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ARTICLE INFO ABSTRACT

Editor name; Dr. Junyong Zhu Semi-batch reverse osmosis (SBRO) increases water recovery while producing high-quality permeate for water
reuse. However, SBRO operation is often constrained by calcium sulfate (CaSO4) scaling during the treatment of
industrial and municipal effluents for water reuse. Because permeability decline under scaling conditions arises
from complex interactions between feed and hydrodynamic conditions, its interpretation remains challenging.
This study analyzes CaSOj4 scaling-induced permeability decline in SBRO using machine learning (ML). A 7307 x
16 dataset comprising 12 experimental sets was obtained using a pilot-scale SBRO unit equipped with a 2.5-in.
spiral-wound RO element and operated at 90% water recovery. Correlation analysis indicated that feed variables
exhibited strong negative correlations (up to r = —0.87) with normalized temperature-corrected water perme-
ability (Arc/Arc,0). In contrast, the effects of operating variables, such as feed hydraulic pressure (Py), feed flow
rate (Qp), and permeate flow rate (Q,), on Arc/Arc,o were not clearly identified by correlation analysis because
these variables were controlled discretely. To identify the main variables associated with CaSO4 scaling-induced
Arc/Arco decline in SBRO, several ML models were trained without temporal variables. The Matern 5/2
Gaussian process regression model (R? = 0.998), coupled with Shapley additive explanations, indicated greater
contributions of operating variables than feed variables to the predicted Ayc/Arc within the investigated
dataset. These statistical relationships are consistent with the non-ideal flow behavior of the spiral-wound RO
module and the dynamic operating characteristics of SBRO. Finally, increasing Qs and Q, was proposed as a
process strategy to limit CaSO4 scaling-induced A7c/Arc, decline in SBRO.
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surface or brackish water treatment. Water reuse also relies on reverse
osmosis (RO) to produce high-quality reclaimed water while presenting
relatively lower SEC and reduced environmental burden [4]. However,
the water recovery of RO is still constrained by flow design limitations
and the progressive reduction in effective driving pressure along the

1. Introduction

Growing freshwater scarcity has increased reliance on nontraditional
water sources. Accordingly, seawater desalination and water reuse have

emerged as important alternatives [1]. Seawater desalination enhances
water availability by producing freshwater from seawater, whereas
water reuse enhances local water availability by reclaiming treated
municipal or industrial wastewater. Although the specific energy con-
sumption (SEC) of seawater reverse osmosis (SWRO) has decreased from
3.5-4.5 kWh/m? to approximately 2.8 kWh/m? in recent desalination
plants [2,3], its energy demand remains significantly higher than that of

membrane [5,6]. Consequently, high-recovery RO processes are critical
for enhancing water production efficiency and reducing concentrate
discharge in sustainable water reuse [7].

Semi-batch reverse osmosis (SBRO) is considered an emerging
approach to increase the recovery of RO under brackish conditions
[8,9]. In SBRO, a portion of the concentrate is pressurized and recycled
to mix with the fresh feed, allowing for a single-stage configuration that
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Nomenclature Q Permeate flow rate[L/h]
R Ideal gas constant[L bar/mol K]
Symbol Description [Unit] SI Saturation index (in the bulk feed)[—]
T

A Water perrneability[L/m2 h bar]

A/Ap Normalized water permeability[—]

Arco Temperature-corrected water permeability [L/m? h bar]
Arc/Arco Normalized temperature-corrected water permeability

[-]

A Membrane area[m?]

CF Concentration factor[—]

CPF Concentration polarization facto[—]
Jw Water flux[L/m? h]

Ky Solubility product[molz/Lz]

M Molecular weight[g/mol]

Mcaciz  Molecular weight for CaCl,[g/mol]

Mpaz2so4 Molecular weight for Na;SO4[g/mol]

Neycles Number of cycles[—]

P Hydraulic pressure[bar]

Py Feed hydraulic pressure[bar]
Q Flow rate[L/h]

Q. Concentrate flow rate[L/h]
Qr Feed flow rate[L/h]

Qtfresh  Fresh feed flow rate[L/h]

Feed temperature[K] or [°C]

T Feed temperature at the membrane[K] or [°C]
T, Feed temperature in the tank[K] or [°C]

TDSy Feed total dissolved solids[mg/L]

\% System volume[L]

Y Element recovery[%]

i Effective ionization coefficient[—]

k EC-TDS conversion constant[(mg/L)/(uS/cm)]
DPH¢ Feed pH[—]

r Pearson correlation coefficient[—]

teycle A cycle time[min]

top Operation time[min]

w Mass fraction[—]

Weaci2 Mass fraction for CaCly[—]

Wna2so4 Mass fraction for NasSO4[—]

Kf Feed electrical conductivity[pS/cm]

Kp Permeate electrical conductivity[puS/cm]

T Osmotic pressure[bar]

T CaCl2 Osmotic pressure for CaCl,[bar]

nazso4 Osmotic pressure for NaySOy4[bar]

concentrates the feed while continuously producing permeate [10]. The
use of RO membranes in SBRO enables the production of high-quality
permeate for water reuse by effectively removing dissolved solids,
organic matter, and microorganisms [6,11]. Theoretically, SBRO can
achieve a higher recovery with comparable or lower SEC than conven-
tional RO [12]. Thus, SBRO can be utilized as a leading pathway toward
high-recovery RO in water reuse [13]. For a more practical approach, a
two-year SBRO demonstration treating RO concentrate achieved stable
operation, extended clean-in-place intervals, and increased overall plant
recovery from approximately 85% to 91% without compromising
permeate quality [11]. A modified SBRO configuration has also been
conceptualized and tested to enhance energy efficiency and operational
performance [6,10].

However, operating SBRO at high recovery remains challenging due
to scaling formation during the process [14] (Fig. 1). High-recovery
operation with concentrate recirculation increases the concentration
of sparingly soluble ions, leading to scaling once the ion activity product
exceeds the solubility limit of the salt [15]. As the concentrate becomes
more enriched, local supersaturation near the membrane surface further
intensifies scaling risk. In SBRO, cyclic salinity rise toward the end of
each concentration phase promotes rapid nucleation and crystal growth
of salts, rendering scale control a critical factor for system stability and
recovery optimization [16]. Moreover, flushing strategies influence
concentration overshoot and filtration duration, thereby affecting
scaling propensity in SBRO systems [17]. Scaling raises hydraulic
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resistance and transmembrane pressure, accelerates flux decline, and
reduces membrane lifespan, ultimately constraining both recovery and
energy efficiency [18,19]. Even with antiscalant dosing, scaling
remained the principal constraint on recovery [20].

Calcium sulfate (CaSO4 or gypsum) is one of the major scaling
minerals in high-recovery RO. Feed sources for water reuse, including
industrial or municipal effluents, typically contain elevated Ca®" and
SO%, and CaSO, precipitation severely impairs RO system performance
by decreasing water permeability (A) [21,22]. Experimental compari-
sons revealed shorter CaSO,4 induction times and higher nucleation rates
in SBRO compared to RO at the same recovery, as its operation reaches
higher transient supersaturation before flushing [23]. Understanding
CaSO0y4 scaling is essential to optimize antiscalant dosage and operational
strategy while enabling sustainable high-recovery RO design [24].
However, scaling involves numerous nonlinear interactions among
various variables, including feed conditions, hydrodynamics, and
membrane properties.

Machine learning (ML) offers a systematic approach for identifying
nonlinear relationships among variables associated with membrane
performance degradation. It captures complex, nonlinear interactions,
integrates multivariate datasets, and reveals hidden patterns in scaling
behavior that exceed the capabilities of conventional numerical models
[25]. ML can predict performance degradation and scaling tendencies in
RO systems [26]. Previous studies have developed empirical and data-
driven models to predict membrane performance decline in

Key advantages

» High water recovery
* RO permeate for water reuse

Primary challenge

» Scaling formation
- Reducing achievable recovery
- Increasing energy consumption

Fig. 1. Scheme of SBRO with its key advantages and principal challenge.
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conventional RO systems. An empirical model was developed to predict
the decline in water permeability using 10 years of operating data from a
full-scale brackish water reverse osmosis (BWRO) plant [27]. A
nonlinear recurrent neural network (RNN) with long short-term memory
(LSTM) architecture was combined with a solution-diffusion model to
predict long-term performance in a BWRO system [28]. However, pre-
vious studies focused on performance prediction under conventional RO
conditions, while variable contributions under the dynamic conditions
unique to SBRO remain largely unexplored. Although a recent study
applied LSTM to SBRO for performance prediction and control, it did not
address scaling-related interpretation [29]. To address this gap, inter-
pretable ML using Shapley additive explanations (SHAP) provides an
approach for identifying the contributions of individual variables to
model predictions [30]. Accordingly, SHAP provides a suitable
approach for interpreting these contributions under dynamic SBRO
conditions.

This study analyzes CaSO4 scaling-induced permeability decline in
SBRO for high-recovery water reuse through ML interpretation. First,
SBRO operational data are analyzed to examine the interactions among
variables and clarify their mutual effects on normalized water perme-
ability (A/Ap) and normalized temperature-corrected water perme-
ability (Arc/Arco). The response of each variable to Arc/Arco is
identified, followed by a case analysis to examine the dominant vari-
ables. To address the nonlinear complexity and interdependence among
variables, various ML models are evaluated for subsequent interpreta-
tion. SHAP analysis is then applied to identify the contributions of in-
dividual variables, and the effects of the most influential variables on
Arc/Arc, are further investigated. Based on the results, potential SBRO
process control strategies for limiting scaling-induced Arc/Arc,o decline
are proposed.

2. Materials and methods
2.1. SBRO experiment

2.1.1. SBRO system

The SBRO experiments were conducted using a pilot-scale RO system
(Fig. 2) manufactured by Shanghai Langji Membrane Separation
Equipment Engineering Co., Ltd. (Shanghai, China). The capacity of the
system can reach up to 100 L/h (2.4 m3/d) depending on the permeate
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flow rate (Qp). The system enabled flexible control of SBRO operating
conditions, facilitating its use for scaling studies. The system incorpo-
rated a programmable logic controller (PLC) for frequency regulation
and data acquisition. All operating variables were automatically recor-
ded at 11 s intervals and exported for subsequent ML interpretation. It
was equipped with an integrated monitoring platform that continuously
records pH, electrical conductivity (EC, «), feed temperature (T), hy-
draulic pressure (P), and flow rate (Q). A high-pressure pump (HPP) with
a variable frequency drive (VFD) ensured stable operation at constant
permeate production under a maximum pressure of 50 bar. A single 2.5-
in. spiral-wound RO membrane element (SW30-2540, Dupont) was
installed. This membrane is suitable for both seawater and brackish
water desalination, depending on the operational requirements. During
SBRO operation, the fresh feed flow rate (Qsfesn) Was supplied by a
booster pump (BP) at the same rate as Qp, thereby sustaining a system
volume (V) of 4 L to represent the closed-circuit (CC) phase. The
concentrate flow rate (Q.) was recirculated to the feed tank without
boosting P.

2.1.2. SBRO operation

The simulated ionic composition conditions were designed to
approximate environments that promote CaSOj4 scaling under industrial
or groundwater reuse conditions [31,32]. Calcium chloride anhydrous
(CaCly, Mcqaciz = 110.98 g/mol) was dissolved to achieve a concentra-
tion of 138.5 mg/L, corresponding to 50 mg/L of Ca®*, and sodium
sulfate (NapSO4, Mng2so4 = 142.04 g/mol) was added at 148 mg/L,
yielding 100 mg/L of SOZ™. The solution was concentrated from an
initial conductivity of approximately 610 pS/cm to over 6000 pS/cm
using the SBRO system, corresponding to approximately 90% recovery.
The pH of the feed solution was continuously adjusted to the desired
value using sodium hydroxide (NaOH) throughout the experiments.

The SBRO experimental conditions were designed using Latin hy-
percube sampling (LHS) to achieve broad coverage of the variable space
while minimizing sample clustering. This balanced design enabled sys-
tematic evaluation of operating variables on system performance. 12
experimental sets were generated to investigate the influence of multiple
variables on system performance (Table 1). Q, was controlled between
35 and 60 L/h, corresponding to a specific flux of 12.50-21.43 L/m?h.
Higher Q, led to fewer data samples because the target concentration
was reached more rapidly [33]. The HPP frequency was adjusted

Permeate
.‘
%, rreeerrrssnrrrn s
o
Concentrate Qr fresh
BP
Feed

Fig. 2. A pilot-scale RO system used for SBRO operation. Q. was recirculated within the SBRO system during the CC phases (solid line) and discharged once the target

concentration was reached (dotted line).
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Table 1
Experimental sets of SBRO with controllable input variables by LHS.
Experimental Q, [L/ Frequency of HPP PHy Number of data
set h] [Hz] [-] samples
1 36 40 8.9 849
2 38 39 9.8 869
3 41 33 7.9 816
4 51 30 9.2 583
5 47 36 9.3 549
6 43 36 7.8 589
7 55 34 9.7 460
8 48 32 8.8 524
9 42 38 8.3 805
10 53 35 8.1 460
11 57 31 8.6 465
12 59 37 9.5 338
Total 7307

between 30 and 40 Hz, affecting the feed flow rate (Qp) into the RO
module. The feed pH (pHy) [—] was regulated between 7.6 and 10.0, in
addition to studying the role of pH in CaSO4 scaling development. The
SBRO system automatically adjusted the feed hydraulic pressure (Py)
through the PLC to maintain a constant permeate production rate. It
should be noted that the system was cleaned before and after each
experiment to maintain consistent performance and to prevent any in-
fluence from residual solutes. Consequently, the temperature-corrected
water permeability (Ar¢) was maintained at 1.73 + 0.06 L/m? h bar.

2.2. Variable calculation

2.2.1. Osmotic pressure

EC reflects the ionic strength of an aqueous solution and is commonly
used as an indicator of total dissolved solids (TDS). However, a con-
version process is required to estimate TDS and osmotic pressure ()
from EC values. Although the conversion constant may vary depending
on concentration, the correlation between the feed TDS (TDSy) [mg/L]
and feed EC (xy) [uS/cm] obtained during solution preparation yielded a
constant k of 0.47 [(mg/L)/(pS/cm)] (Eq. (1)).

TDSf =kx Kr (1)

« [bar] of each solute was determined using the van't Hoff equation
(= = iCRT), where the effective ionization coefficient (i) [-] was taken
as 2.7, the ideal gas constant (R) as 8.314 x 1072 L. bar/mol K, and T as
298 K. Given that the mass fractions (w) [—] contributing to TDS were
0.483 for CaCl, and 0.517 for NaySO4, 7 of CaCly and NaySO4 were
calculated according to Eq. (2) and Eq. (3), respectively.

TDS f X Weacl,

T R W Rx T~ 291 x107* x TDS 2
X 10° x Meug, X R x X X g 2)

Tcacl, = 1

TDSf X WNa,504

T~ 2. 10~* x TD.
leOgXMNaZSO4><R>< 43 x 107" x TDSy 3

TINay S0, =

The feed 7 () [bar] was obtained by summing the individual 7 of the
solutes, which enabled the estimation of r directly from «f as described
in Eq. (4).

Tf = Tcacl, + Anays0, = 5.34 x 107 x TDS; = 2.51 x 107* x iy 4)
2.2.2. Saturation index
The saturation index (SI) in the bulk feed was considered the primary

indicator for scaling formation. SI for CaSO4 can be calculated using Eq.
(5), where Ky, [mol?/12] is the solubility product of CaSO4.

2 2—
s,_log<w> -
Ksp

The concentration of Ca?* and SO~ can be expressed as a function of
kf in Egs. (6)—(7). The logarithm of the ion product is expressed in Eq.
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®).
[Ca**] = %I\Zﬁf =205x10° x xf ®)
[s02] = %ﬂm =171 x10° x & %)
log([Ca®"][S03 ] ) = log(3.51 x 1012 x &) — 2logs; — 11.45 (8)

Although Ky, varies with T, the change in log K, within the SBRO
operational range is negligible. Therefore, the K, of CaSO4 at 25 °C,
taken as 2.4 x 107> molz/Lz, was used without accounting for T [34].
By combining Egs. (5) and (8), the SI can be expressed as shown in Eq.
9.

SI =log([Ca**][SOF ] ) — logK,, = 2logx; — 6.83 ©)

2.2.3. Derived variables

While several variables were directly recorded from the PLC system,
others were derived through subsequent calculations. These calculated
variables offered additional insight into the ML interpretation. Con-
centration factor (CF) [-] was defined as the ratio of &y to its initial
value, ko (Eq. (10)).

cF=" (10)
Kfv()
A cycle time (t;y) [min] was determined based on V [L] and Q. [L/
h] in Eq. (11). Also, the number of cycles (N¢ycs) [—] was determined by
dividing the operation time (t,p) [min] by t¢yce (Eq. (12)) and rounding
the result up to the nearest integer.

60V
tcycle = E (11)
t, tp Qe
Ncycles = tc:cple = OpV 12)

Qr [L/h] was calculated as the sum of Q, [L/h] and Q. (Eq. (13)). It
should be noted that Qresn [L/h] was equal to Q, in SBRO system (Eq.
(14)). Water flux (Jy) [L/m? h] was calculated by diving Q, by the
membrane area (A,;) [m?] (Eq. (15)), where A, is 2.8 m? fora single 2.5-
in. RO element. Using the element recovery (Y) [%] in Eq. (16), the
concentration polarization factor (CPF) [—] was calculated using Eq.
(17) [35]. A was calculated using Eq. (18) based on the solution-
diffusion model, where P and z of the permeate are neglected. The
calculated A was used for the A/Ag [—] calculation, where Ay is the
initial A value for each experiment. In addition, pressure drop across the
membrane module was not considered because a single RO element was
used. However, pressure drop can become significant in SBRO systems
when multiple RO membrane modules are installed in series within a
pressure vessel.

U=Q+Q (13)
Qs fresh = Qp a4
_%

Jw = A, (15)
Q

Y =-2x100 16
Q X (16)

CPF = 07 x— a7
=P\ P> 100
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B J _ o
T AP—CPFx Arx

(18)

P —25x10"% x exp(0.7 X %) X Kf

However, the temperature of the SBRO system increased during
operation due to heat generated by the HPP, which could lead to
misinterpretation of A. Therefore, a temperature correction factor (TCF)
[—] was employed as defined in Eq. (19), using the temperature at the
RO membrane (T,,) rather than that of the tank (T,). The ratio of
membrane activation energy to the gas constant (e/R) was assumed to be
2640 K for T, > 25 °C, and 3020 K for T;, < 25 °C [29]. Ar¢ was then
calculated from A and TCF using Eq. (20).

e 1 1
TCF = exp [1_2 (ﬁ‘mﬂ 19

Arc = A/TCF (20)

2.3. ML interpretation

2.3.1. Regression models

With a 7307 x 16 dataset prepared (Appendix A), ML-based
regression analysis and related statistical evaluations were conducted
using the Regression Learner App in MATLAB 2025a. This approach can
identify nonlinear correlations between input and output variables and
assess model performance in terms of predictive accuracy and
interpretability.

Since the most suitable model for interpreting the given dataset was
unknown, several regression models were applied for comparative
analysis. The models included basic linear regression, fine tree, and
support vector machine (SVM) variants, such as quadratic SVM (QSVM),
medium Gaussian SVM (MGSVM), and kernel-approximation methods
applied to SVM kernel. In addition, neural network (NN) models (e.g.,
medium neural network (MNN)) and Gaussian process regression (GPR)
variants, including Matern 5/2 GPR (M5/2GPR) and rational quadratic
GPR (RQGPR), were employed to capture complex nonlinear
relationships.

Tree models approximate nonlinear relationships through recursive
partitioning of the input space into regions fitted with simple local
models (e.g., piecewise constant or linear), with complexity controlled
by tree depth, minimum leaf size, and pruning [36]. SVM learns a real-
valued function in a high-dimensional feature space using an e-insensi-
tive loss function and kernel mapping. GPR captures smooth probabi-
listic relationships with quantifiable uncertainty, whereas NN
approximates nonlinear mappings through the optimization of layered
weights [37]. While several input variables are interdependent, SHAP
analysis was applied to quantify the relative contributions of individual
variables to model predictions [38].

2.3.2. ML model evaluation and selection

Selecting an appropriate ML model is critical for reliable SHAP and
partial dependence plot (PDP) analyses because different algorithms
vary in their ability to capture nonlinear relationships and handle noisy
or limited datasets [39]. Therefore, comparing multiple ML models
enables the selection of an algorithm that provides the best balance
between predictive accuracy, generalization, and interpretability [40].

As the dataset consisted of temporally correlated operational data for
Arc/Arc,0, random 5-fold cross-validation could overestimate predictive
performance. To address this limitation, leave-one-dataset-out (LODO)
evaluation was performed by excluding one complete experimental
dataset from model training and reserving it exclusively for testing. This
strategy provides a more stringent assessment of model generalization to
unseen operating conditions [41]. For example, experimental datasets
1-11 were used for training, whereas experimental dataset 12 was
reserved for testing (Appendix A; Table S1-S10). The LODO evaluation
was also conducted without temporal variables (e.g., tcycie and Neycles),
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thereby reducing the influence of time-dependent information (Appen-
dix A; Table S11-S19). This further minimized potential information
leakage and enabled a more reliable evaluation of model robustness and
interpretability.

Table 2 summarizes the predictive performance of the regression ML
models for Arc/Arco under both 5-fold cross-validation and LODO
evaluation without temporal variables. Model performance was assessed
using the coefficient of determination (RZ), root mean square error
(RMSE), and mean absolute error (MAE). Despite the removal of tem-
poral variables, the two GPR variants, M5/2GPR and RQGPR, achieved
the highest predictive performance (R? = 0.998 + 0.000) under 5-fold
cross-validation. In contrast, LODO evaluation yielded lower predic-
tive performance and greater variability (M5/2GPR: R? = 0.539 +
0.431; RQGPR: R? = 0.536 + 0.440). Lower predictive performance was
occasionally observed when the held-out dataset contained operating-
condition combinations absent from the training datasets (Appendix
A; Tables S11 and S12). In particular, the relatively large standard de-
viations reflected poor predictions for experimental datasets 3 and 5,
which strongly affected the variability across the 12 LODO iterations.

These results indicate that the developed models accurately pre-
dicted SBRO performance within the investigated dataset but exhibited
reduced generalization to unseen experimental datasets with different
operating-condition combinations. Given that the objective of the SHAP
and PDP analyses was to interpret variable effects within the investi-
gated dataset rather than to evaluate model generalization, the ML
models trained on the complete dataset without temporal variables were
used (Appendix A; Table S19). Accordingly, the SHAP and PDP results
can be interpreted within the investigated data range.

3. Results and discussion
3.1. Variable correlation

Unlike the steady-state operation of RO, the variables in SBRO are
inherently dynamic. The constantly changing interdependence among
feed conditions, hydrodynamics, and thermodynamic driving forces
ultimately affects A/Ap. Identifying these relationships is necessary to
understand the variables associated with permeability decline under
scaling conditions. The Pearson correlation matrix captured pairwise
linear associations and highlighted the dominant linkages, as indicated
by the Pearson correlation coefficients (r) (Fig. 3). The variables
exhibited higher correlations with Ar¢/Arc, than with A/Ao because the
TCF corrected temperature-induced changes in membrane permeability.

Table 2

Summary of 5-fold cross-validation and LODO evaluation performance of the
regression ML models without temporal variables. Values are presented as the
mean =+ SD across the 12 LODO iterations.

ML 5-fold cross-validation LODO evaluation
models 2 P
R[] RMSE MAE R[] RMSE MAE
[-1] [-1 [-] [-1]
M5/ 0.998 0.003 0.002 0.539 + 0.038 0.033
2GPR +0.000 +0.000 +0.000 0.431 +0.021 +0.018
RQGPR 0.998 0.003 0.002 0.536 + 0.038 0.033
+0.000 + 0.000 +0.000 0.440 +0.021 +0.018
MNN 0.996 0.004 0.003 —0.067 0.056 0.051
+ 0.000 + 0.000 + 0.000 + 1.047 + 0.031 + 0.032
Fine tree  0.990 0.007 0.004 0.468 + 0.041 0.036
+0.001  +0.001 +0.000 0.454 +0.018 +0.016
MGSVM 0.991 0.006 0.005 0.464 + 0.043 0.038
+ 0.001 + 0.001 + 0.000 0.401 + 0.021 + 0.017
SVM 0.982 0.009 0.006 —1.500 0.092 0.076
kernel +0.004 £ 0.001 +0.000 +1.542 +0.031 +0.024
QSVM 0.908 0.020 0.015 —-0.792 0.076 0.071
+0.029  +0.003 +0.003  +2.633 +0.071 +0.071
Linear 0.879 0.023 0.018 0.580 + 0.035 0.032
+0.014  +0.002 +0.001  0.440 +0.020  £0.019
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Fig. 3. Pearson correlation matrix of the variables. The correlations of variables with A/A, and A7¢/Azc,o were compared to identify the more appropriate indicator.

Higher temperature enhances Ar¢ by reducing water viscosity and
increasing water diffusivity across the membrane [42]. Therefore, Ar¢/
Arc,o was used as a more appropriate indicator of scaling behavior.

The temporal variables were strongly positively correlated with one
another. The correlation between t,, and Nyjes was 0.95 because Neycies
is a linear function of t,p, as defined in Eq. (12). As t,, increased, the feed
variables also exhibited strong positive correlations, including ¢ (r =
0.90), permeate EC (xp; r = 0.93), CF (r = 0.90), and SI (r = 0.83).
Despite the strong correlations among the temporal variables, their
correlations with Arc/Arco were slightly lower, with r values of
approximately —0.80.

Among the feed variables, the strongest correlations with Arc/Arco
were observed for 7 (r = —0.87) and CF (r = —0.87). SI also exhibited a
high negative correlation with Arc/Arco (r = —0.81), consistent with
the widely accepted role of SI in predicting scaling [36], although this
correlation was slightly weaker than those of s or CF. This correlation
could be further improved by considering the SI at the membrane sur-
face rather than in the bulk feed. T exhibited moderate correlations with
Arc/Arco (r=—0.61 and —0.74 for T, and Ty, respectively). T increased
during the initial stage due to heat input from the HPP and stabilized as
thermal equilibrium was reached. In contrast, pHy exhibited little cor-
relation with Arc/Arc,0, because CaSO4 scaling is relatively insensitive
to pHy within the investigated range, unlike calcium carbonate (CaCO3)
scaling [43].

Notably, the operating variables exhibited relatively weak correla-
tions with Arc/Arc,o. Py exhibited a strong positive correlation with Q,
and J,, (r = 0.86), as Py governs permeate transport, but only a weak
negative correlation with Arc/Arc,o (r = —0.31). In contrast, flow rates
exhibited moderate to negligible correlations with Ar¢/A1c. Qrand Q.
were moderately correlated (r = —0.49), whereas Q, and J,, displayed
negligible correlations (r = 0.08). Although Py and J,, were strongly
correlated (r = 0.86), only Py was weakly correlated with Arc/Azc,o,
whereas the correlation for J,, was negligible.

Overall, feed variables exhibited a strong inverse relationship with
Arc/Arc,o when TCF was applied, whereas operating variables exhibited
moderate to negligible correlations. However, Arc/Arc,o reflects com-
plex interactions among osmotic-pressure buildup, scaling kinetics, and
hydrodynamic factors, suggesting that pairwise correlations alone are
insufficient to characterize the nonlinear relationships underlying the
decline of ATC/ATC,0~

3.2. Variable response

The decline in Arc/Arc,o would result from complex and interde-
pendent interactions among multiple input variables. To gain deeper
insight into these relationships, a detailed trend analysis of each variable
with respect to Arc/Arc,o was conducted. The plots displaying mono-
tonic and parabolic patterns support the view that multiple competing
effects develop and evolve during operation (Fig. 4).

While A/A¢ exhibited a convex response to CF due to the initial
temperature increase during SBRO operation, Arc/Arc,o exhibited a
clear declining trend (Fig. 4a). In the early stage of SBRO, heat generated
from the HPP increased T;, and significantly increased A. As the oper-
ation time was extended to achieve higher CF, the system approached a
stabilized temperature. In other words, A/Ay did not increase mono-
tonically with CF because of the concentration process and temperature
variation. Consequently, temperature correction enabled a clearer rep-
resentation of the declining trend in Ar¢c/Arc,o (r = —0.87). Moreover, at
higher CF, osmotic pressure buildup reduced the effective driving
pressure and enhanced boundary-layer supersaturation, which pro-
moted the nucleation of sparingly soluble salts [44].

The response of Apc/Arc,o to SI formed a slight parabolic pattern and
exhibited an apparent decline when SI was positive (Fig. 4b). At un-
dersaturated conditions (SI < 0), CaSO4 precipitation is thermodynam-
ically unfavorable, and kinetics remain inhibited. Although SI became
positive, precipitation did not begin immediately because of the
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Fig. 4. Response of Arc/Arc, to variables in SBRO operation: (a) CF, (b) SI, (c) top, (d) Neycles, (€) Py, and (f) Jy. The second-order decline in A/Ao became more

pronounced after temperature correction, as reflected by Arc/Arc,o-

induction time, and Arc/Arc, did not decline dramatically. Once SI
increased further and crystallization kinetics became dominant, het-
erogeneous nucleation developed on the membrane surface, resulting in
arapid decrease in Arc/Arc,o [44]. The current trend (r = —0.81) would
be expected to become stronger if the SI at the membrane surface were
considered.

Arc/Atc,o progressively decreased for both t,, (r = —0.80) and Neycies

(r = —0.79) due to the cumulative effects of concentration polarization
(CP) and surface scaling during extended operation (Fig. 4c and d). Since
Neycles is inherently linked to t,, via Eq. (12), both variables exhibited
similar responses. This observation is consistent with previous reports
that prolonged operation promotes RO scaling [44]. Also, Arc/Arco
exhibited a concave downward trend with respect to both t,, and Neycles
(Fig. 4c and d), unlike CF and SI (Fig. 4a and b). This behavior arises
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because t,, and Ncyes are temporal variables, whereas concentration
dynamics govern CF and SI. At low CF or SI, the SBRO system requires a
longer time to reach highly concentrated conditions, whereas the resi-
dence time under such conditions is relatively short.

Operating variables such as Py and J,, presented weak correlations
with Arc/Arc 0, withr = —0.31 and r = 0.08, respectively (Fig. 4e and f).
Unlike feed variables, operating variables were discretely controlled
during SBRO. Consequently, their individual effects were not fully re-
flected in the correlation analysis. Therefore, further analysis was
required to isolate variable interactions and clarify their contributions to
Arc/Arc,o-

To gain a more comprehensive understanding of the influences on
Arc/Arco in SBRO, 200 representative data points corresponding to
high and low Ar¢/Arc o values were analyzed. This case-based approach
identified variables that enhance or diminish Ar¢/Arc, 0. Higher or lower
Arc/Arc,o values were associated with specific ranges of the variables
(Fig. 5). Feed variables such as x;, CF, and SI exhibited more distinct
ranges, whereas operating variables displayed overlapping ranges across
both Arc/Arco groups. Although variables within specific ranges
appeared to dominate SBRO operational sensitivity, further interpret-
ability analyses are required to clarify their contributions.

3.3. SHAP analysis

Data-driven interpretations should be supported by physical
reasoning and established physicochemical knowledge. Interpretable
ML techniques, such as SHAP, can complement traditional case-based
analyses by quantifying the marginal contribution of each variable to
Arc/Arc,0, while accounting for nonlinear interactions and coupled de-
pendencies. This approach enables a more systematic and objective
evaluation of variable importance within the investigated dataset,
clarifying overlapping influences that cannot be discerned through
conventional descriptive analyses. Among the ML models trained on the
complete dataset without temporal variables (Section 2.3.2), M5/2GPR
and MNN exhibited the highest R? values (Appendix A; Table S19) and
were therefore selected for comparison.

Operating variables exhibited greater contributions to the predicted
Arc/Arc,o than feed variables in the SHAP analysis. In the M5/2GPR
model, Py and Y emerged as the most influential contributors to the
predicted Arc/Arco (Fig. 6a). Higher Py and lower Y were associated
with lower SHAP values, indicating negative contributions to Ar¢/Arc,o.
Since Y is a function of Qr and Qp, these flow rates also emerged as
important contributors. Because Q, is proportional to Jy, its high SHAP
importance reflects the corresponding contribution of J,, to the model
prediction. Furthermore, operating variables accounted for 85.5% of the

--@- High Arc/Arco
@+ Low Arc/Arco

Temporal variables i - —9-188:12 min
i Neyres =0 o —{1-538
. o 0 — 596-6137 pSlcm
Kp = o o —0-80 pS/cm
CFl- o 0 —0.98-10.06
Feed variables Sl = o 61-1.28-0.75
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Fig. 5. Range of the relative values of each input variable under high and low
Arc/Arco conditions. Means are presented, with standard deviations (SD)
indicating variability. Actual value ranges are provided on the right y-axis.
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total SHAP importance, whereas feed variables accounted for only
14.5%. These results indicate greater contributions of operating vari-
ables than feed variables to the predicted Ar¢/Arc,o within the investi-
gated dataset [45,46].

The greater SHAP contributions of operating variables are consistent
with the non-ideal flow behavior associated with the spiral-wound RO
module configuration (Fig. 6a). In spiral-wound modules, surface crys-
tallization is favored under high-pressure and low-crossflow-velocity
conditions [47,48]. Higher Pyand lower Qs were associated with lower
SHAP values, following trends reported for scaling behavior. High Py
may also reflect cumulative transport effects, including residual solute
retention and incomplete flushing [49,50]. Moreover, axial dispersion
redistributes solute along the flow direction, moderating localized su-
persaturation and influencing scaling propensity [50,51]. In contrast,
feed variables were derived from bulk feed conditions and therefore may
not accurately represent membrane-surface concentrations [52]. These
reported physicochemical phenomena provide context for interpreting
the statistical relationships identified by SHAP, although processes such
as nucleation and crystal growth cannot be directly determined from the
analysis.

The MNN model yielded a similar result, although its interpretation
was less consistent with the physical behavior of the SBRO system
(Fig. 6b). Pr remained the most influential variable, followed by Qp, Y,
and Q.. However, several SHAP relationships were not physically
consistent. In particular, CF exhibited SHAP effects opposite to those of
kf, despite both variables representing the progression of concentration.
Moreover, the MNN model exhibited negative R? values in the LODO
evaluation (Table 2), indicating poor generalization to unseen experi-
mental datasets. Accordingly, SHAP results should be interpreted
alongside domain knowledge and within the range of the investigated
dataset [53].

3.4. SHAP dependence

The SHAP dependence plot from the M5/2GPR model indicated
consistent relationships of Prand Y with SHAP values, regardless of the
SI. The SHAP value for Py decreased from 0.26 to —0.23 as Py increased
from 7.5 to 14.3 bar (Fig. 7a). The association of higher P with lower
SHAP values may be related to enhanced CP and local solute supersat-
uration under elevated pressure conditions. However, the SI in the bulk
feed exhibited limited relevance, as high SI at low Py did not correspond
to a reduction in SHAP value. In contrast, the SHAP value increased from
—0.18 to 0.26 as Y rose from 4.2% to 12.0% (Fig. 7b). Higher Y corre-
sponded to greater Qy resn, Which delayed the rise in solute concentration
due to feed dilution.

Both Qf and Q, exhibited positive relationships with SHAP values,
while the effect of ST was negligible. As Qsincreased from 425.1 to 862.5
L/h, the SHAP value rose from —0.10 to 0.07 (Fig. 7c). This trend may be
associated with increased crossflow velocity at higher Qs which can
alleviate CP and local supersaturation near the membrane surface
[54,55]. Similarly, Q, showed a positive correlation, with SHAP values
increasing from —0.06 to 0.05 as Q, rose from 35.7 to 59.1 L/h (Fig. 7d).
This association was also consistent with the operational characteristics
of SBRO observed in the experimental data.

Overall, Py and Y were identified as the most influential variables
contributing to the predicted Arc/Arc,o. Lowering Py while increasing Y
may help limit Arc/Arco decline under the investigated conditions.
Moreover, since Qrand Q, are linked to Y, flow control should be further
evaluated as a potential strategy for limiting permeability decline. At the
same time, because a reduction in Q. during the CC phase has been re-
ported to lower SEC, increasing Y is also beneficial for energy savings
[33].

3.5. SBRO process control strategies

Based on the SHAP results, lowering Py and increasing Y were
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Fig. 7. SHAP dependence plots of four key operating variables on Arc/Arco based on the M5/2GPR model. The color bar indicates the intensity of SI.

considered potential operational strategies to limit the scaling-induced
decline in membrane permeability. This can be achieved by control-
ling the operating pressure or applying RO membranes with higher A.
However, in practice, operating pressure is typically adjusted to main-
tain target recovery and flow conditions, whereas membrane replace-
ment is infrequent due to system downtime and replacement costs. On
the other hand, the flow rate can be directly adjusted during operation.

Accordingly, non-redundant and controllable variables were selected to
evaluate their influence through a PDP analysis.

Increasing Qs can contribute to maintaining Arc/Arc,o during the rise
of Py (Fig. 8a). In the SBRO system, Py inevitably increases to counteract
the rise in 77 and sustain the net driving pressure. Although Py is a key
variable in the decline of Ar¢/Arc,0, reducing it during SBRO operation
remains challenging. An increase in Qs enhances crossflow velocity,
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which can reduce scaling-induced Arc/Arc,o decline [46,47]. Therefore,
increasing Qy could be considered when Arc/Arc declines as P rises.
However, N¢yces may increase as Q. increases with Qs while Q, is held
fixed (Eq. (13)), thereby elevating the pressure drop during the con-
centration phase and increasing the SEC.

With increasing Q, elevating Q, during the concentration phase can
be an effective strategy (Fig. 8b). A higher Q, improves Arc/Arc,0 by
enhancing Qs according to the operating principle of SBRO, which
promotes internal dilution and moderates the rate of concentration in-
crease [33]. Although a rise in Q, necessitates a corresponding increase
in Py, this operational adjustment shifts the trajectory diagonally upward
rather than horizontally toward lower Arc/Arco, thereby reducing
degradation of membrane performance. Under these conditions, con-
centration can progress while limiting the predicted decline in Ar¢/
ATQ 0-

This flow-control strategy could limit scaling-induced Arc/Arco
decline in SBRO. Initially, Qs should be increased, followed by a further
increase in Qp. The rate of increase in Q, must exceed that of Qs to
achieve a higher Y during the CC phase. This model-derived operational
strategy could provide a basis for future optimization of SBRO operation
under scaling-prone conditions. Furthermore, greater scaling accumu-
lation under high-recovery or prolonged operation may require higher
Qs and Q. However, such adjustments should be optimized within the
hydraulic and flow design constraints of the SBRO system. Nevertheless,
these strategies do not fully resolve fundamental issues such as residual
solute on the membrane and CP. Additional mitigation may be achieved
through pretreatment, antiscalant, and membrane surface modification
[56-58]. However, the optimal mitigation strategy depends on the type
of membrane scaling.

4. Conclusions

To enable high-recovery SBRO for water reuse, this study employed
ML to analyze CaSO4 scaling-induced permeability decline. Operational
data were systematically collected during the pilot-scale SBRO operation
under brackish water conditions. Variable interactions were analyzed,
ML-based interpretation was performed, and operational strategies for
SBRO were proposed. The main findings are outlined below:

e With temperature correction, feed variables exhibited strong nega-
tive correlations (up to r = —0.87) with Ayc/Arco. On the other
hand, operating variables displayed moderate or weak associations (|
r| < 0.5). The relatively low Arc/Arc,o was associated with complex
hydrodynamic interactions that were not captured by correlation

10

analysis. These findings indicate that correlation analysis alone was
insufficient to explain the nonlinear behavior of Ar¢/Arc,o.
Operating variables exhibited greater SHAP contributions to the
predicted Arc/Arc, than feed variables under the investigated con-
ditions. The M5/2GPR model identified Py and Y as the most influ-
ential contributors to the predicted Arc/Arc,o, followed by Qrand Q.
The MNN model also selected Py, Q,, Y, and Q. as important vari-
ables, although several SHAP relationships were not physically
consistent. Using the M5/2GPR model, SHAP dependence analysis
revealed that increasing Py decreased SHAP values, whereas
increasing Y, Qp, and Qs increased them.

As Py is determined by feed and operating conditions, flow rate
control can help limit scaling-induced Arc/Arco decline in SBRO.
Under elevated pressure conditions, increasing Qs can reduce the
decline in Arc/Arc,o. Likewise, increasing Q, can help maintain Arc/
Arc,o. Achieving a higher Y requires that the rate of increase in Q,
exceed that of Qy.

Although the analysis focused on CaSO4 scaling under specific sys-
tem conditions, it provides insights into the relative statistical contri-
butions of operating and feed variables within the investigated dataset.
Further validation across broader SBRO configurations and operating
conditions is required to assess the applicability of these relationships
and the practical effectiveness of the proposed operational strategies.
With larger, continuous operational datasets, temporal deep learning
models, such as LSTMs, could further improve model generalization.
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