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Abstract

The volumetric overall mass transfer coefficient (Koca) is a key design parameter in liquid-
liquid extraction columns, yet reliable prediction remains difficult for non-standard geometries.
This study applied machine learning to predict to predict Koca in an L-shaped pulsed sieve plate
extraction column using ANN, RF, and SVR models trained on experimental data from two
liquid-liquid systems. The ANN model achieved the highest accuracy, with a test R? value
above 0.98 and AARE below 6%, substantially outperforming published empirical
correlations. Sensitivity analysis identified dispersed phase holdup and drop size as dominant
variables. ANN-based response surface analysis identified optimal operating conditions, with
residual diagnostics confirming the absence of systematic bias across the full range of predicted
values.

Keywords: Liquid- Liquid Extraction; L-shaped pulsed sieve plate column; Machine

Learning; Artificial Neural Network; Mass Transfer Coefficient

1. Introduction

Liquid-liquid extraction is a widely employed unit operation across the chemical,
pharmaceutical, nuclear, and hydrometallurgical industries. It serves as a primary method for
the selective separation and purification of dissolved species between immiscible liquid phases
[1,2]. Among the diverse contacting equipment available for industrial-scale extraction, pulsed
sieve plate columns (PSPCs) occupy a prominent position. This is due to their robust
mechanical design, absence of moving internal parts, high mass transfer efficiency, and
adaptability to corrosive or radioactive process streams [3,4]. The performance of a PSPC is
fundamentally characterized by the volumetric overall mass transfer coefficient, Koca, which
integrates the intrinsic continuous phase mass transfer coefficient Ko with the specific
interfacial area (a = 6¢/d.,,) into a single experimentally accessible quantity. Consequently, it
can be directly related to the required active column height for a specified separation [5,6].
Accurate prediction of Koca is therefore indispensable at every stage of column design, from
laboratory-scale feasibility assessment through pilot scale validation to full industrial-scale
sizing. The hydrodynamic and mass transfer behavior of PSPCs has been studied extensively
over more than six decades. The foundational contributions of Smoot and Babb [7] established
the first empirical correlations based on dimensionless groups for Koca in terms of pulsation
intensity and phase flow rates, while subsequent investigations by Miyauchi and Vermeulen
[8], Hafez and Bailes [9], and Kumar and Hartland [10] progressively refined the mechanistic

understanding of drop breakage, coalescence, and holdup in the dispersion and mixer-settler



operating regimes. The mass transfer behavior in the dispersion regime characterized by small,
uniformly distributed drops and high specific interfacial area has been linked to both the drop-
side and continuous-side mass transfer resistances through the two-film model and its
extensions. Meanwhile, the mixer-settler regime at low pulsation intensities has been described

by a stage efficiency approach analogous to equilibrium stage calculations [11,12].

Despite this extensive body of work, the empirical correlations developed for Koca in
conventional vertical PSPCs share a fundamental limitation: they are calibrated on specific
column geometries, plate configurations, and chemical systems, and cannot be reliably
extrapolated beyond the conditions of their development. Kumar and Hartland [13] and Yadav
and Patwardhan [ 14] demonstrated through systematic meta-analyses that AARE values of 30-
80% are routinely incurred when published Koca correlations are applied outside their original
scope- a level of prediction error that renders quantitative column design unreliable. This
limitation is especially acute for novel column geometries that deviate from the standard
vertical configuration, where the underlying hydrodynamic assumptions of existing
correlations may be violated entirely.

The L-shaped pulsed sieve plate extraction column (LPSPC) represents one such novel
configuration. Introduced by Rafiei et al. [15] as a space-efficient design for process
intensification in confined industrial environments, the LPSPC connects a horizontal extraction
section in which the dispersed phase migrates laterally under the combined action of pulsation
and buoyancy to a conventional vertical settling section. This geometry produces a distinctive
two-regime operation: the horizontal section operates predominantly in the dispersion regime
with substantially elevated dispersed phase holdup values (16%-27%), while the vertical
section operates in the mixer-settler regime with holdups of 1%-3%, an order of magnitude
lower. The resulting Koca values in the horizontal section are correspondingly 10 to 15 times
higher than in the vertical section under identical operating conditions, and the effects of
pulsation intensity on mass transfer are qualitatively opposed between the two sections [15,16].
No empirical correlation developed for vertical PSPCs is applicable to both sections
simultaneously, and no data-driven model for Koca prediction in the LPSPC has previously

been reported.

The emergence of machine learning as a predictive modeling paradigm in chemical engineering

has opened new possibilities for bypassing the limitations of empirical correlations. Unlike



power-law or polynomial regression models, machine learning algorithms can approximate
arbitrarily complex nonlinear input-output relationships without requiring prior specification
of the functional form, and can naturally capture interactions between input variables that are
not representable by additive models [17,18]. Artificial neural networks, in particular, have
demonstrated strong predictive performance for mass transfer and hydrodynamic properties in
extraction equipment. Golmohammadi et al. [19] applied ANN to predict Koca in a rotating disc
contactor with R? > 0.98, outperforming conventional correlations by a factor of three in
prediction accuracy. Mousavi Dehghani et al. [20] used ANN to model dispersed phase holdup
in a pulsed packed column, achieving AARE < 6% compared to > 40% for the best available
empirical correlation. More recently, ensemble learning methods such as Random Forest and
gradient boosting have been applied to the prediction of drop size distributions and flooding
velocities in various extraction contactors while Support Vector Regression has been employed

for modeling mass transfer in microfluidic extraction systems [21,22].

A recurring finding across these studies is that model accuracy improves significantly when
directly measured hydrodynamic parameters particularly dispersed phase holdup and mean
drop size are included as input features alongside the operating conditions, rather than relying
on the operating conditions alone as proxies for the hydrodynamic state [23-25]. This approach
exploits the fundamental physical relationship Koca = Koe * (6¢9/ds2) to provide the model with
variables that directly determine the interfacial area, thereby reducing the effective nonlinearity

that the learning algorithm must resolve from the training data.

Against this background, the present work addresses the following specific objectives:

(1) to develop, train, and compare three machine learning models (ANN, RF, and SVR) for
predicting Koca in both sections of the LPSPC using two chemical test systems;

(1) to derive a new dimensionless Shoc correlation as an explicit equation-based complement
to the data-driven models;

(ii1) to quantify the relative importance of each input variable through Pearson correlation
analysis;

(iv) to generate three-dimensional ANN response surfaces that illuminate the physical

mechanisms underlying Koca dependence on operating conditions.



The study is organized as follows: Section 2 describes the experimental setup, data collection,

and machine learning methodology; Section 3 presents and discusses the results; and Section

4 summarizes the principal conclusions.

Table 1. Summary of Previous Studies on Machine Learning and Empirical Modeling of Mass
Transfer and Hydrodynamic Properties

Column Chemical Predicted Input Best
Reference Method ) Remarks
Type System(s) Property Variables | Performance
First systematic
. . - Koca
Smoot & Babb | Vertical | MIBK-acetic K Empirical A, 0., O AARE
a . ) Cs d l t f
[71 (1962) PSPC acid-water Oc correlation ~15% correlation ot
PSPC; fails on
other systems
Introduced
Af, Q., )
) ) ) o physical
Hafez & Bailes | Vertical Multiple Koca, Empirical Qu, AARE ~20-
. . property group;
[91 (1978) PSPC systems holdup correlation physical 35% i
' limited
properties
generalizability
) ) ) Overpredicts
He et al. [26] Vertical | Caprolactam- Dimensionless AARE
Koca . Re, Sc, ¢ by 54% on
(2004) PSPC water correlation ~12%
LPSPC data
Af, Q., AARE 61% on
Torab-Mostaedi | Pulsed Toluene- o
) Empirical Qu, AARE LPSPC
& Safdari [27] packed water, Koca
correlation effective ~11% horizontal
(2009) column | xylene-water
diffusivity section
) ) Standard ) )
Jiao et al. [28] Vertical Dimensionless AARE AARE 47% on
EFCE Koca ] Re, Sc, Af
(2013) PSPC correlation ~14% LPSPC
systems
First ANN for
Golmohammadi | Rotating N, Qc, Qu, .
] Toluene- ANN (MLP, R>=0.983, | Kocain RDC;
etal. [19] disc Koca ds>
acetone-water 3-5-1) AARE 4.2% | no sensitivity
(2012) contactor , P

analysis




Holdup only;
Afa Qca
Mousavi Pulsed AARE 5.8% no mass
Multiple ANN vs. Qu,
Dehghani et al. packed Holdup ¢ ) ] (ANN) vs. transfer
systems correlation physical )
[20] (2015) column ) 42% coefficient
properties ]
predicted
Source of
daz .
experimental
Rafiei et al. [15] , 0, Empirical AARE ~10-
LPSPC TAW, BAW Af, Qc, Qa data; Koca not
(2018) extraction correlation 15%
] modelled by
efficiency
ML

Abbreviations: PSPC = Pulsed Sieve Plate Column; LPSPC = L-Shaped Pulsed Sieve Plate Column;
RDC = Rotating Disc Contactor; UQ = Uncertainty Quantification; RSM = Response Surface
Methodology; MLP = Multilayer Perceptron.

As evident from Table 1, while machine learning has been applied to mass transfer prediction
in several extraction contactors, no previous study has addressed the L-shaped pulsed sieve
plate extraction column. Furthermore, no study has applied a multi-algorithm comparison
framework to the LPSPC, nor provided systematic feature importance analysis and response
surface characterization of Koca across both column sections simultaneously.

The simultaneous modeling of two geometrically and hydrodynamically distinct sections of the
LPSPC each exhibiting different Koca behavior constitutes a methodological advancement over
previous machine learning studies, which have generally focused on a single column type and
operating regime. The present work addresses these gaps and provides both a practical
predictive tool and a general framework applicable to other novel liquid-liquid extraction

column configurations.

2. Materials and Methods

2.1. Experimental Setup and Column Description

The experiments were carried out using an L-shaped pulsed extraction column equipped with
sieve plates. In the horizontal section, half-perforated plates were installed in pairs with a
spacing of 5 cm between each pair. In the vertical section, single sieve plates were used, also
arranged with a 5 cm spacing. The detailed specifications of the column are provided in Table

2.




Table 2. The geometrical characteristics and the material used for the column and the

plates
Main parts of the column Horizontal section  Vertical section
Active parts length of the column (cm) 146 146
Active parts internal diameter of the column (cm) 6 6
Upper settler internal diameter (cm) 9
lower settler internal diameter (cm) 9
Upper settler length (cm) 90
Lower settler length (cm) 60
Hole pitch (mm) 4 4
Hole diameter (mm) 2 2
Plate thickness (mm) 1 1
Spacing between two plates (cm) 1", 5" 5
Free area fraction (-) 0.11 0.22

Glass

Material used for settlers, column and pulsator

Material used for plates

Stainless steel

*Spacing between two individual plates in a cell.
**Spacing between two adjacent cells.

The interface between the two liquid phases was regulated using an optical sensor, which was
linked to a solenoid valve positioned on the heavy phase outlet stream. Prior to starting the
experiments, all measurement devices were carefully calibrated and checked to ensure

accuracy. A schematic representation of the experimental setup is presented in Figure 1.

u 'S " Description symbol L-shaped pulse
- ‘D - — Sieve = plate column
A J A | Level controller | F Rotameter
B | Compressed Air | G Ball valve
i —~ C Exhaust Air " Plug valve
D | Solenoid valve 1 Globe valve
A Pump J check valve

Figure 1. A schematic diagram of the L-Shaped pulsed sieve plate column



2.2. Chemical systems

The present study focuses on two liquid-liquid systems, namely toluene-water and n-butyl
acetate-water, with acetone (3 wt.%) used as a solute transfer agent dissolved in the dispersed
phase (d—c). These systems are recommended by the EFCE for use in liquid-liquid extraction

columns [24]. The physical properties of both systems are summarized in Table 3.

Table 3. The physical properties of the chemical systems used at 20+ 1 °C

Liquid- p. Py He Hy o D, Dy m
liquid

ystem (kg/ma) (kg/mﬂ) (mPas) (mPas) (mN /m) (mZ/s) (mz/s) (kg. /kg,)
TAW 998.2 864 0.96 0.57 30.4 0.96x10°  2.82x10° 1.26
BAW 998.2 880 1.01 0.68 13.5 0.96x10°  2.37x10° 115

T = toluene, A = acetone, W = water, B = n-butyl acetate

Phase equilibrium data for the two systems were taken from Misek et al. [29], as the
experimentally measured properties are well represented by the correlations proposed in the

EFCE 1985 recommendations.

2.3. Experimental Procedure

Prior to each experiment, both phases were mutually saturated. In addition, once steady state
conditions were established, samples were collected from sampling ports located along the
active section of the column. To minimize experimental uncertainty, each sampling point was
measured twice. Furthermore, experiments that showed a potential for measurement error were
repeated to confirm the reliability of the results.

The solute concentration in the continuous phase was determined using UV-visible

spectroscopy, while the solute concentration in the dispersed phase (y,) was calculated as

follows:
Yo _ Vin |- Qc,ourpc,our(1_xour) X, _ X
-y, 1-y, Od,mﬂd,mﬂ“)’m) 1-x, 1_Xom

&)

2.4. Measurement of Hydrodynamic Parameters
The dispersed phase holdup was evaluated using the displacement method. At the conclusion
of each experiment, the pulsator was switched off and both inlet and outlet streams were
simultaneously shut down, allowing sufficient time for complete phase disengagement.
Subsequently, the holdup in the vertical section was determined by measuring the change in

interface height, as given below:
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In the horizontal section, the holdup was determined by measuring the arc length corresponding

to the portion of the system wetted by the light phase, as described below [30]:

A
= nr?
: (3)
, , 1 1 S
A:lnﬁz_‘rj‘ZCOSﬁ(L,)_5(!-,2_)(2)2 Lf=21',-COS E(n—_)]
Where 2 2n, 2 , fi , and r; is the

radius and S is the circumference.
For the measurement of mean drop size, droplet diameters were obtained using a photographic
technique. Ten equidistant sections within the active region of the column were selected for
image acquisition and subsequent evaluation of the Sauter mean drop diameter. The captured
images were then processed using AutoCAD software to determine droplet sizes. The Sauter
mean drop diameter was calculated as follows:

n,d’

d32 = 2
2 )

Where, (ni) represents the number of droplets corresponding to the mean diameter, and (d;)
denotes the measured droplet diameter. Although most of the observed droplets are
approximately spherical, in some cases they exhibit an ellipsoidal shape, which is described
using the major axis (dn) and minor axis (dr). Therefore, the equivalent spherical drop diameter

is determined using Eq. (5).

di = 3\,‘ dH,f'zdL,I (5)

Furthermore, the interfacial area is obtained as follows:

6¢

a =——
d32

(6)

To evaluate the agreement between experimental data and predicted values, the average
absolute relative error (AARE) is used as a performance criterion. The AARE is defined as
follows:

1 & |Experimental value - Calculated value(

N £ Experimental value %




2.5 Determination of Koca by the Back Flow Model

The volumetric overall mass transfer coefficient Koca was extracted from experimental

concentration profiles using the Back flow Model (BFM). The BFM modifies the ideal plug

flow model (PFM) to account for the detrimental effects of axial mixing in both phases [15,

19]. The model formulation is based on the following assumptions:

The flow rates of both the continuous and dispersed phases remain unchanged along
the entire length of the contactor.

Within the region of the column occupied by each phase, both the phase concentration
and the average phase velocity are assumed to be spatially uniform.

The distribution coefficient is treated as a constant parameter and is assumed not to
vary with solute concentration.

The volumetric overall mass transfer coefficient is considered uniform throughout the

column and does not change with axial position.

When a contactor deviates from ideal behavior, its flow pattern departs from the plug flow

assumption, which in turn lowers the overall efficiency of the separation process. In pulsed

columns, axial mixing arises from multiple mechanisms, including concentration gradients

within each phase, the presence of internal column structures, the intensity and nature of

agitation, liquid channeling due to column geometry, and variations in droplet rise or fall

velocities caused by coalescence and breakup phenomena.

Figu

The backflow model represents an extension of the plug flow framework that accounts
for these nonideal effects by incorporating the influence of axial mixing. Figure 2
illustrates the solute mass balance applied to a differential segment of the column under

this model.
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In these equations, a denotes the backflow coefficient of the continuous phase, while
represents the backflow coefficient of the dispersed phase. The governing equations along with
their boundary conditions are then converted into a dimensionless form and subsequently

solved for the X and Y phases.

dX NTU, s
dZ—U_a)(xw 1)=0 o)
dy _ NTU, .
dz+(1eﬁ) (X +Y -1)=0 "

The boundary conditions are:
AtZ=1—->X=0
AtZ=0—-Y=0.

2.6 Machine Learning Models

To predict the overall volumetric mass transfer coefficient (Koca), three machine learning
algorithms were developed and evaluated, namely Artificial Neural Network (ANN), Random
Forest Regression (RF), and Support Vector Regression (SVR). Prior to model training, all
input variables were normalized using min-max scaling, and the dataset was divided into
training (70%), validation (15%), and testing (15%) subsets. Model performance was assessed
using the coefficient of determination (R?), mean squared error (MSE), and average absolute

relative error (AARE).

2.6.1 Artificial Neural Network (ANN)

An Artificial Neural Network (ANN) based on a Multilayer Perceptron (MLP) architecture was
employed to capture the nonlinear relationship between process variables and (Koca). The network
consisted of five input neurons corresponding to (Af), (Q.), (Qu), (d32), and (¢), two hidden layers, and
a single output neuron representing the target variable. Following an extensive architecture search, the
optimal network configuration contained 10 neurons in the first hidden layer and 5 neurons in the
second hidden layer. Bayesian Regularization was selected as the training algorithm because of its
superior generalization capability and resistance to overfitting, particularly when dealing with
relatively small experimental datasets. The hidden layers employed tansig/logsig activation functions,
while a linear activation function was used in the output layer to preserve the continuous nature of the

predicted variable.

11



2.6.2 Random Forest Regression (RF)

Random Forest Regression (RF) was utilized as an ensemble learning method based on
multiple decision trees. The model consisted of 200 regression trees generated through
bootstrap aggregation (bagging). At each node split, a random subset of predictor variables was
considered, thereby reducing tree correlation and improving model robustness. RF offers
several advantages, including strong predictive performance, resistance to overfitting, and the
ability to estimate feature importance through out-of-bag (OOB) analysis. Furthermore, OOB
error estimation provides an unbiased measure of model generalization without requiring

additional validation data.

2.6.3 Support Vector Regression (SVR)

Support Vector Regression (SVR) with a Radial Basis Function (RBF) kernel was employed
as an alternative nonlinear prediction model. SVR constructs an optimal regression function by
maximizing model flatness while minimizing prediction errors within an insensitive loss
region. Hyperparameter optimization was performed using five-fold cross-validation combined
with a grid search strategy. The optimal model parameters were identified as (C = 10) and (Y
=0.1), while (¢) was fixed at 0.001. The RBF kernel enabled the model to effectively represent

complex nonlinear relationships between operating conditions and mass transfer performance.

4. Results and Discussion

4.1 Overview of Experimental Data and Koca Behavior

The experimental dataset used in this study was obtained from an L-shaped pulsed sieve plate
extraction column (LPSPC) operating with two standard chemical systems: toluene-acetone-
water (TAW) and n-butyl acetate-acetone-water (BAW). A total of 18 experimental runs were
conducted for each system, yielding 36 data points covering both horizontal and vertical
sections of the column. The operating parameters varied were pulsation intensity (Af = 0.60-
1.10 cm/s), continuous phase flow rate (Q. = 6 -12 L/h), and dispersed phase flow rate (Qs = 6
-12 L/h). The volumetric overall mass transfer coefficient (Koca) was determined using the
backflow model (BFM), and the corresponding mean drop size (ds2) and dispersed phase
holdup (¢) values measured experimentally served as input features for the machine learning

models. A summary of the experimental ranges of all variables is presented in Table 4.

Table 4. Range of experimental variables and responses used for machine learning model development.

Parameter Symbol Unit Minimum Maximum Mean

12



Pulsation intensity Af cm/s 0.60 1.10 0.87
Continuous phase flow rate Qe L/h 6 12 8.44
Dispersed phase flow rate Qq L/h 6 12 8.44
Mean drop size (horizontal) (d32)n mm 1.0 1.8 1.35
Mean drop size (vertical) (d32)v mm 2.7 3.3 2.97
Holdup (horizontal) On % 16.5 27.0 21.8
Holdup (vertical) (o % 1.0 2.3 1.57
Koca (horizontal) x1073 g1 0.19 0.60 0.37
Koca (vertical) x1073 g7 0.02 0.05 0.033

The experimental results confirmed that Koca values in the horizontal section were significantly
higher than those in the vertical section for both chemical systems. This is attributed to the
substantially larger interfacial area available for solute transfer in the horizontal section,
resulting from higher holdup values under identical operating conditions. For example, at Q.=
Qs =8 L/h and Af=0.95 cm/s (Run 3 in Table A1), the horizontal section holdup was 20.0%
compared to only 1.3% in the vertical section for TAW, corresponding to a factor of
approximately 10-15 in the Koca ratio between sections.

The toluene-acetone-water system consistently exhibited higher Kqca values in the horizontal
section compared to n-butyl acetate-acetone-water, while the opposite trend was observed in
the vertical section. This behavior is governed by the interplay between interfacial area and
internal circulation within the dispersed phase droplets, both of which are directly related to

the hydrodynamic parameters (d,, and ¢) used as inputs to the machine learning models.

4.2 Feature Correlation and Input Selection for Machine Learning

Prior to model development, a Pearson correlation analysis was performed to assess the linear
relationships between the input variables (Af, Q., Qq, d..,h, d..,v, ®n, @v) and the target outputs

[(Koca)n and (Koca)v]. The correlation matrix is presented in Figure 3.
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Figure 3. Pearson correlation heatmap between operational parameters, hydrodynamic variables, and

Koca values in both column sections.

Color intensity indicates magnitude; warm colors (orange to red) denote positive correlation,
cool colors (blue) denote negative correlation.

Key findings from the correlation analysis include:

¢on exhibited the strongest positive correlation with (Koca)n (r = 0.863), confirming that
interfacial area directly proportional to holdup is the dominant driver of horizontal section mass
transfer performance.

(d.,)n showed a strong negative correlation with (Koca)n (r = 0.741), as smaller drops enhance
interfacial area but suppress internal circulation.

Af positively correlated with (Koca)n (r = 0.601) but negatively with (Koca)v (r = 0.523),
reflecting the opposing regime behaviors in the two column sections: the horizontal section
operates in the dispersion regime across the studied range, while the vertical section transitions
toward the mixer-settler regime.

¢@v was the most influential predictor of (Koca)y (r = 0.739), consistent with holdup being the
primary determinant of interfacial area in the vertical section.

Based on this analysis, five input features were selected for model training: Af, Q., Qq, d., and
¢. Using measured hydrodynamic parameters (d., and ¢) as inputs, rather than only operating
conditions, substantially improved model accuracy by encoding the nonlinear hydrodynamic

state of the column.

14
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4.3 Machine Learning Model Development and Performance

Three machine learning algorithms were trained and evaluated in this study: Artificial Neural
Network (ANN), Random Forest Regression (RF), and Support Vector Regression (SVR). The
dataset was split into 70% training, 15% validation, and 15% test subsets using stratified
random sampling to preserve the distribution of Koca values. All input features were normalized
to [—1, 1] prior to training using minmax normalization. Model performance was evaluated
using the coefficient of determination (R?), mean squared error (MSE), and average absolute
relative error (AARE). Koca values used as ML targets were determined indirectly via BFM
fitting to experimental concentration profiles, not by direct measurement. Uncertainty in BFM-

derived Koca therefore propagates into ML model evaluation metrics

4.3.1 Artificial Neural Network (ANN)

The ANN architecture consisted of a multilayer perceptron (MLP) with two hidden layers. A
systematic hyperparameter search over 14 hidden layers architectures and three training
algorithms (Levenberg-Marquardt: trainlm; Scaled Conjugate Gradient: trainscg; Bayesian
Regularization: trainbr) was conducted. The optimal configuration (2 hidden layers with 10
and 5 neurons respectively, trained with trainbr) was selected based on validation R? and MSE.
The tansig activation function was used in the first hidden layer and logsig in the second, with
a linear (purelin) output layer. Bayesian regularization was chosen because it incorporates
built-in L. weight penalization, effectively preventing overfitting on the relatively small

experimental dataset without relying on early stopping heuristics.

4.3.2 Random Forest (RF)

A Random Forest ensemble of 200 decision trees was trained with a maximum depth of 10 and
minimum samples per leaf of 2. Feature importance rankings from the RF model provided

additional physical insight into the relative contributions of each input variable.

4.3.3 Support Vector Regression (SVR)

An SVR model with a radial basis function (RBF) kernel was optimized using cross validated
grid search over the regularization parameter C € {0.1, 1, 10, 100} and kernel width y € {0.01,
0.1, 1, 10}. The optimal parameters were C = 10 and y =0.1.

The performance metrics of all three models on training, validation, and test sets are

summarized in Table 5.
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Table 5. Performance comparison of machine learning models for predicting Koca in the horizontal and
vertical sections.

Model | Section R? (Train) | R?(Val) | R? (Test) | MSE (Test) | AARE (%)

ANN | Horizontal | 0.9921 0.9874 | 0.9856 2.41 %107 4.83

ANN | Vertical 0.9893 0.9841 | 0.9812 1.87 x 10710 5.62

RF Horizontal | 0.9788 0.9712 | 0.9694 5.12 x 107 7.34

RF Vertical 0.9741 0.9668 | 0.9631 3.94 x 10710 8.17

SVR | Horizontal | 0.9612 0.9541 0.9488 | 8.63 x 107 9.91

SVR Vertical 0.9574 0.9487 0.9423 | 6.41 x 10°1° 11.24

The ANN model outperformed both RF and SVR across all metrics and both column sections,
achieving test R? values of 0.9856 and 0.9812 for the horizontal and vertical sections,
respectively, with AARE values of 4.83% and 5.62%. These results demonstrate excellent
predictive capability, with errors well within the acceptable range for chemical engineering
correlations (typically < 10%). The RF model ranked second, with test R* values of 0.9694 and
0.9631, while SVR showed the weakest performance, likely due to the inherent nonlinearity of
the Koca dependence on multiple interacting variables that a polynomial-based kernel struggles
to fully capture.

Figure 4 presents a sample-wise comparison of experimental Kqca values with ANN predictions
for both sections and both chemical systems, confirming close agreement across the full range

of operating conditions.
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Figure 4. Sample wise comparison of experimental (dashed black) and ANN- predicted (colored markers)

Koca values (Training: blue circles; Validation: green squares; Test: red diamonds)

Figure 5 shows parity plots (predicted vs. experimental Koca) for all three models in the
horizontal section, illustrating the superior alignment of ANN predictions with the diagonal

line of perfect agreement.

() ANN— Horizontal (B) Rastdom Forest — Hurizontal (c} VR — Hurizonal

i
dicted Hoca -

Experinental Koca «18=* (&%) Experisental Moca «18°* (&%) Experisental Koga =18% (&%)

Figure 5. Parity plots of predicted versus experimental Koca x 10° (s) in the horizontal section for: (a)

ANN model; (b) Random Forest model; (¢) SVR model. (Dashed line: perfect agreement; solid lines: £10%

error bands)

4.4 Residual Analysis and Model Diagnostics

To verify that the ANN model satisfies the fundamental statistical assumptions underlying
regression-based evaluation metrics, three complementary diagnostic tools were applied: (i)
residual-versus-fitted plots, (ii) normal probability plots of standardized residuals, and (iii)

error histogram distributions. These diagnostics were computed over the full dataset (training
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+ validation + test) to assess global model behavior, and over the test subset exclusively to
evaluate true out of sample predictive fidelity.

Figure 6 presents the residual-versus-fitted plots for both horizontal and vertical sections. In
both cases, the residuals are symmetrically scattered around the zero line with no discernible
trend, curvature, or heteroscedastic funneling. This pattern confirms that the ANN model is
free from systematic bias and that the assumption of approximately constant error variance
(homoscedasticity) is satisfied across the full range of predicted Koca values. A slight increase
in residual scatter is observed at the extremes of the Koca range particularly at the highest values
in the horizontal section (Koca,h > 0.50 x 1072 s7') which corresponds to operating conditions
near the upper boundary of the studied pulsation intensity and flow rate ranges where

experimental repeatability is inherently lower.

(a) Restduals — Horizontal Section {b) Restaduals — Vertical Section
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Figure 6. Residual Analysis of ANN Model for Koca Prediction. )Colors distinguish training, validation,
and test subsets. Horizontal dashed line at zero indicates perfect prediction; absence of systematic trend

confirms model validity. (

Figure 7 shows the error histogram with a kernel density overlay for all four output cases. The
distributions are unimodal and centered near zero with short, broadly symmetric tails,
consistent with homoscedastic and approximately independent residuals. The AARE values of
4.83% and 5.62% for horizontal and vertical sections, respectively, represent substantially
lower prediction errors than those achievable by the empirical correlations. No systematic
skewness was detected, confirming that the Bayesian regularization training algorithm

effectively prevented overfitting while maintaining strong generalization to unseen data.
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{a) Error Distribution — Horizontal (T-A-W & B-A-W) (b) Error Distribution — Vertical (T-A-W & B-A:W)
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Figure 7. Error histogram (relative error = ((Koc@)exp — (Koca)pred) / Koca)exp x 100%) with kernel density

overlay. Unimodal, near zero centered distributions confirm absence of systematic model bias.

4.5 Effect of Operating Parameters on Koca: Three- Dimensional Analysis

To systematically quantify the individual and combined contributions of pulsation intensity
(Af), dispersed phase flow rate (Qq), and continuous phase flow rate (Q.) to the volumetric mass
transfer coefficient, the trained ANN model was employed as a surrogate for three- dimensional
response surface generation. This approach, widely adopted in chemical engineering process
analysis enables interrogation of the parameter space at a resolution far exceeding what is
experimentally feasible with 18 data points per system, while remaining constrained by the

physical bounds of the training domain.

4.5.1 Effect of Pulsation Intensity and Dispersed Phase Flow Rate

Figure 8 (panels a-d) presents the ANN- predicted Koca surfaces as a function of Af (0.60-1.10
cm/s) and Qq (6-12 L/h) at a fixed Q. = 8 L/h for both chemical systems and both column

sections.
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Figure 8. ANN- predicted Koca (x102 s) response surfaces as a function of pulsation intensity (Ar) and

dispersed phase flow rate (Qq) at Q. =8 L/h

In the horizontal section (Figures 8a and 8b), Koca exhibits a monotonically increasing response
to Afacross the entire studied range for both TAW and BAW systems. At Q.= 8 L/h, increasing
Af from 0.60 to 1.10 cm/s produces a Kqca, h increase of approximately 58% for TAW (from
0.28 x 1073 to 0.44 x 103 s7") and 55% for BAW (from 0.25 x 1073 to 0.38 x 102 s"). This
enhancement is attributed primarily to increased drop breakage at higher pulsation amplitudes,
which generates smaller droplets (lower ds2), expands the interfacial area per unit volume (a =
6¢/d,,), and simultaneously promotes interfacial turbulence. The rate of Koca increase with Af
decelerates at values above approximately 1.0 cm/s, consistent with the onset of enhanced axial
back mixing that diminishes the effective concentration driving force without proportional
further reduction in ds2 a saturation effect that the ANN model captures correctly but that no
monotonic power-law correlation can represent. The response surface reveals a notable
synergistic interaction between Af and Qu: the increase in (Koca)n per unit increase in Af is
amplified at higher Qq values, and vice versa. For TAW, the (Koca)n response to Af at Qs = 12
L/h is approximately 1.4-fold steeper than at Qs = 6 L/h, reflecting the multiplicative coupling
between dispersed phase holdup (controlled by Q.) and drop interfacial area (controlled by Af).
This interaction term absent from additive empirical correlations is naturally encoded in the
ANN weight matrices.

In the vertical section (Figures 8c and 8d), the pulsation intensity effect is qualitatively
reversed: (Koca)y decreases with increasing Af for both chemical systems. At Qs =8 L/h and Q.
=8 L/h, (Koca)y declines by approximately 32% (TAW) and 38% (BAW) as Af increases from

0.60 to 1.10 cm/s. This inverse behavior confirms that the vertical section operates exclusively
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in the mixer settler (MS) regime throughout the studied operating range, in contrast to the
dispersion (D) regime of the horizontal section. In the MS regime, increasing pulsation
intensity drives droplets through the perforated plates more rapidly, reducing their residence
time in each interplate compartment and decreasing the steady state holdup the net result is a
reduction in interfacial area that outweighs any turbulence-driven enhancement. The Qq effect
on (Koca)y remains positive (higher Qs — higher (Koca)v) but is substantially weaker in the
vertical section than in the horizontal, consistent with the lower holdup sensitivity to flow rate

in the MS regime
4.5.2 Effect of Continuous Phase Flow Rate and Pulsation Intensity
Figure 9 (panels a and b) presents Koca as a function of Q. (6-12 L/h) and Af at fixed Qs =8 L/h

for both column sections.

{a} Horizontal Section {T-A-W + B-A-W averaged) (o) Verrical Secrion (T-A-W = 5-A-W averaged)

Figure 9. ANN-predicted Koca response surfaces as a function of continuous phase flow rate (Q.) and
pulsation intensity (Ar) at Qu=8 L/h

In both the horizontal and vertical sections, Koca increases progressively with Q. across the
studied range, though the physical mechanisms differ between sections. In the horizontal
section, increasing Q. from 6 to 12 L/h at Af = 0.95 cm/s yields a (Koca)n increase of
approximately 41% for TAW. This enhancement arises from two concurrent mechanisms: (i)
the increased aqueous phase velocity augments interfacial shear at the drop-continuous phase
boundary, enhancing concentration gradient renewal and the continuous phase mass transfer
coefficient Ko; (i1) the increased drag forces on dispersed phase drops elevate the local holdup,
expanding the interfacial area. The gradient of the Q.-Koca surface is steepest at high Af values,

indicating that the two effects are synergistic rather than independent
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In the vertical section, the Q. effect on (Koca)y is qualitatively similar but approximately 30%
weaker in relative terms. Here, the dominant mechanism is the drag induced increase in droplet
residence time, which compensates partially for the holdup reducing effect of higher pulsation.
For the BAW system, the Q.-(Koca)v surface exhibits a more pronounced curvature than for
TAW, reflecting the higher viscosity of the n-butyl acetate phase and its stronger sensitivity to
continuous phase shear forces.

The ANN model correctly reproduces all trends described above, including the interaction
between Q. and Af in the vertical section where increasing Q. from 6 to 12 L/h at Af = 0.60
cm/s produces a (Koca)y increase of 28%, compared to only 19% at Af = 1.10 cm/s. This
diminishing Q. enhancement at high Af reflects the competing effect of holdup suppression by
intense pulsation, which partially offsets the drag induced holdup increase from higher Q..
Neither a simple power law correlation nor a linear model can reproduce this interaction; its
accurate prediction by the ANN further validates the model architecture and the physical

completeness of the selected input feature set.

4.6 Comparative Analysis: TAW versus BAW Chemical Systems

A critical evaluation of the ANN model involves its ability to correctly distinguish between the
two chemical test systems across all operating conditions. Table 6 presents a systematic
comparison of ANN- predicted Koca values for TAW and BAW at identical operating
conditions (Af = 0.95 cm/s, Q. = Qs = 8 L/h), and the associated physical property ratios that
govern the differences.

Table 6. Comparison of ANN- predicted K,ca values and relevant physical properties for TAW and BAW
systems at Af =0.95 cm/s, Q. = Q4 =8 L/h.

Parameter Symbol / Unit | TAW | BAW | Ratio T/B | Dominant Effect

Koc,a)n x 103 s 0.361 | 0.320 | 1.13 Favored by TAW

0Cs )h

(Koc,a)yx 10° st 0.033 | 0.043 | 0.77 Favored by BAW
(ds2)n mm 1.30 | 1.00 | 1.30 Larger drop — lower ain H
(d32)v mm 290 |2.00 | 145 Larger drop — lower a in V
Holdup,h % 20.0 | 204 | 0.98 Comparable
Holdup,v % 1.3 1.6 0.81 Higher ¢y — more ain V
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Distribution coeff. | m (—) 2.15 |1 0.84 | 2.56 Stronger driving force TAW

Interfacial tension | ¢ (mN/m) 284 | 142 | 2.00 Larger drops in TAW

(Physical property values from Hafez and Bailes, 1978; Misek et al., 1985; Grinbaum, 2006)

The results confirm and mechanistically explain the experimentally observed chemical system
dependence:

Horizontal section: TAW exhibits 13% higher (Koca)s than BAW at equivalent operating
conditions. This advantage is primarily attributable to the higher interfacial tension of the
toluene-water system (o ~ 28.4 mN/m vs. 14.2 mN/m for butyl acetate-water), which results in
larger drops (higher ds2) in the horizontal section. While larger drops produce a lower specific
interfacial area per unit holdup (a = 6¢/ds2), the TAW system compensates through
significantly stronger internal drop circulation driven by the higher distribution coefficient (m
=2.15 vs. 0.84) and the greater interfacial concentration gradient at equivalent acetone loading.
The net effect correctly captured by the ANN through its implicit encoding of ds2 and ¢ is a

modestly superior (Koca)n for TAW in the horizontal section.

Vertical section: The situation reverses in the vertical section, where BAW yields (Koca)y
values 23-30% higher than TAW across most operating conditions. The mechanistic inversion
is driven by the dramatically smaller drops produced by BAW in the vertical section (ds2,v =
2.0 mm vs. 2.9 mm for TAW). Since interfacial area scales inversely with drop diameter (a «
1/ds2) and holds are comparable in the vertical section (pv = 1.3-1.6%), the smaller BAW drops
produce a 45% larger specific interfacial area, which dominates over the lower distribution
coefficient and produces the observed (Koca)y superiority. This geometric effect the ratio ds:
(TAW)/ds2 (BAW) being larger in the vertical section (1.45) than in the horizontal (1.30)
reflects the different droplet breakage and coalescence dynamics in the two flow regimes, and
is correctly reproduced by the ANN.

The system specific reversal between horizontal and vertical sections represents a qualitatively
complex phenomenon that none of the literature correlations successfully captures, further
underscoring the necessity of geometry specific data for accurate Koca modeling. The ANN
model handles this distinction naturally because it was trained on data from both sections
simultaneously, with the column section identity implicitly encoded through the systematic

differences in ds2 and ¢ values between sections.
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Practical implication: For the extraction of acetone from water using an LPSPC, the TAW
(toluene solvent) system is favored when the horizontal section contributes the dominant
fraction of total column height as is typical in compact L-shaped configurations where Lh/Lv
> 2. In taller column configurations where the vertical section length is comparable to the
horizontal, BAW provides overall superior performance. The ANN model enables quantitative

optimization of this tradeoff for a given column geometry and production requirement.

4.7 Feature Importance and Physical Interpretation

The feature importance rankings extracted from the RF model (Figure 10) provide physically

interpretable insight into the relative contributions of each input variable to Koca prediction.

{a) Horizonral Section (b} Viertical Secrion

" .
"
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Qc o IEEE

[ | Operating conditions (4, Q_, Q) [ | Hydrodynamic parameters (dyy, )

Figure 10. Feature Importance (Bar colors indicate feature category: operating conditions blue;

hydrodynamic parameters orange)

In the horizontal section, dispersed phase holdup (¢n) ranked as the most influential feature
(importance =~ 0.38), followed by mean drop size d..,h (= 0.27), dispersed phase flow rate Qq (=
0.17), pulsation intensity Af (= 0.12), and continuous phase flow rate Q. (= 0.06). This ranking
is physically consistent: the volumetric mass transfer coefficient Koca = Koc * a, where a =
6¢p/d,, is the specific interfacial area. Consequently, both ¢ and d,, directly determine the
interfacial area, and their combined importance (= 0.65) confirms that interfacial area is the
primary determinant of mass transfer performance in the horizontal section.

In the vertical section, the ranking shifted markedly: ¢v became even more dominant
(importance = 0.44), while the role of Q. increased (= 0.19) relative to the horizontal section.
This reflects the different hydrodynamic regime in the vertical section, where holdup values
are an order of magnitude lower than in the horizontal section and the influence of drag forces

from the continuous phase on droplet residence time becomes proportionally more significant.
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The elevated importance of Af in the horizontal section (0.12 vs. 0.08 in vertical) is consistent
with the experimental finding that increasing pulsation intensity enhances (Koca)n through
increased drop breakage and interfacial area, while it reduces (Koca)v due to the dominance of
holdup reduction over interfacial area enhancement in the mixer settler operating regime of the

vertical section.

4.8 Comparison with Existing Empirical Correlations

A critical benchmark for the proposed ANN model is its performance relative to previously
published empirical correlations for Koca in pulsed sieve plate columns. Table 7 summarizes
the AARE values obtained when five established correlations developed for vertical and
horizontal pulsed columns under different chemical systems and column geometries were
applied to predict the Koca values of the present LPSPC dataset. The parity plot comparison for

the horizontal section is shown in Figure 11.

Table 7. AARE comparison between previously published empirical correlations and the ANN model

developed in this study, applied to the LPSPC experimental dataset. PSPC: pulsed sieve plate column.

Reference Column Type | Chemical AARE AARE Applicability
System Horizontal (%) | Vertical (%)

Smoot & Babb | Vertical PSPC | MIBK acetic 68.4 41.2 Not suitable

(1962) acid water

Smoot et al. Vertical PSPC | Pulsed sieve 74.1 52.8 Not suitable

(1959) plate

He et al. Vertical PSPC | Caprolactam 53.7 38.6 Not suitable

(2004) water

Jiao et al. Vertical PSPC | Standard 473 33.1 Not suitable

(2013) systems

Torab- Pulsed packed | Various 61.2 44.7 Not suitable

Mostofi &

Safdari (2009)

ANN (this LPSPC TAW & BAW | 4.83 5.62 Excellent

work)
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New LPSPC TAW & BAW | 9.30 10.17 Good
correlation

(this work)

As shown in Table 7, none of the five previously reported correlations yield acceptable
predictions for the LPSPC dataset. AARE values range from 47.3% to 74.1% for the horizontal
section and 33.1% to 52.8% for the vertical section errors that are 7 to 15 times larger than
those achieved by the ANN model. This outcome is consistent with the conclusions of Yadav
and Patwardhan (2008) and Kumar and Hartland (1999), who noted that correlations developed
for one column type and chemical system cannot be reliably extrapolated to other geometries,
particularly to the novel horizontal- vertical configuration studied here.

The systematic overprediction of Koca observed with all literature correlations in the horizontal
section is attributable to two structural differences: (i) the horizontal geometry produces
substantially higher dispersed phase holdup values (16-27%) compared to the typical 4-12%
range of vertical columns under similar operating intensities, leading existing correlations to
overweight the holdup contribution; (ii) the back mixing behavior and flow regime transitions
in the L-junction region of the LPSPC are not captured by any existing correlation. The ANN
model, trained directly on LPSPC data, implicitly encodes these geometric and hydrodynamic
particularities through the measured input features, circumventing the need for geometry

specific mechanistic corrections.

[ JiS (this work) ® Smoor & Babb (1962) @ Hoeral 2004) @ Jiaoeral (2013) ® Torab-Mostaedi (2009)

Figure 11. Comparison of predicted versus experimental Koca (X107 s) using the ANN model (this work)

and four literature empirical correlations. Dashed diagonal: perfect agreement (y = x); dotted lines: £10%

error bands.
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4.9 New Dimensionless Correlation for Shoc in LPSPC

Complementing the data driven ANN model, a new semiempirical dimensionless correlation
was developed for the overall continuous phase Sherwood number (Sho.) in the LPSPC, based
on the Reynolds number (Re), Schmidt number (Sc), and dispersed phase holdup (¢). The
Sherwood number formulation provides a physically interpretable, equation-based alternative
to the ANN that can be used directly in column design calculations without requiring a trained
model. The correlation was derived by nonlinear least squares regression on the full
experimental dataset, following the functional form established by Rafiei et al. (2018) for the
L- shaped column geometry:

Horizontal: Shec=74.35 Re'*! Sc. %% (1-9) [3.35 <Re <6.69] (12)
Vertical: Shoc=0.046 Re®*"® Sc.076% (1-¢) [60.71 <Re < 224.68] (13)

where Re = (ds2 us pc)/ pe, Sce = pe /( pe De), and us = ug/@ + uc/(1—9) is the slip velocity. The
factor (1—) serves as a correction for the crowding effect of adjacent drops on the continuous
phase mass transfer coefficient. After computing Shoc, the overall mass transfer coefficient Koc
is recovered via Shoc = Koc ds2 / De, and Koca is obtained by multiplication with the specific
interfacial area a = 6¢/d...

The AARE values for Equations (12) and (13) are 9.30% and 10.17% for the horizontal and
vertical sections, respectively acceptably low for a two-parameter dimensionless correlation
applied to a novel column geometry. Figure 12 presents parity plots of experimental versus
correlation predicted Shoc values, confirming satisfactory agreement across both chemical

systems and both column sections.

014w @5AW mmysy — s0%bands

Figure 12. Parity plots of experimental versus correlation predicted overall Shoc
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Figure 13 provides a direct visual comparison of the predictive accuracy achieved by the ANN
model and the dimensionless Shoc correlation (Eqgs. 12-13) across all 36 experimental runs in
each section. While both approaches yield acceptable agreement with experimental data, the
ANN consistently outperforms the correlation, reducing AARE by approximately 48% in the
horizontal section (4.83% vs. 9.30%) and 45% in the vertical section (5.62% vs. 10.17%).

e Experimental @ ann prediction B Sh, Correlation (Eqs. 17-18)

Figure 13. Run-by-run comparison of experimental Koca (x102 s') with ANN predictions and

dimensionless Shoc correlation predictions The ANN consistently tracks experimental data more closely,

particularly at extreme operating conditions.

The superior accuracy of the ANN is most pronounced at high pulsation intensities (Af > 1.0
cm/s) and high phase flow rates (Qq4 or Q. > 10 L/h), where the nonlinear coupling between
hydrodynamic parameters and mass transfer becomes particularly complex and cannot be fully
captured by a power law dimensionless correlation. The correlation, however, retains
significant practical value: it is explicit, requires no trained model, and remains valid for any
combination of Re and Sc. within the stated ranges, making it directly applicable to column
scaleup calculations where only physical properties and operating conditions rather than

measured drop sizes and holdups may be available.
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Figure 14. Summary bar chart of AARE (%) for all predictive approaches applied to LPSPC Ka data:

ANN (this work), dimensionless Shoc correlation (this work), and five literature correlations. Lower AARE

indicates better agreement with experimental data.

5. Conclusions

This study presented a comprehensive machine learning framework for predicting the
volumetric overall mass transfer coefficient (Koca) in an L-shaped pulsed sieve plate extraction
column (LPSPC) operating with two standard chemical test systems: toluene-acetone-water
(TAW) and n-butyl acetate-acetone-water (BAW). Three machine learning algorithms
Artificial Neural Network (ANN), Random Forest (RF), and Support Vector Regression (SVR)
were trained, validated, and tested on an experimental dataset comprising 36 operating
conditions per chemical system, covering the horizontal and vertical sections of the column
independently. The models were complemented by a new dimensionless Sherwood number
correlation, Pearson-based feature importance analysis, three-dimensional response surface
characterization, and residual diagnostics. The principal conclusions drawn from this work are

as follows.

1. Superior predictive performance of the ANN model. The ANN model, configured as
a two hidden layer multilayer perceptron (10-5 neurons, Bayesian regularization training),
achieved test R? values of 0.9856 and 0.9812 for the horizontal and vertical sections,
respectively, with average absolute relative errors (AARE) of 4.83% and 5.62%. These values
represent a substantial improvement over the RF model (test R = 0.9694 and 0.9631; AARE
= 7.34% and 8.17%) and the SVR model (test R* = 0.9488 and 0.9423; AARE = 9.91% and
11.24%), confirming the superior capacity of the ANN architecture to capture the nonlinear,

multivariable relationships governing mass transfer performance in the LPSPC. The Bayesian
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regularization training algorithm effectively prevented overfitting on the relatively small
experimental dataset without requiring a separate regularization tuning step. This confirmed
that the ANN's predictive advantage over competing models is statistically significant and not

an artifact of the train-test split.

2. Inadequacy of existing literature correlations for the LPSPC geometry. When five
established empirical correlations for Koca in conventional vertical pulsed sieve plate columns
(Smoot and Babb, 1962; Smoot et al., 1959; He et al., 2004; Jiao et al., 2013; Torab-Mostaedi
and Safdari, 2009) were applied to the LPSPC dataset, AARE values ranged from 47.3% to
74.1% in the horizontal section and from 33.1% to 52.8% in the vertical section errors 7 to 15
times larger than those of the ANN model. This outcome demonstrates unequivocally that
correlations developed for standard vertical column geometries cannot be reliably extrapolated
to the L-shaped configuration, where the horizontal section operates in the dispersion regime
with markedly higher dispersed phase holdup (16%-27%) and where the Junction introduces
hydrodynamic transitions not represented in any existing correlation. The ANN model
circumvents this limitation by directly encoding the geometry specific hydrodynamic behavior
through the measured input features (ds2 and ¢), without requiring mechanistic correction

factors.

3. New dimensionless Sherwood number correlation. As a complementary contribution,
a new semiempirical Shoc correlation was developed for the LPSPC, expressed in terms of the
Reynolds number, Schmidt number, and dispersed phase holdup. The correlation achieved
AARE values of 9.30% (horizontal) and 10.17% (vertical) acceptable for a two-parameter
dimensionless formulation and substantially more accurate than all five literature correlations
evaluated. While the ANN model reduces AARE by approximately 47-45% relative to this
correlation, the latter retains significant practical value as an explicit, equation-based design
tool applicable when only operating conditions and physical properties are available, without

the need for a trained surrogate model.

4. Feature importance and physical interpretability. Random Forest feature importance
rankings consistently identified dispersed phase holdup (¢) and mean drop size (ds2) as the two
dominant predictors of Koca in both column sections, collectively accounting for approximately
70% of first-order output variance in the horizontal section and 63% in the vertical section.
This finding is physically consistent with the fundamental relationship Koca = Koc * (6¢9/d32),

confirming that the machine learning models have extracted the correct underlying structure of
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the mass transfer problem. The remaining 30%-37% of variance is attributable to the operating
conditions (Af, Q4, Qc) and, critically, to pairwise input interactions which account for
approximately 41% of total output variance and are not representable by any additive power
law correlation. The inclusion of directly measured hydrodynamic parameters as model inputs,
rather than relying solely on operating conditions, was found to be essential for achieving sub-

10% prediction error.

5. Opposing roles of pulsation intensity in the two column sections. Three-dimensional
ANN response surface analysis revealed that pulsation intensity (Af) exerts qualitatively
opposite effects on Koca in the horizontal and vertical sections: increasing Af enhances (Koca)n
through drop breakage and interfacial area expansion (dispersion regime), while
simultaneously reducing (Koca)y through holdup suppression (mixer settler regime). This
antagonism, which is correctly reproduced by the ANN model but cannot be captured by any
single section correlation, implies that pulsation intensity must be treated as a compromise
variable in LPSPC design. Based on the ANN response surfaces, an Af range of approximately
0.85-1.00 cm/s represents the practical optimum for balanced mass transfer performance across

both column sections under the studied flow rates.

6. Chemical system dependence and mechanistic inversion. The ANN model correctly
reproduces the experimentally observed system specific performance reversal between the two
column sections: TAW outperforms BAW in the horizontal section (Koca,h ratio = 1.08-1.18),
while BAW outperforms TAW in the vertical section (Koca,v ratio = 0.70-0.80). This inversion
1s mechanistically attributed to the competing effects of interfacial tension (governing drop size
and specific interfacial area) and distribution coefficient (governing the continuous phase mass
transfer driving force), which manifest with different relative weights in the two distinct
hydrodynamic regimes of the LPSPC. The accurate prediction of this qualitatively complex,
section dependent contrast by the ANN model without any explicit chemical system encoding
demonstrates the model's ability to internalize these mechanisms through the measured

physical inputs.

Data Availability Statement

All data generated or analysed during this study are included in this published article and its

supplementary information files.
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Nomenclature

a Specific interfacial area, (m?/m?)
A Amplitude of pulsation, (m)

Af Pulsation intensity, (m/s)

D Molecular diffusivity, (m?*/s)

ds2

Sauter mean diameter, (m)

f Frequency of pulsation, (Hz)

H Column length, (m)

K Mass transfer coefficient, (kg/m? s)

Pe Péclet number (= HU/E)

Pe. Continuous phase Péclet number for droplet dispersions ( =dyl, /D, )
0 Volumetric flow rate, (m?/s)
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Re Reynolds number ( - dyu,p, / ruc)

S Column cross section area, (m?)
Sc Schmidt number (= p/(pD) )
Sh Sherwood number ( = kd, /D )
Shoc Overall continuous phase Sherwood number ( = Kooy / DC)
U, Superficial velocity of continuous phase, (m/s)
Uq Superficial velocity of dispersed phase, (m/s)
Us Slip velocity, (m/s)
|4 Volume, (m%)
X Weight percent of solute in the continuous phase
X Continuous phase concentration ( =X= Xi"/ Xou = Xin )
y Weight percent of solute in the dispersed phase
Y Dispersed phase concentration (= y-y f”/ You=Yin )
z Axial dimension of column, (m)
Z Dimensionless length
Greek Letters
a Continuous phase back flow coefficient
s Dispersed phase back flow coefficient
¢ Holdup
K Viscosity ratio (= Ho lH <)
Density, (kg/m?)
o Interfacial tension between two phases, (N/m)
Q mQ,p4/Q; P,
Subscripts
Continuous phase
d Dispersed phase
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Appendix A.

The values of the dispersed phase holdup, mean drop size, and extraction efficiency are
presented in Tables Al and A2 for the water-acetone-toluene and water-acetonebutyl acetate

systems, respectively.

Table Al. The values of the dispersed phase holdup, the mean drop size and the extraction efficiency for

the water acetone toluene system

Operating conditions Horizontal section Vertical section
Extraction
Run Af (emfs) Q. Qa ds2 Holdup d32 Holdup efficiency
(lit/hr) (lit/hr) (mm) (%) (mm) (%)

1 0.60 8 8 1.8 25.8 3.3 2.0 0.87
2 0.80 8 8 1.5 22.6 3.2 1.7 0.92
3 0.95 8 8 1.3 20.0 2.9 1.3 0.94
4 1.10 8 8 1.1 18.6 2.7 1.1 0.96
5 0.95 8 6 1.2 17.5 2.9 1.0 0.90
6 0.80 8 10 1.6 22.6 3.2 2.2 0.96
7 0.95 8 12 1.4 27.0 3.0 1.4 0.91
8 0.95 8 10 1.3 23.0 2.9 1.8 0.93
9 0.80 8 12 1.6 22.6 3.3 2.3 0.91
10 0.95 6 8 1.2 18.0 2.9 1.0 0.89
11 1.10 10 8 1.2 20.6 2.7 1.7 0.94
12 0.80 6 8 1.4 22.9 3.1 1.3 0.87
13 0.95 10 8 1.3 22.0 3.0 1.6 0.95
14 1.10 12 8 1.3 22.6 2.8 2.2 0.98
15 0.95 12 8 1.4 24.0 3.0 2.0 0.97
16 1.10 6 8 1.0 16.5 2.7 1.0 0.90
17 0.80 8 6 1.4 22.5 3.1 1.4 0.88
18 0.60 6 8 1.7 26.7 33 1.6 0.85

Table A2. The values of the dispersed phase holdup, the mean drop size and the extraction efficiency for

the water acetone n-butyl acetate system

Operating conditions Horizontal section Vertical section
Extraction
Run Q. Qu ds2 ds2 .
Af (cm/s) Holdup (%) Holdup (%) efficiency
(lit/hr) (lit/hr) (mm) (mm)
1 0.60 8 8 1.5 233 2.5 2.2 0.89
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