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ABSTRACT 30 

Designing single-species selective membranes for high precision separations requires a 31 

fundamental understanding of the molecular interactions governing solute transport. Here, we 32 

comprehensively assess molecular-level features that influence the separation of 18 different anions 33 

by nanoporous cellulose acetate membranes. Our analysis identifies the limitations of bulk 34 

solvation characteristics to explain ion transport, highlighted by the poor correlation between 35 

hydration energy and the measured permselectivity (R2 = 0.37). Entropy–enthalpy compensation, 36 

spanning 40 kJ mol-1, leads to a free energy barrier (∆G‡) variation of only ~8 kJ mol-1 across all 37 

anions. We apply machine learning to elucidate descriptors for energetic barriers from a set of 126 38 

collected features. Notably, electrostatic features account for 75% of the overall features used to 39 

describe ∆G‡, despite the relatively uncharged state of cellulose acetate. Our work presents a new 40 

approach for studying ion transport across nanoporous membranes that could enable the design of 41 

ion-selective membranes.  42 

 43 

 44 
One Sentence Summary: Machine learning unveils molecular transport mechanisms obscured by 45 

entropy-enthalpy compensation in polymeric membranes. 46 

 47 
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MAIN TEXT 65 
 66 

INTRODUCTION 67 

Rapid population growth and industrialization have elicited unprecedented global water and energy 68 

demands (1). Inextricably linked, water production and energy generation processes could benefit 69 

tremendously from the development of separations materials with single-solute selectivity (2). 70 

Polymeric membranes with sub-nm pores represent a highly practical class of materials for 71 

achieving such design goals (3). For water treatment purposes, ultra-selective membranes can 72 

enable precise control over the makeup of permeate and brine streams for complex feed solutions. 73 

This level of control could enable more sustainable water treatment by tailoring the treatment to the 74 

desired end use and would significantly reduce chemical and energy consumption, ultimately 75 

lowering the treatment cost for water production (3, 4). In addition, fit-for-purpose membranes 76 

could improve resource recovery efforts (e.g., lithium recovery), sensor devices, and proton 77 

selectivity in fuel cells and water electrolyzers (3).  78 

Biological channels, like the potassium (K+) channel, epitomize solute selectivity. By offering 79 

a sub-nm environment tailored for K+, potassium channels can offset the energy-intensive 80 

dehydration process induced by extreme confinement, allowing K+ to transport >104 faster than 81 

similar cations like sodium (Na+) (5, 6). Incorporating ion-selective channels or ligands in polymer 82 

matrices to mimic the selective behavior of biological channels has gained recent interest (7). This 83 

technique remains unproven, however, with experimental performance falling far below 84 

conventional polymeric and biological membranes due to fabrication-induced defects (2, 8). New 85 

and innovative approaches, which require a deeper understanding of fundamental structure–86 

property–performance relationships in polymeric membranes, are thus imperative for designing 87 

solute-tailored selectivity. 88 

Various ion-specific properties can influence ion transport, and hence, ion selectivity. The 89 

hydration energy (9-11), charge density (12), and size of an ion have conventionally been 90 

considered to play critical roles in ion transport (9, 12, 13). The relative importance of each property 91 

toward selective transport, however, remains largely clouded. Our poor understanding of the 92 

mechanisms that govern ion-ion selectivity in membranes is, in part, the result of inadequate 93 

performance metrics. Ion transport in most salt-rejecting membranes is characterized by the 94 

observed rejection. Not only is this an operationally dependent metric, but it also fails to capture 95 

the thermodynamics necessary for elucidating important molecular interactions (14). Additionally, 96 

the conventional Edisonian approach to studying selective transport is often incapable of 97 

deconvoluting strongly coupled transport mechanisms. This approach largely relies on elucidating 98 
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transport phenomena from correlations between ion permeability and singular membrane 99 

modifications that are often characterized by only a few physical measurements. The sensitivity of 100 

polymeric membranes to their environment, which is evidenced by their anomalous ionization 101 

behavior (15), as well as the complex, inhomogeneous nature of their cross-linked networks 102 

restricts the insight of such analyses.   103 

In this work, we comprehensively assess the role of monovalent anion- and membrane-specific 104 

properties in overall salt transport. Our analysis focuses on the separation of a wide array of anions 105 

of monovalent sodium-based salts by a nanoporous cellulose acetate (CA) membrane to elucidate 106 

phenomenological differences in selectivity originating from the anions. We identify the limited 107 

role of bulk solvation characteristics while highlighting the critical need to consider entropic 108 

barriers when holistically studying ion transport. We combine our experimental data with properties 109 

describing ion and ion-membrane interactions—generated from first-principles simulations in this 110 

study and obtained elsewhere—for advanced statistical analysis using machine learning techniques 111 

to determine the most important features for predicting thermodynamic barriers to transport. 112 

Notably, we observe entropy–enthalpy compensation (EEC) in the transport thermodynamics, 113 

largely influenced by ion-membrane interactions under confinement. Although our results are 114 

specific to the membrane used in this study, the reported findings demonstrate a new approach for 115 

studying ion transport across all nanoporous polymeric membranes.  116 

 117 

RESULTS 118 

Bulk ion solvation: An inadequate descriptor for ion-ion selectivity  119 

Partial or complete shedding of an ion’s solvation shell—termed ‘dehydration’—has been proposed 120 

as a universal mechanism for ion selectivity in rigid 2-D nanoporous systems (16). Previous studies 121 

of nanoporous polymeric systems frequently relate ion hydration energy, ∆GHyd, which describes 122 

the energy released when an ion undergoes solvation (17), to the ability of an ion to dehydrate into 123 

a confined environment (10-12). Hence, ions with high ∆GHyd are considered to have strong 124 

solvation shells that are not easily shed. In other words, ions with high ∆GHyd incur a substantial 125 

energetic penalty for dehydrating, making dehydration unfavorable. The use of ∆GHyd as a 126 

standalone metric for assessing dehydration-limited ion permeation is suspect, however, and has 127 

been criticized for its failure to account for other solvation properties that have been shown to 128 

influence dehydration, such as the hydrated radius (18). Furthermore, the use of ∆GHyd to explain 129 

dehydration-limited transport is often based on the trends of only a select few ions (19).    130 

We explore the viability of ∆GHyd as a rate-limiting property for ion transport by assessing the 131 

correlation between ∆GHyd and water-salt selectivity for 18 different anions (Fig. 1A). The anions 132 
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investigated can be found in table S1. We find a positive correlation between ∆GHyd and 133 

permselectivity, suggesting that ∆GHyd is a possible descriptor for dehydration mechanisms that 134 

influence anion permeation. However, the strength of the correlation is poor (R2 = 0.37). ∆GHyd 135 

therefore cannot be reliably used to describe the rate-limiting step for ion transport. This finding 136 

does not discredit the possibility of ion dehydration as a rate-limiting mechanism or bulk solvation 137 

properties as adequate descriptors for ion dehydration into membranes. Instead, there may exist 138 

other bulk solvation properties that are better proxies for ion dehydration.  139 

The solvated size of an ion is another extensively used bulk solvation property for explaining 140 

ion dehydration mechanisms in nanoporous membranes (12, 13, 16, 20). Typically represented by 141 

the hydrated radius (rHyd), this property describes the effective size of an ion when considering 142 

water molecules electrostatically bound to the ion surface (17). The hydrated radius is inextricably 143 

linked with ∆GHyd, but it also includes steric and, to some degree, shape effects. An ion whose 144 

solvated size is larger than the membrane pore must at least partially dehydrate to enter, assuming 145 

the pore is a rigid structure. While larger ∆GHyd typically corresponds with larger rHyd, this is not 146 

always the case. The molecular geometry of an ion influences the charge distribution across its 147 

surface and consequently the extent to which it can grow its solvation shell.  148 

Anisotropic (i.e., asymmetric) solvation from ordered structuring of water molecules around the 149 

more electronegative regions of an ion is inherent to many polyatomic ions and has been identified 150 

as critical to ion dehydration (21). Anisotropy is not reliably captured by rHyd, as rHyd is a time-151 

averaged value estimated for a sphere. Alternatively, the ion-water binding energy (∆GB), which 152 

describes the interaction strength of a single water molecule with the ion, can be used to characterize 153 

the effect of anisotropic ordering on solvation strength (22). By applying first-principles molecular 154 

dynamics (FPMD) simulations (see Methods) to compute the hydrogen-bonding probability density 155 

functions (H-bonding PDFs) between water molecules and ions, we visualize the effect of 156 

anisotropic ordering (Fig. 1B-C). Specifically, we compare the two-dimensional (2-D) projection 157 

distributions of water hydrogens surrounding Cl- and ClO-, which illustrate how non-uniform 158 

electrostatic potentials result in the severe asymmetric solvation of ClO- as water molecules 159 

preferentially bind to the oxygen atom (Fig. 1D).  160 

[INSERT FIG. 1] 161 

As evidenced in Fig. 1B-D, anisotropic solvation produces stark differences in the solvated 162 

structure of an ion. We thus extend our FPMD simulations to the entire chlorate series (Fig. 2A) to 163 

investigate the role of anisotropic solvation in ion selectivity. The bond distance and intensity 164 

loosely represent the ion solvation strength. We used the H-bonding PDFs to calculate rHyd, and we 165 
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computed ∆GB and ∆GHyd using density functional theory (DFT, see Methods) for chloride (Cl-), 166 

hypochlorite (ClO-), chlorite (ClO2-), chlorate (ClO3-), and perchlorate (ClO4-), which can be found 167 

in Fig. 2B. The trend in simulated ∆GHyd (ClO- > ClO2- > Cl- > ClO3- > ClO4-) differs slightly from 168 

∆GHyd values reported by ref. (17), in which the ∆GHyd of ClO2- was larger than ClO-.  169 

Despite being interrelated properties, the trend for rHyd (ClO4- > ClO- > ClO3- > ClO2- > Cl-) 170 

differs substantially from that of the simulated ∆GHyd due to shape effects and ionic size (Fig. 2B). 171 

rHyd can instead be readily described by the number of water molecules that coordinate with the 172 

anion (fig. S1A). ∆GB follows the same trend as ∆GHyd (fig. S1B), but the two are not perfectly 173 

correlated (R2 = 0.86) due to the added influence of anisotropic water ordering present in ∆GB.  174 

We assess the quality of ∆GB and rHyd as rate-limiting predictors for anion permeation by 175 

quantifying the change in the fit accuracy (i.e., R2 value) for permselectivity relative to ∆GHyd (Fig. 176 

2C). This analysis was only done with the values simulated by FPMD for ions in the chlorate series. 177 

We believe the chlorate series is a suitable sample representation for all the anions investigated in 178 

this study given its wide breadth of molecular geometries and ∆GHyd. Using ∆GB as a predictor 179 

improved the fit accuracy by 4.1% relative to ∆GHyd. This suggests that incorporating anisotropic 180 

solvation characteristics may be beneficial when trying to describe dehydration mechanisms with 181 

bulk solvation properties. Surprisingly, rHyd, which has been extensively used to explain 182 

dehydration-limited ion transport, was a far worse predictor for permselectivity than ∆GHyd (∆R2 = 183 

–75.4%). Collectively, our analysis highlights that bulk solvation properties are poor descriptors 184 

for the rate-limiting step in anion transport across polymeric membranes. This likely stems from 185 

the inability of bulk solvation properties to adequately account for extrinsic factors that can 186 

influence dehydration, such as compensatory ion-membrane interactions (3). 187 

[ISNERT FIG. 2] 188 

Energetic barriers: The critical role of entropy 189 

The inability of bulk solvation properties to describe anion permselectivity or dehydration 190 

necessitates a more fundamental thermodynamic view of transport (thermodynamic parameters 191 

detailed in table S2). Ion solvation in water is enthalpically favorable and entropically unfavorable 192 

(17). The process of dehydration is therefore often thought to take the reverse. However, this logic 193 

fails to consider the confined system that the ion is dehydrating into. While removing an ion from 194 

bulk water increases the entropy of water, previous theoretical work has observed a corresponding 195 

decrease in the system’s entropy as the ion permeates the channel—making entropy the major 196 

contributor to the permeation barrier (23). A balance is also often struck between entropy and 197 

enthalpy for steric and diffusive hindrance factors (discussion in Supplementary Materials, fig. S2).  198 
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We approximate the energetics of dehydration into our nanoporous membrane for several 199 

anions (Fig. 3A). This is accomplished with empirically-derived equations (17) that estimate the 200 

transfer energy (∆tG∞) and enthalpy (∆tH∞) associated with ions dehydrating into a non-aqueous 201 

solvent (details in Supplementary Materials, fig. S3). Given the dramatic change in the physical 202 

and electrical properties of water confined below 2 nm (24, 25), we can assume that confined water 203 

represents a non-aqueous solvent (table S3). Our results indicate that entropic barriers play a 204 

predominant role in dehydration as they account for over half of ∆tG∞ for all anions examined 205 

except thiocyanate (SCN-). Entropy should thus be accounted for if dehydration, and the energetics 206 

thereof, are to be considered rate-limiting mechanisms for anion permeation. We also find that 207 

uncommonly used ionic properties for interpreting ion dehydration, such as molar refractivity and 208 

softness, may influence dehydration (details in Supplementary Materials, table S4 and fig. S4).    209 

Our analysis suggests that enthalpy alone cannot reasonably describe anion dehydration, 210 

partitioning, or diffusion processes. This explains the limited success and inconsistencies associated 211 

with using activation energy, Ea, as a descriptor for transport (fig. S5) (12), which is directly related 212 

to enthalpy (26). We therefore applied transition state theory (TST) to relate water-salt selectivity 213 

to the free energy barrier, ∆G‡ (see Methods). While our measurements are of the entire salt, relative 214 

changes in ∆G‡ are solely attributable to the anion due to all salts being sodium-based (27). To 215 

utilize Eq. 2, which links TST to diffusive permeation (26), we isolated the role of advective 216 

transport (details in Supplementary Materials, figs. S6-9). Although present, advection (i.e., ion 217 

transport mediated by fluid flow) did not influence differences in anion permselectivity or ∆G‡ 218 

(figs. S8-9).  219 

The intrinsic correlation between permselectivity and ∆G‡, which spans from 34.2 to 42.5 kJ 220 

mol-1 (Fig. 3B), allows us to reliably extract meaningful entropic, T∆S‡, and enthalpic, ∆H‡, barriers 221 

for anion permeation (Fig. 3C). Notably, ∆G‡ does not mirror ∆tG∞. This suggests that dehydration 222 

does not solely govern ion transport in this system, which is likely due to an observed entropy–223 

enthalpy compensation (EEC) effect: anions with high entropic barriers (i.e., more negative T∆S‡) 224 

experience relatively small enthalpic resistance, and vice versa. EEC is a common occurrence in 225 

selective ion-ligand association (28, 29). Enthalpically-favorable ion-membrane interactions can 226 

help reduce ∆G‡ (3). However, these interactions are met with a corresponding loss of entropy in 227 

the form of reduced degrees of translational and rotational freedom (28). This tradeoff likely gives 228 

rise to the EEC observed in Fig. 3C, which is, to the best of our knowledge, the first report of EEC 229 

for ion transport across membranes. 230 

[INSERT FIG. 3] 231 
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Relative role of molecular-level features in transport 232 

Describing ion transport holistically necessitates multiple feature types that capture all relevant ion 233 

and ion-membrane interaction properties. We obtained feature data from: (1) DFT calculations 234 

conducted in this study (see Methods), (2) cheminformatics (CI) descriptors from the open-source 235 

toolkit, RDKit (30), and (3) previously published works. DFT calculations and CI descriptors 236 

inform the electronic and structural properties of the ion, respectively. DFT is further extended to 237 

compute interaction properties between the ion and the membrane material. Macroscopic properties 238 

collected from previously published work include commonly used variables important to transport, 239 

such as the diffusion coefficient (26), that may not be adequately described by DFT or CI. This 240 

extensive data collection resulted in 126 features (tables S5-8) that were classified into eight 241 

qualitative categories related to ion or ion-membrane interaction properties (Fig. 4A). Categorical 242 

mapping was designed to highlight the collective role of strongly interrelated properties and avoid 243 

overinterpreting the physical meaning of individual features selected for a small sample set (31, 244 

32).  245 

The linear regression models were trained for ∆H‡, T∆S‡, and ∆G‡ (Fig. 4B-D). Feature-selected 246 

subsets were obtained with Recursive Feature Addition (RFA, see Methods). The low mean 247 

absolute errors (MAEs < 10%) from RFA are a significant improvement over those obtained from 248 

the regularized linear regression (see Methods) used for comparison. The MAE for the ∆G‡ model 249 

(Fig. 4D) is almost twofold larger than the MAEs for the T∆S‡ and ∆H‡ models. This is largely due 250 

to the outlier, tetrafluoroborate (BF4-). Removing BF4- would decrease the MAE of the ∆G‡ model 251 

to 3.71%. BF4- may behave as an outlier due to its anomalous chemical behavior (33). This could 252 

also likely be due to poor extrapolation by the ∆G‡ model given BF4- has the lowest ∆G‡ value 253 

(34.23 kJ mol-1). Nonetheless, the decent predictive capability of the models indicate that model 254 

feature importance is predictive of design principles. 255 

Both T∆S‡ and ∆H‡ rely strongly on the absolute coefficients (𝛽) from ion structure, accounting 256 

for 21.1 and 30.2% of the total feature importance, respectively (Fig. 4E-F). Macroscopic features 257 

selected for T∆S‡ (e.g., molecular weight) are also highly correlated with ion structure, increasing 258 

the cumulative role of ion structure in T∆S‡ to 38.2%. Ion-membrane interactions under 259 

confinement are the most important feature category for T∆S‡ (𝛽/∑𝛽 = 45.3%). The outsized 260 

importance of interaction properties corroborates our physical interpretation of EEC—favorable 261 

interactions between the ion and CA coincide with entropy loss from reduced degrees of freedom 262 

in the membrane. This effect is compounded by the ionic structure, whose shape and size can further 263 

complicate the ion’s ability to contort and translate across the dense polymer network (14).  264 
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Cumulative ion-membrane interaction properties (i.e., interaction properties in bulk, under 265 

confinement, and those from macroscopic features) are also found to be important for ∆H‡ (𝛽/∑𝛽 266 

= 27.3%). The parallelism between T∆S‡ and ∆H‡ model features corresponds to the EEC effect 267 

observed in Fig. 3C. However, ∆H‡ is influenced by ion polarizability ( 𝛽/∑𝛽  = 36.1%) 268 

substantially more than T∆S‡ is (𝛽/∑𝛽 = 6.5%). The selection of ion polarizability indicates that 269 

dehydration mechanisms are important as ion polarizability indirectly describes an ion’s response 270 

to the environment permittivity and its ability to dehydrate into other media (additional discussion 271 

in Supplementary Materials) (17). It has also been shown previously that this parameter is 272 

paramount for understanding ion transport across organic–water interfaces (34). The shedding and 273 

reorganization of water molecules during dehydration or binding interactions has been suggested 274 

as a ubiquitous source for EEC in water-mediated processes (35).  275 

The apparent equivalence of the EEC tradeoff results in an almost net-neutral output, where 276 

∆G‡ varies by only ~8 kJ mol-1 despite T∆S‡ and ∆H‡ each spanning a range of roughly 40 kJ mol-277 
1 between all anions (Fig. 3B-C). Similar EEC behavior has been observed in biomolecular ligand 278 

recognition (29). This behavior, sometimes termed the “window effect,” may be the consequence 279 

of the transport process having a finite heat capacity and could explain the limited role of interaction 280 

properties in determining overall ion transport (Fig. 4G) (36). Ion electrostatics are instead the most 281 

important feature category for ∆G‡ (𝛽/∑𝛽 = 75.3%). Although the anions studied here possess the 282 

same formal charge, the importance of electrostatics in ion selectivity may stem from the influence 283 

of non-uniform charge distributions across polyatomic ions, which are critical to molecular 284 

interactions, such as hydrogen bonding or dehydration (21, 37). Confined ion-membrane 285 

interactions and polarizability account for 19.7% and 4.9% of the total feature importance, 286 

respectively. The strong correlation between ∆G‡ and permselectivity (Fig. 3B) signifies that these 287 

features are critical for distinguishing anions during selective transport. Notably, bulk solvation 288 

properties were not selected as important features for ∆G‡ (table S9). Our model correctly predicts 289 

a higher ∆G‡ for ClO3- compared to Cl- due to the greater electrostatic potential variance across the 290 

surface of ClO3-. This counters expectations from previous interpretations on the role of bulk ion 291 

solvation in transport (9-12), which would predict a higher ∆G‡ for Cl- corresponding to its larger 292 

hydration energy. 293 

[INSERT FIG. 4] 294 

DISCUSSION 295 
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Despite recent optimism surrounding the use of TST to understand the molecular mechanisms of 296 

solute transport in membranes from an entropy and enthalpy perspective (3), we find that EEC may 297 

limit this possibility. Entropy and enthalpy are intricately intertwined. The compensation between 298 

the two can complicate the interpretation of thermodynamic signatures, consequently obscuring the 299 

physics underlying the observed data (29). Therefore, determining the appropriate membrane 300 

modifications and design approach to tailor ion selectivity is not straightforward. Previous studies 301 

have called for using insight from EEC to guide ligand design (38, 39), but this strategy has 302 

demonstrated limited utility (29). Our results show that designing membrane channels and matrices 303 

from a free energy perspective is more suitable for achieving ion selectivity in nanoporous 304 

membranes.  305 

Further, we find there are more important components that influence free energy barriers during 306 

ion permeation. In particular, the relationship between the pore and the ion electrical properties are 307 

critically important, despite the relatively uncharged nature of the CA membrane (40). The 308 

implications of this finding may extend to membrane design. Given the observed importance of 309 

electrostatics for predicting ∆G‡, we postulate that increasing the charge density of the membrane 310 

may enhance its ion-ion selectivity. This relies on the assumption that increasing the charge density 311 

would not substantially alter the steric environment of the membrane via excessive swelling. 312 

However, a trade-off between ion-ion selectivity and charge density likely exists, as was found 313 

between water-salt selectivity and charge density in nanoporous polyamide membranes (15). 314 

We interpolated a monovalent anion not used in the training set (azide, N3-) to further assess the 315 

predictability of the ∆G‡ model. The predicted ∆G‡ (36.45 kJ mol-1) and permselectivity (PW/PS = 316 

91) for N3- coincide extraordinarily well with its measured values: 36.51 ± 0.26 kJ mol-1 and 92 ± 317 

9, respectively (table S10). This finding corroborates the predictability implied by its low MAE and 318 

suggests our model successfully captures the critical features for differentiating monovalent anion 319 

transport. We extended our interpolation to sulfate (SO42-) to assess the model’s predictability 320 

beyond monovalent anions. The predicted ∆G‡ of SO42- (36.56 kJ mol-1) suggests that SO42- should 321 

be able to permeate the CA membrane more readily than Cl- (∆G‡ = 37.76 kJ mol-1). However, this 322 

is counter to experimental observations, which show SO42- rejection significantly higher than Cl- in 323 

nanoporous CA membranes (41). Unsurprisingly, this signifies that the model can interpolate well 324 

but struggles to extrapolate to new trends it has not yet seen. Adding data for divalent ions will 325 

extend the promise of this approach by providing key features that are likely necessary for 326 

comparing transport between ions of varying valency, such as the total valence or charge density.  327 
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The results and data produced herein are specific to the nanoporous cellulose acetate membrane 328 

investigated in this study. Nonetheless, our findings show that advanced statistical techniques and 329 

machine learning can be applied to elucidate molecular mechanisms that govern selective ion 330 

transport. Such techniques allow for incorporating a wide array of variables rather than focusing on 331 

a readily available few. This approach can also provide more insight into the nature of selective 332 

transport in complex environments, such as highly cross-linked and inhomogeneous polymer 333 

membranes. Our findings represent an essential step toward the ability to design membranes with 334 

ultrahigh ion selectivity. 335 

MATERIALS AND METHODS 336 

Materials and chemicals 337 

A CK-series commercial cellulose acetate (CA) NF membrane (GE Osmonics, Minnetonka, MN), 338 

with a reported molecular weight cut-off (MWCO) of ~2000 Da was used for filtration tests. To 339 

abate experimental variation from roll-to-roll processing variability, all CA membranes tested in 340 

this study were produced from the same batch (Lot #3CK00009). The membranes were received as 341 

flat sheet samples and were gently washed with deionized (DI) water to remove any preservatives. 342 

Membranes were stored in DI water at 4 °C. All sodium-based monovalent salts (≥ 99%) used for 343 

anion rejection tests were purchased from Sigma-Aldrich (St. Louis, MO). 344 

Membrane characterization  345 

The average pore size of the NF membrane was estimated by the hindered transport model, which 346 

accounts for steric exclusion as well as hindered convection and diffusion of neutral organic solutes 347 

(42). We employed erythritol, xylose, and dextrose (≥ 99%, Sigma-Aldrich, St. Louis, MO) as 348 

neutrally charged, low molecular weight organic tracers (43). Prior to testing, CA membranes were 349 

compacted in DI water under 12.1 bar of hydraulic pressure for 12 h. After compaction, 50 mg L-1 350 

as total organic carbon (TOC) of the organic solute was circulated in the membrane system. 351 

Permeate samples were collected at 1.38, 4.14, 6.89, and 9.65 bar applied pressure with a crossflow 352 

velocity of 21.4 cm s-1 and feed solution temperature of 25.0 ± 0.5 °C (fig. S10A). The permeate 353 

samples were taken after the system was allowed to equilibrate for 30 min at each pressure. Solute 354 

rejection was determined by analyzing permeate and feed samples for TOC (TOC V-CSH, 355 

Shimadzu Corp., Kyoto, Japan). Further details on the pore size estimation can be found in the 356 

Supplementary Materials.    357 

The asymmetric structure of the membrane cross-sections was characterized by scanning 358 

electron microscopy (SEM, SU-70, 5 kV, Hitachi, Tokyo, Japan) (fig. S10B). Samples were sputter 359 
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coated with 2 nm of iridium (208HR Sputter Coater, Cressington, Watford, UK) to improve sample 360 

conductivity during SEM. Images were captured at 1,200× magnification.  361 

Nanofiltration system and anion rejection experiments 362 

A custom-built 3-cell bench-scale filtration system operating in crossflow mode with a flat sheet 363 

membrane cell was used for salt rejection and water permeability tests (fig. S11). The crossflow 364 

velocity and effective membrane surface area were 21.4 cm s-1 and 20.0 cm2, respectively. Retentate 365 

and permeate were recirculated between the feed tank and the membrane cells. Prior to filtration 366 

experiments, membranes were compacted in DI water under 12.1 bar of hydraulic pressure for 12 367 

h. Unless stated otherwise, all filtration experiments were performed with an applied inlet pressure 368 

of 6.89 bar to avoid compaction effects that may influence membrane performance. Pure water 369 

permeability was determined with only DI water circulating in the system. The feed solution 370 

temperature was kept constant at 22.0 ± 0.5 °C during compaction and pure water filtration 371 

experiments. Feed solution temperature was varied for anion rejection experiments from 16 to 34 372 

± 0.5 °C at 6 °C increments. All experiments were operated at pH 5.8, excluding those conducted 373 

with sodium hypochlorite (NaOCl) and sodium bicarbonate (NaHCO3). Filtration experiments with 374 

NaOCl and NaHCO3 were carried out at pH 9 and pH 8.4, respectively, to ensure monovalent 375 

anionic speciation. Permeate and feed samples were collected after the system was allowed to 376 

equilibrate for 30 min.  377 

Observed salt rejection (Robs) was determined by comparing the salt concentration in the feed 378 

(Cf) and permeate (Cp) solutions (Robs = 1 - Cp/ Cf). We used a Cf of 2 mmol L-1 for all filtration 379 

experiments. Salt flux (JS, mol m-2 h-1) across the membrane was determined by coupling the 380 

measured water flux (JW, L m-2 h-1) with Cp (JS = JWCp). By considering the concentration difference 381 

across the membrane, we can extract the salt permeability coefficient, B (L m-2 h-1), from the 382 

relation B = JS /∆Cm. Here, ∆Cm is the difference in the salt concentration between the permeate 383 

and feed-side membrane surface, which can be determined by accounting for concentration 384 

polarization in the diffusive boundary layer (details in Supplementary Materials). 385 

The intrinsic water/salt permselectivity (PW/PS) is an inherent material property (i.e., it is 386 

operation independent) that was used to compare the ability of the membrane to discriminate the 387 

various ions investigated in this study (4, 40): 388 
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where Rg, T, and 𝑉%! are the ideal gas constant (83.145 cm3 bar K-1 mol-1), absolute temperature 390 

(298.15 K), and molar volume of water (18 cm3 mol-1), respectively. The driving force is described 391 

by the difference between the applied hydraulic pressure (ΔP, bar) and transmembrane osmotic 392 

pressure (Δπ, bar). A value of 100 L m-2 h-1 was assumed for the overall feed-side mass transfer 393 

coefficient (kf) and the feed-side mass transfer coefficient for the solute of interest (ksol) (4). 394 

Measurement of anion transport energetics 395 

Transport energy barriers were assessed using transition state theory (TST), which describes a rate 396 

constant (k, s-1) in terms of entropic (∆S‡) and enthalpic (∆H‡) barriers (i.e., activation energies) 397 

and can be extended to solute permeability (3, 26, 44): 398 

  (2) 399 

where δ is the membrane thickness (m), λm is the average distance between energy minima (m) as 400 

permeating molecules hop between sites within the membrane (details in Supplementary Materials), 401 

κ is the transmission coefficient (assumed as unity) (44), kB is the Boltzmann constant (1.381 ×10-402 

23 J K-1), and h is the Planck constant (6.626 ×10-23 J s). The entropic barriers are accessible by 403 

taking the y-intercept of the linearized form of Eq. 2 (3). Similarly, enthalpic barriers are determined 404 

from the slope of the linearized equation and can be related, in principle, to the Arrhenius activation 405 

energy, Ea, by a factor of RT (i.e., Ea = ∆H‡ + RT) (26). 406 

First-principles molecular dynamics (FPMD) simulations 407 

We carried out FPMD simulations to probe the bulk solvation properties of ions in the chlorate 408 

series. Specifically, all solutions were modeled by periodic cubic cells consisting of 63 water 409 

molecules and a single solvated ion, with the excess charge compensated by a uniform background 410 

charge. The size of the cells was chosen to yield the experimental density of liquid water under 411 

ambient conditions. The simulations were carried out using Born–Oppenheimer MD with the Qbox 412 

code (45), with the interatomic force derived from DFT and the Perdew, Burke, and Ernzerhof 413 

approximation for the exchange-correlation energy functional (46). The interaction between 414 

valence electrons and ionic cores was represented by norm-conserving pseudopotentials (47), and 415 

the electronic wave functions were expanded in a plane-wave basis set truncated at a cutoff energy 416 

of 85 Ry. All hydrogen atoms were replaced with deuterium to maximize the allowable time step, 417 

which was chosen to be 10 atomic units. The equilibration runs were carried out at an elevated 418 

temperature of T = 400 K to recover the experimental water structure and diffusion, while also 419 

providing a good description of the ion solvation at room temperature (48). For the analysis of 420 
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structural properties, the statistics were collected over 45 ps microcanonical simulations after an 421 

equilibration run of 15 ps. 422 

Based on the simulations, we evaluated the strength of the hydration shell of the anions (Esol) 423 

using cluster calculations. Specifically, Esol was approximated as the binding energy of the ion–424 

water clusters, X–(H2O)n, where X– corresponds to the anions and n is the number of water molecules 425 

in the first ion solvation shell. Here, the strength of the ion hydration shell is estimated as Esol = 426 

E(X–(H2O)n) – E(X–) – E((H2O)n), where E(X–(H2O)n), E((H2O)n), and E(X–) are the energies of the 427 

X–(H2O)n and (H2O)n clusters, and the ion X– in vacuum, respectively. The calculation was carried 428 

out with a uniform positive background charge to neutralize the system, with Markov–Payne 429 

correction to account for spurious interactions between periodic images (49). The final values of 430 

Esol were obtained by averaging the results over 500 configurations of X–(H2O)n clusters extracted 431 

directly from the corresponding simulations. For each cluster, the number of water molecules was 432 

determined using the distance cutoff as the first minimum of the ion–oxygen radial distribution 433 

functions (RDFs) of the ions. This distance cutoff represents the hydrated radius of the ion. 434 

Property curation and feature selection models 435 

We collected ionic properties and descriptors from previously published work (table S5), 436 

information extracted from ion SMILES strings in the RDKit package (50-52) (table S6), and DFT 437 

simulations conducted herein (tables S7-8). DFT simulations were performed with a developmental 438 

version of GPU-accelerated TeraChem v1.9 (53, 54). The B3LYP (55-57) global hybrid functional 439 

with semi-empirical D3 dispersion correction (58-61) was employed with an LANL2DZ (62) 440 

effective core potential basis set for heavy atoms (i.e., Br, I, and Mn) and the 6-31G* basis for all 441 

other atoms. Relative properties of the ions are expected to be insensitive to this functional/basis 442 

set choice. For isolated ion calculations, properties (table S7) were computed in both the gas phase 443 

and a dielectric approximating water in bulk (e = 78) and under confinement (e = 30) (63) using the 444 

C-PCM solvation model (64, 65), as implemented in TeraChem (53, 54). The cluster of the CA unit 445 

structure was modeled to study the interaction between ions and the CA (fig. S7). To ensure we 446 

sample equivalent CA effects for each ion, geometry optimizations of ions are carried out with the 447 

CA fixed. The initial positions of the ions are only considered over the acetyl groups and the 448 

tetrahydropyran rings, which carry the most negative and positive charges, respectively, and are 449 

therefore assumed to represent the most and the least favorable binding sites for the anions (fig. 450 

S7). Ion-CA interaction properties (table S7) were obtained under two dielectric constant 451 

environments to represent interactions in bulk water (e = 78) and under confinement (e = 30) (63), 452 

similar to the isolated ion calculations.  453 
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Recursive Feature Addition (RFA) that adds features sequentially to the target model (66) to 454 

eliminate less informative features was used for building the linear regression model for all the 455 

properties. The models are judged by Leave-One-Out Cross Validation (LOOCV) (67), and the 456 

mean absolute error (MAE) is used to estimate the model’s performance. Consistent with a typical 457 

RFA approach, at each iteration, the linear regression model implemented in scikit-learn (68) is 458 

trained with a new feature set, and a descriptor is kept only if adding the new feature yields a 459 

decrease in the MAE of >1% (fig. S12). For the selected subset of features, the feature importance 460 

is ranked by the absolute coefficient in the linear regression model (table S9). The absolute 461 

coefficient determined for each feature is obtained by averaging the absolute coefficients of the 18 462 

linear regression models generated during LOOCV. We also evaluate the L1-regularized, least 463 

absolute shrinkage and selection operator (LASSO) linear least-square regression (69) to train the 464 

model for feature selection as implemented in scikit-learn (68). The regularization hyperparameter 465 

l was obtained with grid search in the range [1e-8, 1e-4]. The optimized hyperparameters, MAE, 466 

and two model’s performance comparison for target properties are compared in table S11. 467 

 468 
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Supplementary material for this article is available at URL 470 
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 692 

FIGURES AND TABLES 693 

 694 
Fig. 1. Assessing bulk ion solvation as a primary metric for ion selectivity in nanoporous membranes. (A) 695 
Permselectivity of all 18 anions investigated compared to their hydration energies, ∆GHyd (table S1). All hydration 696 
energies used in this analysis were obtained from ref. (17). (B-C) Two-dimensional projection distributions of water 697 
hydrogens surrounding (B) chloride, Cl-, and (C) hypochlorite, ClO-, ions. The scale bar represents the normalized 698 
density of water hydrogens, where the values correspond to the percentage probability of finding a hydrogen per nm2. 699 
(D) H-bonding probability density functions (PDFs) for Cl-, and the chlorine (Cl) and oxygen (O) atoms in ClO-. 700 

 701 
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 702 
Fig. 2. Role of anisotropic solvation in ion selectivity. (A) FPMD simulations of ion solvation. Three-dimensional 703 
rendering of solvation shells for several ions in the chlorate series (top) provides a qualitative view of anisotropic ion 704 
solvation. Oxygen, hydrogen, and chlorine atoms are represented by red, blue, and cyan colors, respectively. These 705 
three-dimensional renderings are based on the probability density function of H-bonds forming between water 706 
molecules and the ions of interest (bottom). (B) Calculated solvation properties of ions in the chlorate series, determined 707 
from FPMD simulations (see Methods). (C) Improvement of the linear regression fit—defined as the normalized 708 
increase or decrease in the R2 value from the linear regression with ∆GHyd—for describing the permselectivity of ions 709 
in the chlorate series based on ion-water binding energy (∆GB) or rHyd.   710 

 711 

 712 
Fig. 3. Role of energetic barriers in ion transport across nanoporous membranes. (A) The energetic costs of 713 
dehydration into confined water parallels an ion transferring from water to a non-aqueous low-dielectric solvent (top). 714 
The free energy and enthalpy for various ions investigated (bottom) illustrates the importance of entropy in the 715 
dehydration process. (B) Water-salt permselectivity of all 18 anions investigated compared to their measured free 716 
energy barriers, ∆G‡, at 22 °C. (C) Correlation between measured ∆H‡ and T∆S‡ for all 18 anions investigated at 22 717 
°C. Datapoints colored cyan and red correspond to entropically- and enthalpically-governed transport, respectively. 718 
Error bars represent standard deviations of samples taken in triplicate.  719 

 720 
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 721 
Fig. 4. Elucidating the molecular features that influence anion transport thermodynamics. (A) Schematic 722 
representation of data sourcing 126 features from cheminformatics (CI), density functional theory (DFT) simulations, 723 
and literature (left), and classifying them by qualitative categories related to ion or ion-membrane interaction properties 724 
in bulk or confined water (right). Macroscopic properties (M) represent measured values from literature that can 725 
indirectly relate to any of the other categories, occasionally overlapping several. (B-D) Accuracy of machine learning 726 
models for ion (B) ∆H‡, (C) T∆S‡, and (D) ∆G‡. Accuracy is measured by the mean absolute error (MAE). ∆G‡ 727 
predictions for N3- and SO42- are displayed as grey diamonds in panel d. (E-G) Relative makeup (i.e., % contribution) 728 
of qualitative feature categories for anion (E) ∆H‡, (F) T∆S‡, and (G) ∆G‡ models. ∆H‡, T∆S‡, and ∆G‡ models consist 729 
of 11, 11, and 5 total features, respectively. Two “(M)” labels were provided in panel e to highlight that the macroscopic 730 
properties selected were related to polarizability and interaction properties. 731 




