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Abstract 
Rare-earth elements (REEs) are essential for electronics, renewable energy, and defense 
technologies. However, the current supply of REEs relies on mining concentrated in a few 
countries and energy-intensive separations. DOE’s Basic Energy Sciences (BES) program has 
launched a grand challenge which aims to ensure a sustainable supply of critical REEs by 
developing innovative and environmentally friendly separation methods. As an alternative to 
costly and harmful traditional methods, the Non-Equilibrium Transport Driven Separations 
(NETS) initiative has created a microfluidic Y-channel co-flow method that applies external fields 
to exploit magneto- and electrohydrodynamic effects for separating dilute REE ions from 
complex feedstocks. Computational fluid dynamics (CFD) studies have identified a few 
operating conditions with promising ion selectivity and separation efficiency. However, 
challenges remain regarding Y-channel versatility across feedstocks and accurate incorporation 
of physical phenomena into CFD models. In this work, we develop a multi-fidelity modelling 
approach which integrates experimental results with CFD simulation to build a surrogate model 
for the dependence of separation efficiency to variation of design parameters.  The surrogate 
model enables a reinforcement learning (RL) method to adaptively launch CFD and 
experimental runs, improving model fidelity around optimal Y-channel parameters. 
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Acronyms and Abbreviations 
REE: Rare Earth Elements 

CFD: Computational Fluid Dynamics 

LCM: Laminar Co-flow Method 

SciMR: Scientific Map Reduce 
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1.0 Introduction 
To ensure a reliable and sustainable supply of critical rare earth elements for advanced 
technologies and national security, the Department of Energy's Rare Earth Grand Challenge 
focuses on innovative, efficient, and environmentally friendly separation methods from 
unconventional sources. These elements, vital for renewable energy systems, electronics, and 
defense applications, are difficult to separate from complex and dilute feedstocks due to their 
similar chemical properties. Traditional separation methods use organic extractant ligands, which 
are costly and environmentally harmful.   

 
Figure 1: Applications of REE across a variety of modern technologies.  Image developed by the  
CaptuREE project for the 2024 iGEM Jamboree 
 
 
As an alternative to costly and harmful traditional methods, the Non-Equilibrium Transport Driven 
Separations (NETS) initiative has created the microfluidic laminar co-flow method, referred to as 
the Y-channel (see Figure). The Y-channel is designed to exploit electrohydrodynamic effects for 
the selective separation of trivalent, divalent, and monovalent cations from complex feedstocks. 
This microfluidic device capitalizes on the interplay between flow dynamics, electric fields, and 
diffusion. A pressure gradient drives horizontal flow, while an external electric field induces the 
vertical migration of ions, leveraging differences in their charge and mobility. Although magnetic 
separation is effective for certain REEs with strong magnetic susceptibilities, its applicability is 
limited due to the weak paramagnetic nature of some REE ions. In contrast, electric-field-based 
separation has emerged as a promising alternative for selectively isolating REEs from one 
another and competing non-REE ions. Computational Fluid Dynamics (CFD) studies have 
identified operational conditions which show significant potential for enhanced ion selectivity and 
separation efficiency.  However, broader questions about the universal application of Y-channels 
across different complex feedstocks, as well as incorporating additional physical phenomena, 
such as reactions, nucleation, crystal growth, surface charge, transport, and electromobility of 

https://2024.igem.wiki/hizju-china/description
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ions and particles in solutions into the CFD models remain, necessitating further research to 
explore its versatility and scalability.  
 
In order to potentially scale-up the laminar co-flow cells to industrial scale production of REEs it 
will be necessary to have a robust understanding of the separation performance across a variety 
of environmental and design conditions.  In particular, this will require a deep understanding of 
the relationships between the design parameters of laminar co-flow cells (e.g., channel width, 
channel length, electric field strength, magnetic field strength, electric field location, REE source 
flow rate, precipitating agent, Y-split angle, etc.).  Specifically, it desirable to identify conditions 
which optimize the preferential separation rate of the REE species of interest relative to costs.  
While it is theoretically possible to identify the optimum over the design space through brute-force 
exploration, the dimensionality of the design space and the necessity of for physical 
experimentation makes this approach impractical and expensive.  Alternatively, brute force search 
can be used with the existing CFD models, however as high-fidelity models have significant 
computational costs this can also be expensive. Additionally, while providing insight into the 
dynamics within the Y-cell the accuracy of the existing CFD simulations is limited by not including 
all the relevant processes, including chemical reactions and precipitation of REEs in the laminar 
flow and on the cell boundaries.  As a consequence, in order to, identify the optimal design 
parameters for separation it is necessary to develop methods which can explore a high-
dimensional design space and integrate experimental and multi-fidelity data into a unified process. 
 
 
To address this challenge, we provide a generalized framework which integrates simulation 
results from distributed computing resources and experimental results (potentially from a future 
automated laboratory) to build a surrogate model for the system of interest (in this case the 
laminar co-flow cell).  Integrated into this system is a reinforcement learning and optimization 
framework which dynamically selects now experimental conditions to evaluate (and whether to 
use a computational or experimental model) which will improve the fidelity of the surrogate model 
and improve the estimation of the optimal design parameters. 
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2.0 Background 
2.1 Dissolved REE Sources 

The laminar co-flow setup relies on an initial input source which is enriched in the REEs of 
interest.  One promising potential avenue for a such source is the produced water (PW) that 
results from fracking procedures frequently used to increase the production rates of natural gas 
wells. PW is naturally occurring, often hypersaline water from subterranean geologic formations 
brought to the surface during oil and gas extraction.  

The Bakken Formation in North Dakota and Montana is often identified as one of the most 
promising sources of REEs in North American PW (Smith et al. 2024), with some studies citing 
concentrations as high as 2,000 ng/L. The Bakken is a major tight oil system where petroleum is 
extracted from low-permeability rock via hydraulic fracturing, producing a brine known to be 
geochemically complex. Due to these high reported values, Bakken was initially regarded as a 
model for a "best-case scenario" REE-rich PW feedstock. 

This was reinforced by a study (Flynn et al. 2025) that detailed REE concentrations within solid 
cores sampled from the Bakken Formation.  However, the extension of this finding to PW is less 
certain because a different study which analyzed 15 PW samples in the Bakken Formation 
concluded that concentrations of all REEs and platinum group metals were below their 
respective instrumental detection limits (Xiao 2021).  

The contradictory Bakken data necessitates a refined methodology for site selection and 
analysis. The needed PW requires primary REE concentrations from analysis of PW (and not 
associated solids in core samples) and site-specific assessment of the PW matrix (background 
electrolytes).  

Based on these criteria, the Powder River Basin in Wyoming was identified as a more suitable 
area.  The recommended concentrations of the matrix (pH, Iron, Calcium, Magnesium, 
Potassium, Sodium, Chloride, Sulfate, Fluoride, Bicarbonate) from the work of (Nye 2018) are 
presented in Figure 2 as well as the REE concentrations (0.1-10 ng/L) in Figure 3. 
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Figure 2: Observed concentrations for non-REE ions dissolved in fracking waste. Image taken 
from (Nye 2018). 
 

 
Figure 3: Concentration of dissolved REE ions in fracking waste. Figure taken from (Nye 2018) 

Machine learning (ML) approaches are ideal for addressing the challenges identified to enhance 
REE separation accuracy and robustness across varying feedstocks, as it can process vast 
amounts of data to recognize complex patterns and relationships. Our high-level approach 
integrates CFD models, ML approximations, an optimizer, an automated laboratory, and a RL 
controller to ensure continuous data flow and optimization, see Figure 4. The REBOUND 
architecture can be thought of as having 4 primary components: 1) data generation, 2) surrogate 
modelling, 3) optimization, and 4) reinforcement learning.  These four components of the 
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REBOUND workflow are orchestrated by runtime system which we developed called Scientific 
Map Reduce (SciMR).  Because of the modular framework of SciMR, each of the four components 
can be readily swapped out for alternative approaches. We provide here a high-level summary of 
each of the four components, and defer detailed discussions to later in this section. 
 
For REBOUND, the data generation component consists of three different sources: physical 
experiments with design parameters chosen to identify the boundaries of the feasible design 
space and two CFD simulations. One of these simulations is an extension of the work of [cite] and 
is implemented in COMSOL, a proprietary CFD simulation framework.  The other CFD simulation 
uses the OpenFoam simulation framework, which is an open source alternative to COMSOL.  
 
REBOUND uses an autoregressive GPR model as a surrogate model for the function from the 
design space to the separation performance. The choice of GPR for the surrogate model was 
motivated by the desire to incorporate uncertainties present in multi-fidelity data into downstream 
processes in the REBOUND architecture such as the RL controller and the optimization objective.  
 
The REBOUND optimization and reinforcement learning is tightly coupled, yet extensible system 
that allows for the selection of a variety optimization frameworks, objective functions, and 
approaches to the reinforcement learning problem.   
 

 

 
Figure 4: High-level schematic of the overall REBOUND architecture. The process integrates CFD 
models, ML approximations, an optimizer, an automated laboratory, and a reinforcement 
controller interwoven to ensure continuous data flow and optimization. 

2.2 Laminar Co-Flow (Y-Cell) Experiments 
 
To validate the results from the CFD simulations, initial experiments were conducted using a 
microfluidic double Y-channel functionalized with titanium sheets to generate an electric field, 
facilitating the separation of Dy3+ from simulated produced water containing nano-to- millimolar 
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concentrations of La3+, Dy3+, Mg3+, Na+, and Cl- ions. REE solution mixtures were prepared, 
modeled after datasets obtained from the United States Geological Survey (USGS) to simulate 
produced water compositions accurately. This ensured that the study maintained environmental 
and industrial relevance while enhancing the precision of experimental consistency. 
 
To design the laminar co-flow system for Rare Earth Element (REE) separation, a custom 
microfluidic cell was fabricated using polycarbonate sheets, a sandwiched parafilm membrane, 
and a titanium sheet (thickness 0.127mm) based on a previously reported method. (Qingpu et al. 
2024) A parafilm sheet cut-out with a double-Y design is sandwiched between two polycarbonate 
sheet cutouts (thickness 1.6mm) and meticulously assembled with metallic screw fittings 
(diameter 3mm) to ensure structural integrity. Barb fittings were glued onto the strategically placed 
holes (inner diameter 1.6mm) to serve as inlet and outlet connections for solution flow. The 
microfluidic cells were constructed with precise specifications (see Figure 5: Schematic of 
Laminar Co-Flow Cell) tailored to optimize REE separation processes. Additionally, a chlordized 
Ag/AgCl wire electrode (reference electrode) was placed into one of the outlet solutions, and a 
potentiostat was used for varying voltages across the Y-channel. 
 
For magnetic field experiments, a 1T magnet bar was placed right beside the LCM cell, closer to 
outlet 1 and inlet 1, as shown in Figure 8. Herein, the millimolar metal ions mixture came in through 
inlet 1, whereas the precipitating agent was flown through inlet 2. The quantification of REE 
separation efficiency was performed using Inductively Coupled Plasma Mass Spectrometry (ICP-
MS) analysis. Output solutions from the system were analyzed to validate the effectiveness of the 
separation process and measure the yield of REEs, establishing a robust method for further 
studies and optimization in REE extraction processes. 
 
Previous CFD simulations did not account for ion adsorption onto the Y-channel walls, as the role 
of the electrical double layer (EDL) phenomenon has yet to be fully quantified. To estimate the 
role of EDL in the separation process, we conducted an experiment designed to minimize the 
adsorption of charged analytes onto the Y-channel. To achieve this, we utilized a surface 
deactivation methods that included  coating the channel walls with a thin layer of non-crosslinked 
polyacrylamide and flowing polysorbate 20 through the LCM cell before performing electric-field 
experiments. Ongoing experimental efforts in NETS aim to effectively quantify the role of EDL in 
REE separations, and our proposed CFD simulations can leverage from these previous findings 
garnered by NETS.  
 

 
Figure 5: Schematic of Laminar Co-Flow Cell 
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Figure 6: Example of laminar co-flow cell used for experiments using electric field. 

 
Figure 7: Experimental arrangement with an electric field laminar co-flow cell and a pumping 
setup for water flow.  
  

Table 1 Composition of REE mixtures utilized in electric field experiments 
Input REE Mixtures La  

(nM) 
Dy  
(nM) 

Mg  
(nM) 

Na  
(nM) 

La  
(ppb) 

Dy  
(ppb) 

Mg  
(ppb) 

Na  
(ppb) 

solution A 50 25 50 500 6.95 4.05 1.215 11.495 

Solution B 10 5 50 500 1.39 0.8 1.215 11.495 
Solution C 100 50 50 500 13.9 8.1 1.215 11.495 
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Figure 8 Experimental arrangement with externally applied magnetic 
field (with 1T bar magnet) to the laminar co-flow cell and pumping 
setup for the solutions flowing at 4 mL/hour.  The feedstock metal 
(input mixture - see side table for its composition) solution is colored 
red, and the precipitating agent, 25 mM sodium oxalate, is colored 
blue. 

   
 

2.3 CFD Models 
 
In order to determine the Y-channel design parameters, such as inlet size, flow rate, 
electric/magnetic field strength, and outlet configurations which maximize yield from different 
feedstocks it is necessary to consider the effect of a variety of physical phenomena such as 
reactions, nucleation, crystal growth, surface charge, transport, and electromobility of ions and 
particles in solutions.  To this end, selected phenomena are incorporated into a CFD simulation 
of the flow of the feedstock the Y-channel. The dynamic flow of feedstock passing through the Y-
channel is simulated by solving the incompressible Navier-Stokes equation, and transport of ionic 
species is modeled using the Nernst-Planck equations, accounting for diffusion, convection, and 
electric field-driven migration. To accurately represent the influence of electrostatic interactions 
on ion distribution and mobility, the model incorporates the electrical double layer (EDL) using a 
modified Poisson–Nernst–Planck (PNP) framework, which captures potential gradients and ion 
accumulation near charged surfaces. Surface charge boundary conditions are implemented to 
dynamically couple local field strength with ion adsorption and reaction rates. Additionally, 
nucleation and crystal growth kinetics are incorporated via user-defined source terms in the mass 
transport equations, allowing for spatially resolved prediction of solid-phase formation. This multi-
physics approach enables a predictive analysis of how variations in inlet velocity, electric or 
magnetic field strength, and outlet configuration influence separation performance and yield 
across a range of feedstock conditions. The multi-physics coupled CFD model is solved in the 
commercial Multiphysics COMSOL software and the OpenFoam open-source software. 

Ions Concentration (mM) 

La
3+

 5 

Dy
3+

 2.5 

Mg
2+

 250 

Na
+
 500 
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COMSOL is a commercial solution for Computational Fluid Dynamics (CFD) simulations, 
offering a significant advantage in both time efficiency and accuracy over many open-source 
tools—our tests showed a 5x improvement in runtime with enhanced accuracy for our specific 
problem. However, deploying COMSOL on our cluster presented challenges due to the 
prohibitive costs associated with additional licensing options for direct cluster integration. To 
overcome these limitations, we developed a containerized solution that enabled the effective 
execution of COMSOL simulations in a cluster environment without requiring user interaction. 

COMSOL supports the distribution of single binaries as standalone applications, which 
automatically install required runtime components and execute simulations upon launch. While 
this simplifies deployment in standalone environments, there are challenges when adapting the 
solution for clusters. A dialog box is displayed during execution, demanding user input initially, 
which is unsuitable for automated workflows. To tackle this, we containerized the application 
using Docker, employing a three-step process. First, we set up a graphical interface 
environment required for the initial installation of COMSOL’s standalone binary. This step allows 
the GUI-based installation to complete successfully inside the container. Second, we created a 
new container stripped of the GUI setup but equipped with libraries that emulate a graphical 
environment. This adjustment ensures that simulations can run within the container without 
requiring user interaction with the display window. Finally, we configured automation scripts to 
terminate the application once the desired outputs are generated, discarding the display window 
that the simulation renders during execution. 

Our containerized workflow was thoroughly tested within Docker and successfully run in the 
controlled environment. For deployment in a cluster setting, however, an additional step was 
required: porting the Docker container to Singularity, as our clusters do not support Docker 
directly. While this process is typically straightforward due to Singularity’s compatibility with 
Docker images, debugging issues during the conversion consumed significant time and 
resources. The containerization workflow provided a prototype that worked successfully in 
Docker, and efforts are ongoing to finalize its migration to singularity for use in the cluster 
environment. 
 
To perform the optimization of the separation process, the CFD simulations are linked to the 
optimization and acquisition process through the SciMR workflow orchestrator.  The RL 
framework operates on the current surrogate model and provides candidate design parameters 
for further CFD simulations.  These operating parameters are tested via the COMSOL and 
OpenFoam simulations and the results are used to update the surrogate model.   
This loop continues until convergence is achieved. To enable this loop, the COMSOL and 
OpenFoam models are converted into an executable files which can be run from within the SciMR 
framework with arbitrary suggested operating parameters. 

2.4 Surrogate Model 

Since this single output case is what we are interested in, we focus on Gaussian Process 
Regression for functions of the form 𝑓𝑓:𝑅𝑅𝑛𝑛 → 𝑅𝑅.  In this case, the fundamental assumption is that 
the distribution (with uncertainty) of a �𝑓𝑓(𝑥𝑥1), … , 𝑓𝑓(𝑥𝑥𝑘𝑘)� should be given by a multivariate Gaussian 
(normal) distribution 𝒩𝒩(𝜇𝜇, Σ). The regression process relies on three parameters, 𝜇𝜇:𝑅𝑅𝑛𝑛 → 𝑅𝑅 a prior 
estimate of the value of the function, 𝜎𝜎 ∈ 𝑅𝑅+  a smoothing parameter, and 𝐾𝐾:𝑅𝑅𝑛𝑛 × 𝑅𝑅𝑛𝑛 → 𝑅𝑅 a 
positive semi-definite kernel function which parametrizes the distance between of pairs of points.  
Given these regression parameters and a collection of known points { (𝑥𝑥_𝑖𝑖, 𝑓𝑓(𝑥𝑥_𝑖𝑖))} the distribution 
for a collection of sample points (𝑠𝑠_1, . . . , 𝑠𝑠_𝑘𝑘) is given by 



PNNL-38654 
 

Background 10 
 

𝑓𝑓(s) ∼ 𝒩𝒩 �μ(s) + K(s, x)(K(x, x) + σI)−1�f(x) − μ(x)�, K(s, s) − K(s, x)(K(x, x) + σI)−1K(x, s)� 

In essence, this means that the kernel function and σ control how uncertainty increases as we 
move away from known points and the evaluation points 𝑓𝑓(𝑥𝑥𝑖𝑖) serve to moderate our initial guess 
for the function value μ.  In order to distinguish notationally between the observed function values 
and the distribution of potential values given by the Gaussian Process Regression, we will we use 
𝐹𝐹 to denote the associated collection of random variables.   

In the context of REBOUND, we will maintain multiple different Gaussian Process Regression 
models for each level of fidelity -- for now, we discuss only a low-fidelity CFD simulation (𝐹𝐹𝐿𝐿), a 
high-fidelity CFD simulation 𝐹𝐹𝐻𝐻, and experimental model 𝐹𝐹𝐸𝐸 as it is straightforward to extend our 
approach to additional fidelities.  Each model will have an independent smoothing parameter 
(σ𝐿𝐿 ,σ𝐻𝐻 ,σ𝐸𝐸) which will be tuned based on our understanding of the uncertainties present in the 
model and the kernel function 𝐾𝐾 will be the same for all three models (since it is a representation 
of the underlying structure of the parameter space).  In order to couple the three models, we will 
define μ𝐿𝐿 = 0 (which is a standard zero-information prior), μ𝐻𝐻 = 𝐸𝐸[𝐹𝐹𝐿𝐿], and μ𝐸𝐸 = 𝐸𝐸[𝐹𝐹𝐻𝐻]. That is, 
we assume that the mean behavior is well approximated by the mean behavior at the lower fidelity.  
It is worth noting that this function is well-defined (given a set of prior observed data).  For 
example, considering 

𝐸𝐸[𝐹𝐹𝐻𝐻(𝑠𝑠)] = 𝐸𝐸[𝐹𝐹𝐿𝐿(𝑠𝑠)] + 𝐾𝐾(𝑠𝑠, 𝑥𝑥)(𝐾𝐾(𝑥𝑥, 𝑥𝑥) + σ𝐻𝐻𝐼𝐼)−1(𝑓𝑓(𝑥𝑥) − 𝐸𝐸[𝐹𝐹𝐿𝐿(𝑥𝑥)]) 

we note that (𝐾𝐾(𝑥𝑥, 𝑥𝑥) + 𝜎𝜎𝐻𝐻)−1(𝑓𝑓(𝑥𝑥) − 𝑬𝑬[𝐹𝐹𝐿𝐿(𝑥𝑥)]) is independent of the points of interest 𝑠𝑠, so can 
be thought of as a fixed vector conditioned on the prior observations.  Noting that the ith row of 
𝐾𝐾(𝑠𝑠, 𝑥𝑥) depends only on 𝑠𝑠𝑖𝑖 we have that 𝐸𝐸[𝐹𝐹𝐻𝐻(𝑠𝑠)]𝑇𝑇𝑒𝑒𝑖𝑖 can be calculated entirely in terms of 𝑠𝑠𝑖𝑖 and 
the prior observations 𝑥𝑥. 
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3.0 Results and Products 
3.1 Laminar Co-Flow Experiments 
 

 
Figure 9 Results from control experiments for electric field measurements obtained at 0V 
externally applied using feedstock solution C. Right graph is a zoom-in version of the left graph. 
 
Prior to conducting the main electric field experiments, we performed control measurements at 
0V applied, flowing solutions at 4 mL/hour. ICP-MS results revealed a slight enrichment of Dy in 
outlet 2 under zero-voltage conditions, whereas roughly amount of La was collected from both 
outlets.  
 
During electric field-driven separation runs, introducing solution C (see Table 1 Composition of 
REE mixtures utilized in electric field experiments) as the input mixture and applying 1V externally 
to the Ti plates resulted in approximately 1.5x enrichment of both dysprosium (Dy) and lanthanum 
(La) in outlet 1. Interestingly, varying the flow rate (2 to 4 mL/hour) and adjusting the applied 
voltage (1V, 4V, and 8V) had no measurable impact on the enrichment factor. This consistent 
behavior indicates that the separation process is predominantly governed by the inherent 
properties of the input solution rather than external operational conditions. 
 
Furthermore, recycling the enriched solution from outlet 1 proved to be an effective strategy for 
improving separation efficiency. Iterative processing enabled a 2x enrichment of Dy and La in 
outlet 1, demonstrating the recycling approach's potential for maximizing rare earth element 
(REE) recovery. These findings emphasize the adaptability of the system and its suitability for 
future optimization, paving the way for more sustainable REE separation methodologies. 
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Figure 10 Results for E field experiments (Top row 1) with solutions mixtures A, B, and C at 4 
mL/hour and 1V externally applied; (Middle row 2) with solution C at 1V, 4V, and 8V; and (Bottom 
row 3) recycling of outlet solutions obtained from initially flowing solution C at 4 mL/hour and 4V 
externally applied. 
 
Results from Magnetic field-driven separation experiments: Our experiments demonstrated 
that precipitates collected from outlet 1 are enriched in dysprosium, while those from outlet 2 are 
enriched in lanthanum. This result aligns with expectations, as the 1T bar magnet is positioned 
closer to outlet 1. Dysprosium, being strongly paramagnetic, is more likely to respond to the 
magnetic field and move closer to the magnet after reacting with the precipitating agent, whereas 
lanthanum, which is weakly paramagnetic, remains less affected. To confirm that the dysprosium 
ions indeed moved in response to the magnetic field, we conducted co-flow experiments with 
colored solutions, as illustrated in Figure 8. The distinct lack of mixing observed between the 
colored solutions during these experiments confirms that it is the dysprosium ions, not the bulk 
solution, that respond to the magnetic field and migrate accordingly.  
 
 

 

 



PNNL-38654 
 

Results and Products 13 
 

 

Figure 11 Results from magnetic field experiments with no colored solutions. Precipitate = ppt. 
M1 and M2 are precipitates from outlets 1 and 2, respectively. 

Table 2 Results from magnetic field experiments with colored solutions. Precipitate = ppt. S1 
and S2 are outlets 1 and 2, respectively. 

 Na (ppm) Mg (ppm) La (ppm) Dy (ppm) 
S1 ppt concentrate 18.29 0.10 0.95 1.14 

S2 ppt concentrate 16.76 0.51 2.08 0.39 

 
 
Results from Electrical Double Layer (EDL) Suppression Experiments: 
The initial attempt to suppress EDL effects using a polyacrylamide coating was unsuccessful, as 
the coating introduced gaps in the LCM cell, causing solution leakage during pumping and flow 
(see Figure 12 The Y-cell plates were coated with polyacrylamide using a spin coater (see left 
image). The assembled cell leaks due to potential channel blockage by the polyacrylamide coat 
(see right image). below). To address this issue, we adopted an alternative approach by flowing 
polysorbate 20 through the LCM cell prior to conducting the main E-field experiment. This 
adjustment ensured system integrity and allowed us to proceed with the investigations effectively. 
However, the ICP-MS results (see Table 3 below) for the outlet solutions obtained after 
suppressing EDL formation using polysorbate 20 are inconsistent, showing unexpectedly higher 
concentrations of both Dy and La in the outlet solutions compared to the inlet solutions.  
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Figure 12 The Y-cell plates were coated with polyacrylamide using a spin coater (see left image). 
The assembled cell leaks due to potential channel blockage by the polyacrylamide coat (see right 
image). 
 
Table 3 ICP-MS results from using a non-ionic surfactant: polysorbate 20 to suppress EDL 
formation. 0.1% Tween (polysorbate 20 – poly) solution was flowed through the double Y cell, 
followed by DI water rinse and Solution C run at 4mL/hour and 1V. S1 and S2 are outlets 1 and 
2, respectively. 

 Na (ppb) Mg (ppb) La (ppb) Dy (ppb) 

S1 85 2 67 11 

S2 105 2 78 19 

3.2 Scientific Map Reduce (SciMR) 

SciMR (Scientific MapReduce) is a simplified framework designed to empower scientists by 
enabling them to scale applications from single-node execution to distributed processing across 
clusters. The purpose of SciMR is to provide an intuitive solution for running simulations or 
computations on multiple nodes in parallel while efficiently reducing the resulting data. 
Integrated directly with SLURM, the job management system widely employed in research 
environments, SciMR leverages its capabilities to streamline distributed task execution. This tool 
is lightweight and is implemented in Python to offer flexibility, yet it maintains the ability to 
launch jobs directly via the Linux command line, ensuring compatibility with traditional 
computational workflows. 

SciMR employs a straightforward API that requires users to create only one class with three 
essential functions—making the framework accessible to individuals with varying levels of 
programming expertise. The first function, Init, launches initial jobs, enabling the parallel 
execution of computational tasks. The framework also provides two callback methods: one for 
processing individual job results, and another for handling job outputs alongside associated 
metadata. These callbacks give users the capability to refine, reduce, and aggregate 
computational results as needed, while also enabling the dynamic launching of new jobs based 
on intermediate findings. By scaling seamlessly from single-node execution to SLURM's 
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computational cluster, SciMR provides a robust testing environment for research workflows, 
facilitating the transition to large-scale computing. 

Unlike larger frameworks such as Dask, which integrate deeply with the Python ecosystem and 
require extensive reliance on libraries like NumPy, SciMR remains lightweight and purpose-built 
for scientific computing contexts. While Dask is ideal for more complex workflows, SciMR is 
tailored for researchers seeking simplicity and direct command-line integration. Within the 
broader project, SciMR serves a pivotal role by enabling the efficient execution of simulations as 
the "mappers" and leveraging machine learning models during the "reduction" phase. This 
versatility underscores SciMR's value in managing distributed computational tasks for scientists 
aiming to scale their work efficiently and systematically. 
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