 0.6 of this 

coefficient conventionally indicates that the examined descriptors show a strong inter-correlation with 

a high chance of monotonic relationship. Thus, finding crucial descriptors with high spearman’s value 

is important to understand the OSN data in a less-complex dimension. 

PCA is a statistical method that is commonly applied to understand the multi-dimensional dataset 

to make predictive models. PCA looks for a certain dimension within a dataset that can cover as much 

data variance as possible. It can also be considered a technique that can best explain the variance 

within the data and possible relationships. In simple terms, the goal of PCA is to extract the most 

important information from the dataset by compressing and simplifying the data [22]. 

PCA is initiated by constructing an Euclidean space that has the N number of OSN descriptors 

(e.g., material and solvent properties) as coordinates. In this descriptor space, through Eigen-

decomposition procedure, the new feature subspace is designed by an eigenvector, which are often 

referred to as principal components (PC) [23]. Since determination of eigenvectors is intended to 

maximize the variance, this step allows the feature subspace to define OSN data in lower dimensions. 

This linear transformation of descriptor coordinates could also differentiate the degree of changes 

from their original positions. As a result, the relative contributions of descriptors to construct subspace 

could be quantitatively assessed.  

In this work, we have taken a number of PCA steps to reformulate the data dimension and ranges, 

in order to train the AI algorithms. Particularly, we performed dimension reduction transformation 

into first two principal components, while keeping as much data variance as possible. This way, we 

can visualize our dataset in two-dimensional plane (PC1 on x-axis and PC2 on y-axis). Generally, 

highly correlated parameters tend to cluster together within this plane. It should be noted that, 

statistically, PC1 is more important than PC2, as PC1 covers more data variance. 

The OSN membrane data are composed of material and solvent properties, operating and process 

conditions, and performance data. These descriptors were first digitally transformed to perform 

computation. Some descriptors that have categorical value were either numerically symbolized or 

represented by their physiochemical properties. 

Once the key descriptors were selected from the PCA, the operating database was constructed. 

To verify the viability of AI application on the operating database, the datasets were standardized by 

z-score to prohibit overfitting, then separated into model train sets and model test sets with a ratio of 
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7:3 [24]. The main dependent variables in this work were flux and rejection, which were aimed to be 

predicted or classified by the aforementioned descriptors. Three different AI algorithms (Figure 2b) 

were employed to predict flux and rejection: artificial neural network (ANN), support vector machine 

(SVM), and random forest (RF) model. The input descriptors for each model were MWCO, solute 

MW, solute concentration, solvent factor, temperature, pressure, and process configuration. The 

output was either permeance or rejection. To prevent the problem of overfitting, we have 

independently trained each model by separating the data into training dataset, validation dataset, and 

test dataset at 7:1.5:1.5 ratio under the same topology. The detailed description of each method and 

its utilization are summarized in the Supporting Information. 

 

3. Results and Discussion 

3.1. Data description and Exploratory Data Analysis (EDA) 

The collected dataset includes total of 35 different membrane types and 31 different solvent types. 

Among the commercial membranes, 15 of the most frequent membranes and solvent types are shown 

in Figure 3. A significant portion of the data are reported for silicone-coated PuraMem S600 (PM 

S600) and PDMS membranes, while the subsequent seven membranes are polyimide-based 

membranes.  

As for the solvent data, toluene (PhMe) is the most frequently tested solvent, followed by alcohols 

(EtOH and MeOH), acetonitrile (MeCN), and acetone (AcMe). The order of solvent data may 

indirectly represent the order of interest or potential applications. The full names of the solvents are 

summarized in the Supporting Information. 
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Figure 3. Data distribution: top 15 most frequent a) membrane and b) solvent types, and the range of 

testing parameters such as c) pressure, d) temperature, e) solute concentration, f) solute MW, g) 

industrial involvement, and h) testing configuration. 

 

Figure 3 describes other independent parameters commonly reported with OSN data. It is shown 

that the majority of the membranes are tested in the range between 10 and 50 bar, with most datapoints 

at 30 bar. The typical temperature data were within 20–30 °C.  

The solute concentration varied widely, ranging from very dilute solutions (ppm level) to as high 

as 200 g L-1 (Figure 3e). For illustration purposes, only the data with concentrations lower than 10 g 

L-1, covering 90% of the dataset, were included. Most of the data fall in the lower concentration region 

(0 – 2 g L-1). The solute concentration has a significant impact on membrane performance via osmotic 

potential and concentration polarization effects. Generally, in the OSN literature, very dilute 

concentrations are used to test the membranes to minimize such effects. However, in chemical 

industries, particularly in pharmaceutical sector, the solute concentrations are typically maximized to 

lower the solvent intensity and to improve the process efficiency. Such difference in solute 

concentration is one of critical points where reported OSN data deviates from industry demands.  
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As for the process configuration, it was determined that approximately 65% are cross-flow data, 

and 35% are dead-end data. The range of solute molecular weight was, as expected, in the 

nanofiltration range of 100 to 2000 g mol-1.  

 

 

Figure 4. Permeance versus solvent parameter plot for (a) 15 most frequent membranes and (b) 

different operating temperatures; rejection versus solute molecular weight plot for (c) 15 most 

frequent membranes, (d) Duramem series rejection distribution, and (e) different process 

configuration. 
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Figure 4 compiles the preliminary exploratory data analysis (EDA) to display well-known trends 

in the field of OSN. For instance, the membrane permeance and characteristic solvent parameter (in 

units of Pa0.5 m-3) generally display linear correlations [25,26]. However, as shown in Figure 4(a), 

wide deviations are observed even for the same membrane. This is because the testing conditions 

varied, such as differences in solute concentrations, process configurations, temperatures, and 

operating transmembrane pressures. Even after taking the temperature factor into account (Figure 4b), 

the correlation is still not clear. Such trends shown in Figure 4 clearly indicates that a multi-

dimensional correlation is necessary to predict the OSN performance.  

The single obvious trend that we can extract from the compiled rejection plot, as shown in Figure 

4(c-d), is that the rejection increases asymptotically with solute molecular weight. In addition, certain 

trends can be extracted when similar membranes are grouped together. For instance, when all 

Duramem commercial membranes are shown on a single plot, it can be seen that the membranes 

progressively become tighter following the numerical MWCO notation of the membranes (Figure 4d). 

However, obtaining such trends are qualitative and cannot be applied for a real implementation of 

OSN scale-up.  

Generally, testing the membrane in crossflow configuration yields higher permeance and 

rejection due to better flow turbulence and lower concentration polarization. However, as shown in 

Figure 4(d), it is rather difficult to extract a meaningful difference between crossflow and dead-end 

performance, likely due to different operating conditions such as concentration, temperature, and 

flowrate.  

An exploratory data analysis on the compiled OSN dataset indicates that the membrane 

permeance and rejection are complex functions of many parameters, and it is multi-dimensional. 

Several statistical methods exist to obtain correlations from such multi-dimensional dataset. In this 

work, we employed Principal Component Analysis (PCA) to reduce the data dimension and to extract 

key components affecting the membrane performance.  

 

 

 

 



https://doi.org/10.1016/j.memsci.2020.118513 

15 

 

3.2. Data Curation and Principal Component Analysis (PCA) 

 

Figure 5. Principal component analysis (PCA) and dimension reduction of the OSN dataset. Refer 

to the Supporting Information for enlarged PCA images. The numbers for train/test/validation 

represent the number of datapoints used to train, test, and validate the preliminary ANN model.  

The purpose of PCA is to extract the most important information from the dataset by compressing 

and simplifying the data. Also, PCA can elucidate hidden correlations between data descriptors. In 

this work, we have taken a number of PCA steps to reformulate the data dimension and ranges, in 

order to train the AI algorithms effectively. 

As shown in Figure 5, the original dataset contains six descriptors (features), including the 

symbolized (categorical) descriptors, such as membrane types, solvent types, and process 

configuration. When PCA was performed on the original dataset, a relatively low data coverage 

(70.84%) in four dimensions (PC1, PC2, PC3, and PC4) were obtained. The data variance by each 

PCs are presented in Figure 5 in percentages: the higher the data variance, the higher the contribution 

of PCs to the data coverage. Note that statistically PC1 is more important than PC2 (followed by PC3 

and PC4) as it covers more data variance (i.e., higher dimensional coverage). Nonetheless, for 
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simplicity and for comparison purposes, the coverage values were summed with equal weights.  

In order to improve the PCA correlations, we have taken four steps to improve the dataset 

coverage. First, we correlated the solvent, now considered as categorical text value, with its intrinsic 

properties – such as molecular weight, molecular diameter, density, viscosity, and solubility 

parameters – with a total of 10 parameters, which are summarized in Table S1 in the Supporting 

Information. As a result, the different types of solvents can be compared numerically within the 

Euclidean space (multi-dimensional space). The change in the PCA plot was pronounced, with each 

solvent forming its own clusters. Such clustering of data is not favored because it makes the extraction 

of the effects from other factors difficult. Ten parameters related to the solvents were dominating the 

PCA result. 

Consequently, the second step was to reduce the number of solvent parameters to one, namely the 

characteristic solvent parameter introduced by Livingston et al.[25] The characteristic solvent 

parameter, δp η
-1 dm

-2 (Pa0.5 m-3), can numerically represent the solvent quite effectively, as shown in 

recent publications [26,27]. 

Similar to the numericalization of the solvent names, the membrane names were also numerically 

expressed using their molecular weight cut-off (MWCO) values. The value of MWCO roughly 

indicates the selectivity (or pore size) of the membranes. In doing so, similar to the solvent property, 

different membranes can be compared numerically within the dataset. Lastly, the range of solute 

concentrations was restricted to values below 1.2 g L-1, as the number of datapoints above this 

arbitrary threshold were very limited. The third- and fourth-dimension reduction steps (MWCO and 

solute concentration) had a synergistic effect that significantly improved the variance coverage, which 

reached 84.43%.  

In summary, through dimension reduction steps via PCA, the multi-dimensional data coverage 

improved from 70.84% up to 84.43%. We attempted to train preliminary ANN model after each PCA 

step. Figure 5 shows that the model began to converge after the 5th PCA step (without topology 

optimization of hidden layers and perceptrons).    
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Figure 6. PCA analysis including membrane performance parameters such as a) permeance and b) 

rejection, and c-d) the corresponding weights of contributing parameters. 

 

Additional PCA was performed on the permeance and rejection as dependent variables (Figure 

6a-b). The contribution of each variable on PC1 and PC2 was investigated in detail (Figure 6c-d). 

Note that PC1 (principle component 1) and PC2 (principle component 2) are components that 

describe the projected multi-dimension, and PC1 is more important than PC2 (followed by PC3 and 

PC4). The y-axis in Figure 6c-d indicates the relative weights of each variable (descriptors or features) 

on both PC1 and PC2.  

Surprisingly, the same parameters in the two PC1 results from permeance dimension and 

rejection dimension have similar trends. For instance, the relative weight for solute concentration on 

PC1 is similar (~0.5) in both permeance and rejection PCA. Similarly, it can also be inferred that 

temperature has a lower impact than solute MW and solvent factor on both permeance and rejection, 

in the given dataset.  

Such trends indicate that both permeance and rejection, unexpectedly, can be placed onto the 

same dimension. Therefore, predictive AI models can be developed using the same input parameters. 
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3.3. Application of Machine Learning Models and Prediction  

 

 

Figure 7. Prediction models using artificial neural network (ANN), support vector machine (SVM), 

and random forest (RF) machine learning techniques for a) permeance and b) rejection. 

 

After we pre-processed the original data using PCA (see Section 3.2), three machine learning AI 

algorithms (ANN, SVM, and RF) were trained with a target to predict or classify the membrane 

permeance and rejection. The input descriptors used to train the models were membrane MWCO, 

solute MW, solute concentration, solvent factor, temperature, pressure, and process configuration 

(dead-end or crossflow). The two target outputs (labels) from each model were membrane permeance 

and rejection. 

The prediction (ANN and SVM) and classification models (RF) display high accuracy 

(confirmed by R2, MSE, RMSE and RF accuracy values) and surprisingly good prediction towards 

both permeance and rejection variables (Figure 7). In particular, the ANN model was trained using 
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the train dataset with R2 values of 97% (permeance) and 99% (rejection), and the trained ANN model 

predicted the test dataset with good accuracy, showing R2 values of 90% (permeance) and 91% 

(rejection). SVM model also showed good prediction towards the test dataset with R2 values of 91% 

(permeance) and 91% (rejection). The accuracy of both models were validated using 15% of the 

dataset. 

The RF model was employed to classify the pre-processed dataset. RF is a classification 

algorithm that can categorize the data into specific ranges. We sliced the permeance and rejection 

range into three categories, shown in Figure 7c, and trained the model. Similar to the prediction 

models (ANN and SVM), the trained RF model classified the test dataset with high accuracy of 98% 

(permeance) and 92% (rejection). Along with high accuracy, high Cohen’s Kappa values (0.94 for 

permeance and 0.84 for rejection) clearly indicate that classification was done with acceptable errors. 

It should be noted that a Kappa value above 0.801 is considered as “almost perfect” [28]. 

It should be noted here again that ANN and SVM are prediction models whereas RF is a 

classification model. In the field of ML, ANN generally performs better than SVM given sufficient 

data are available. However, SVM is more robust with respect to convergence and less likely to get 

trapped in local minima. In addition, SVM is less prone to the well-known overfitting problem. In 

this work, we have confirmed that our models did not overfit by retraining the models with a separate 

validation dataset (see Supporting Information). The advantages and disadvantages of ANN and SVM 

are clearly illustrated in recent research on species identification, [29] where SVM showed higher 

model accuracy. 

 

 

Figure 8. Relative weights of parameter contribution to permeance and rejection data, quantified by 

three different analyses: (a) PCA, (b) Spearman’s rank correlation, and (c) random forest mean 

decrease accuracy. 
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Figure 8 compiles the calculated weights of membrane parameters that affect the membrane 

permeance and rejection performance. We have used three different metrics: PCA method, random 

forest accuracy method, and Spearman’s rank correlation method.  

The PCA analysis (Figure 8a) showed that solute MW, solute concentration, and solvent factor 

are the three most important parameters for both permeance and rejection. Similarly, Spearman’s rank 

correlation indicated (Figure 8b) that the same parameters have the highest correlation with 

permeance and rejection. In addition, Spearman’s rank correlation showed that MWCO is important 

for permeance, and process type is important for rejection.  

 Similarly, RF analysis showed that the MWCO and solvent parameters are the most important 

for permeance prediction, whereas solute MW and concentration exhibit the most impact on rejection 

prediction. In addition, the temperature and process configuration did not exert significant effect onto 

neither the permeance nor the rejection.  

In summary, the pre-processed dataset after PCA analysis were all successfully trained by three 

different AI models, which predicted both permeance and rejection with high accuracy. These results 

suggest that AI models will be an important tool for OSN process development with respect to 

performance prediction, given sufficient data are available. With more data, we expect the AI model 

predictions to continuously improve, particularly for commercial membranes. It should be noted that 

more data on higher solute concentration values are required to expand the model versatility and 

accuracy (currently not enough data to converge). A short-term target is to integrate the developed AI 

models into the current process development platforms, such as HYSYS and Aspen Plus programs.  

In the very near future, automatic scraping and data extraction from online literature (often in 

PDF format) with high precision may become a reality. For instance, scraping numerical data from 

figures and tables, and understanding text data from the experimental sections via natural language 

processing technique, will soon become more reliable and accurate. We also envisage that more 

advanced ML paradigms such as Artificial General Intelligence (AGI), where AI learning to learn, 

will be employed in the future membrane research.  

With exponential increase in data volume, appropriate OSN data standardization will certainly 

facilitate prediction accuracy of these AI models. Our work shows that OSN data must include at least 

the following parameters: MWCO, solute MW, solute concentration, solvent, temperature, pressure, 

and process configuration. 
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Conclusions 

In this work, we have collected the data that was gathered by using commercial membranes, and 

we have shown that sufficient amount of standardized OSN data can be used to train AI models, which 

in turn can accurately predict the membrane performance with respect to both permeance and 

rejection. The collected dataset in this work contained 38,430 data points with more than 18 

dimensions. We employed a PCA method to reduce the data dimension and determined the crucial 

components affecting the membrane performance – namely, membrane MWCO, solute MW, solute 

concentration, solvent factor, temperature, and process configuration. The PCA also revealed the 

relative importance of these parameters with respect to dimensional coverage, revealing that solute 

MW, solute concentration, and solvent factor are three dominant parameters. Using these descriptors, 

three different AI models (ANN, SVM, and RF) were successfully trained with a target to predict and 

classify the membrane permeance and rejection. The optimized AI models predicted the membrane 

performance with unprecedented accuracy, as high as 98% for permeance and 96% for rejection. Our 

findings suggest that the proposed AI method may provide a way forward OSN data standardization 

and performance prediction, which is a prerequisite to fast-track the implementation of OSN 

technology into the relevant industries.  

In conclusion, we envisage this work to initiate wider acceptance of OSN technology into the 

current chemical separation processes. In order to enhance the versatility and coverage of the 

proposed AI-based OSN prediction, we encourage the OSN community to systematically report the 

following the membrane data: membrane MWCO, solute MW, solvent, temperature, pressure, process 

configuration. Moreover, we believe additional data such as pump flowrate (stirring rate), membrane 

dimension, and pipe dimension will provide valuable information to better predict OSN performance.  
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