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Abstract

The objective of this research is to develop an open-source Python-based surface
complexation modeling program to estimate the acidity of biological surface. Several
computer software already exists with such function installed, such as ProtoFit and
FITEQL. However, these programs lack capabilities in constraining fitting parameters,
resulting in model fits that are not necessarily justified by the input data. Here, a new
Python-based model algorithm was developed to estimate surface acidity and protonation
constants for biological surfaces. The program was developed based on the algorithm of
ProtoFit, and improved to allow for user-defined boundary conditions for model fitting
parameters. This model was tested on potentiometric pH titration data for suspensions of
Pseudomonas fluorescens and Bacillus subtilis bacterial cells and suspensions of
colloidal particles (e.g., extracellular vesicles) that were isolated from cell cultures.
Model testing was also performed for titration data collected for aqueous buffer solutions

with known chemical species and concentration.

The estimated surface acidities from Python script and ProtoFit are compared, and error
analysis was conducted. Error analysis showed that the Python script modeled the
titration data with lower curve-fitting error than models by ProtoFit, which suggests a
better optimization performance in Python script. However, the model comparisons for
the aqueous buffer titrations (for which acidity constants were known) did not showing

such trend. We believe that is because experimental error is much larger than model error



in our setups. Therefore, variance-based sensitivity analysis was further conducted on the
Python script, and the result shows that the titrant concentration (N _tit) and adsorbent

mass (M_ads) were two variables that contributed the most variance in our model output.
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1. Introduction

The significance of bacterial cells as geochemically reactive solids is highlighted by their
capacity to adsorb metal cations in agueous environment. Such adsorption is conducted
by the acidic functional groups on their surface (Martinez et al., 2002). In recent years,
extensive research has been conducted on the acid-base properties of bacterial surfaces.
Bacteria surface acidity is measured by functional group concentration and an acid
dissociation constant, Ka (Harris, 2010). A general approach to estimate the surface
ionization constants of bacteria is by applying adsorption models, such as surface
complexation model (Fein et al., 1997). Surface complexation models are chemical
models that simulate specific ion adsorption by applying chemical equilibrium principles
(Goldberg, 2013). In this case, exterior functional groups on bacterial surfaces can be

regarded as cation sorption sites that can exhibit protonation and deprotonation behavior.

Usually, instead of proceeding calculation by hands, researchers would use computer
modeling software to estimate sorption site concentrations and the corresponding
equilibrium constants of a sorption effect, and ProtoFit is one of those software. ProtoFit
is a widely used computer modeling software that applying surface complexation model
to analyze the acid-base titration data of an unknown material (Turner & Fein, 2006). In
previous studies, ProtoFit has been used to estimate the surface protonation constants of
plant body such as modified pine bark (Khokhotva & Westholm, 2017), aqueous

suspensions such as diatomite (Ma et al., 2015), minerals such as bituminous shale



(Ortaboy & Atun, 2014), and also bacterial surface (Pouran et al., 2018).

However, several issues exist within ProtoFit, which preclude it from being considered an
ideal computer modeling software for accurately estimating the protonation constants of
bacterial surfaces. Problems with ProtoFit include but not limited to: 1) generating non-
physically acceptable results, exemplified by pKa values falling outside the titration pH
range, 2) collapse of the software when excessive number of guesses are given, 3) model
outputs being highly sensitive to the values of initial guesses, 4) time-consuming and less
repetitive process of making input files. The limitations of ProtoFit serve as the impetus
for our development of a Python-based code that utilizes ProtoFit's algorithm for the
biological surface acidity approximation. This study addresses how the Python script was

developed, and how its performance comparing with ProtoFit.

For comparing the model performance between ProtoFit and our new developed Python
script, two common environmental bacteria species, the gram-negative Pseudomonas
fluorescens and the gram-positive Bacillus subtilis, and their isolated bio-colloid, as well
as buffer mixture solutions with known chemical species and concentration were used as
experimental materials. Potentiometric titrations were conducted on each sample, and the
recorded titration data was used as model input data. The estimated model outputs from
the two software were compared and accuracy was evaluated in error analysis section
(section 6). For accessing where the experimental error majorly comes from, a variance-

based sensitivity analysis was conducted on the Python-based model in section 7.



2. Background

2.1 Surface Complexation Model

Adsorption is a process that free moving ions or particles are trapped by a solid surface
(Goldberg, 2013). Bacterial surface adsorption is widely used in diverse fields, such as
wastewater treatment and removal of toxic metal ions in natural water. Adsorption by
biological surface is classified as specific adsorption since the sorption sites are exterior
functional groups on the bacterial surface. Examples of surface functional groups on
bacteria include hydroxyl, carboxyl, and phenol groups (Schiewer & Volesky, 1995).
Proton dissociation or association reactions of these surface functional groups makes the
cellular surface have charges to form chemical bonds with cations like heavy metals

(Wang et al., 1997), which is described as the following pair of chemical reactions:
=SOH + H* & = SHj
=SOH &»=50"+H*

Where =SOH represents a reactive surface functional group.

The surface complexation model family includes the constant capacitance model, diffuse-
layer model, triple-layer model, Donnan shell model, and non-electrostatic adsorption
model (Goldberg, 2013). For biological surface acidity estimation, a non-electrostatic
adsorption model is applied in Python script. Please refers to Algorithm section (section

4) for specific computational process of surface complexation models in Python code.



2.2 ProtoFit

ProtoFit is a widely used computer modeling software program that employs the surface
complexation model for analyzing the acid-base titration data of an unknown material.
This software was developed by Benjamin F. Turner from the University of Notre Dame
in 2004 (Turner & Fein, 2006). ProtoFit requires various input data, including volumes of
titrant added versus pH values, titrant concentration, number of adsorptive sites, and
initial estimates of the adsorptive site equilibrium constants and concentrations. The
output results of ProtoFit include the equilibrium constants and concentrations of each
adsorptive site, along with several data visualization plots. ProtoFit has various
advantages in determining the surface protonation constants of adsorbents. First, it is an
easy-to-use computer software with a simple interface that delivers high efficiency.
Second, it enables visualization of adsorbent buffering behavior by generating titration
curves of modeled results and raw data for comparison. Third, it incorporates an intrinsic
error analysis algorithm that allows users to adjust initial guesses and settings to obtain

more accurate results. (Turner & Fein, 2006)

However, after personally using ProtoFit to analyze titration data, we found that ProtoFit
is not without its shortcomings. Notably, the adsorption constants yielded by the software
are highly susceptible to the initial guesses provided, often requiring the tests of multiple
initial guesses with slight alterations to obtain satisfactory outcomes. Furthermore, there
are issues regarding the reliability of the results, as equilibrium constants occasionally

falling outside the titration range, such outcomes are regarded as non-physically



acceptable. The program's stability is another concern, particularly when implementing
the 3-site or 4-site model, an excessive number of guesses during optimization may result
in software collapse. Additionally, the input-file generation process of ProtoFit is both
time-consuming and less replicable, therefore weakening its efficiency in processing
large datasets. These limitations have prompted us to develop a new surface acidity

approximation model from ProtoFit’s algorithm on Python.

The major update we made on Python is adding adjustable boundaries on the adsorption
constants during optimization process. Such improvement could assure the model outputs
converging to an acceptable range, meanwhile reinforce the program’s stability when
implementing the 3-site or 4-site model. Simultaneously, we decided to switch the
optimization method from direct search to Powell's method, which is believed to improve
the accuracy and efficiency of the optimization process. Furthermore, the error parameter
which is being minimized during optimization is normalized by logarithm base 10 to
increase the accuracy of the model. Moreover, the format of the input file is changed
from .txt to .xlIs to make the input-file generation process much easier when processing
large datasets. Finally, the Python-based model allow users to type in volume of acid or

base added before the first input titration point.



3. Material and Experimental Method

3.1 Bacteria Cultivation

In this study, two common environmental bacterial species, the gram-negative
Pseudomonas fluorescens and the gram-positive Bacillus subtilis, were cultivated as
adsorbent to compare the accuracy between two titration data analysis tools. All
replicates of bacterial cultures started from streaking King’s broth agar plates with frozen
stocks of P. fluorescens and B. subtilis maintained at -80°C. After incubating for a day at
30°C, a colony from the agar plate was taken to inoculate a 100 mL KB starter culture.
The starter culture was then incubating overnight at 30°C with shaking at 150 rpm. Then
1 mL of that starter culture was used to inoculate two 500 mL cultures for a total of 1L of

KB media, and grown, shaking at 150 rpm, overnight to early stationary phase.

3.2 Cells and Bio-colloid Isolation

To prepare the bacterial suspensions for titration, degassed 0.1 M NaCl solution was
premade by bubbling N2 gas through the solution for over 30 mins. The 1L KB culture
with bacteria grew to early stationary phase was then centrifuged at 10,000g for 10 mins
to roughly separate cells and bio-colloid. Supernatant which mainly contains bio-colloid
was decanted out from the centrifuge tubes. After collecting cells that pellet at the bottom
into two 50 mL centrifuge tubes, they were washed with the degassed 0.1 M NaCl and
centrifuged for 3 times. After the last centrifuge, mass of the cells was determined, and
pellet cells were resuspended in degassed 0.1 M NacCl till a cell concentration about 0.03

g/mL. About 7 mL of diluted cells was used as one sample for the subsequent acid-base



titration. A total of 6 bacteria samples (3 for B. subtilis and 3 for P. fluorescens) were

prepared and conducted titration experiments.

For the purification of bio-colloids produced by the microorganisms, the supernatant
from first centrifugation of the 1L KB culture was vacuum filtered through a 0.45-micron
PES filter to remove cells. Then a 750kDa cross flow filter was used to concentrate the
supernatant to 38.5 mL. Final filtration to ensure sterility was performed by passing
through a syringe filter with 0.2-micron PES. The filtered solution was then
ultracentrifuged at 170,000g for two hours to pellet bio-colloid material. The resulting
pellet was then resuspended in 5 mL degassed 0.1 M NacCl electrolyte solution.
Therefore, each 1L KB culture would only produce 5 mL of bio-colloid suspension for
the subsequent acid-base titration. A total of 6 bio-colloid samples (3 for B. subtilis and 3

for P. fluorescens) were prepared and conducted titration experiments.

The size distribution of bio-colloid suspension was measured by dynamic light scattering
(DLS), and the results showed a relatively uniform size distribution with a z-average
diameter of 139 nm for isolation of colloidal materials from B. subtilis and 112 nm for
colloids in the P. fluorescens cultures. Light microscopy images (Figure 1) indicated
large abundances of extracellular vesicle particles in these fractions as well as flagella

strands.



Figure 1.Light microscopy images of isolated bio-colloid suspensions of B. subtilis (top row) and P.
fluorescens (bottom row).

3.3 Buffer preparation

In this study, four different aqueous buffer solutions were prepared to test the accuracy in
protonation constants estimation of ProtoFit and Python script. Four pure buffer solutions
(citric acid, cysteine, acetic acid, and boric acid) were first made in 500 mL volumetric
flasks, with degassed 0.1 M NacCl as solvent, and 0.01 M as their target concentration.
Two of the pure buffers (citric acid and cysteine) were titrated immediately, in part to
prevent degradation of cysteine. Two buffer mixture solutions (citric acid & cysteine
mixture, boric acid & acetic acid mixture) were then prepared with resulting
concentration recorded. About 5 mL of the two pure buffers, or 6 mL of the two buffer
mixtures was pipetting into a 15 mL centrifuge tube to proceed acid-base titration. A total
of 8 buffer solution samples (2 for each species) were prepared and conducted acid-base

titration experiments.



3.4 Acid-base Titrations

Potentiometric titration experiments were conducted on bacteria, bio-colloid and aqueous
buffer samples, and the result titration datasets are used to test the accuracy of the two
titration analysis tools. All titration experiments were performed using a pH meter
(Oakton pH 150) with 0.1 M NaOH or HCI as titrant, and 15 mL centrifuge tubes as
sample containers. The strong acid and base titrants were diluted from TitriPur 1 N stocks
of NaOH and HCI respectively. Addition of titrant was done manually using calibrated
pipettes. The bio-colloid and bacterial suspension samples was first acidified to pH 3 by
adding 0.1 M HCl titrant. Then, 10 microliter aliquots of 0.1 M NaOH titrant was added
to the sample and a pH reading was recorded after an 20 seconds stabilization periods.
This titrant addition process was repeated until pH 10 was reached. For the titration of
aqueous buffer solutions, the samples were first acidified by adding 0.1 M HCI until the
reading on pH meter is at least 0.5 less than the buffer’s lowest theoretical pKa. Then, 10
microliter aliquots of 0.1 M NaOH titrant was repetitively added to the sample until the

reading on pH meter is at least 0.5 above the buffer’s highest theoretical pKa.



4. Algorithm

The Python code was based on the algorithm of ProtoFit with major improvements for
the optimization process (The algorithm that is covered in this section is the Python script
version. For more information about ProtoFit, please refer to ProtoFit user’s manual).
The algorithm method in this section mainly describes the protonation balance equations
to predict the quantity of hydrogen ions that transferred from the aqueous phase to the
surface functional groups during the acid-base titration process. Utilizing input
parameters and initial guesses of protonation constants, a simulated titration curve is
generated by using non-electrostatic adsorption model. In order to ensure that the
simulated titration curve adheres to a smooth polynomial function, a polynomial
regression matrix is utilized for shape constraint. The optimization method is
subsequently utilized to minimize the deviation between the experimental and modeled
titration curves by modifying initial guesses of protonation constants. The modeled
titration curve is obtained by considering pH value as the independent variable and titrant

volume as the dependent variable.

4.1 Analysis of titration data
With the raw titration data recorded, the amount of proton added to the system after each

addition of titrant aliquot (Ann+, wtal, i) can be calculated by the following equation:
Anyy totari = AVi " Nacia (1.1)

Where Ann+, total 1S the total amount of proton added in the system; i refers to titration
steps (number of titrant aliquots already added to the titrate); AV is the volume of titrant

10



added; Nacid refers to the concentration of the titrant (negative value if base). The proton

mass balance equation can also be written as:

AnH+,l:otal,i = AnH+,wal:,i + AnH+,ads,i (1.2)

Where the three Ann+ terms respectively refer to the amount of proton in total, in water,

and in adsorbent. The value of Ann+, wat is found by solving the following equation:

(1.3)

10—171‘1,: 1014-+pHi 10—pH0 1014+pH0
Anpywati = Vi = —V

YiH+ YioH- Yo,H+ Yo0,0H-

Where Vo and pHo are the initial volume and pH of the titrate; yu+ and yon- denotes to the
activity coefficient of hydrogen and hydroxide ions in aqueous solution. To find the
activity coefficients (yn+ and yon-), the ionic strength (I) of titrate solution needs to be

firstly gained by using the general equation:

I =% cezt (1.4)

Where c is the molar concentration (mol/L) of a dissolved ion species, and z is the charge
of that ion species. The sum symbol means all dissolved ion species should be taken into
consideration for computing ionic strength. After the ionic strength is known, Davies
equation, among multiple ways to estimate activity coefficient (y) from ionic strength, is

applied here:

Ii
logy; = —Az? (%ﬁl - 0.3Il-) (1.5)

Where A is a constant equal to 0.5092, z denotes charge of ion. Since we are only finding
activity coefficient of hydrogen and hydroxide ions, the value of z? should be equal to 1

in this context.

11



Meanwhile, the amount of proton transfer from solution to adsorbent (Qads) is normalized

by the adsorbent mass (Mads) as follows:

Mgy ads,i
= — 1.6
Qads,l Mgds ( )

Where the value of Ann+, ads, i iS found by combining equation 1.1, 1.2, and 1.3.

4.2 Correlate Qags With pH values by using Polynomial Regression

To numerically correlate the amount of proton transfer (Qads) with the pH values from
titration data, polynomial regression, which is performed using a series of matrix for
multiple regression operations, is applied. Here assumes that for every 5 adjacent data

points, the relation between Qads and pH is a quadratic polynomial:
Qads = bO + blx + b2x2 (21)

Where X represents the pH values, bo, b1, and b2 are constant parameters. Notice that each
pH value from experimental titration data would have a particular set of constant
parameters. For the first and last 2 pHs, simply assume that their constant parameters
respectively equal to the parameters of the third and the antepenult points. In our python
code, the values of bo, b1 and b2 were found by using curve_fit command from scipy
package. After bo, b1, and b2 are known, the slope of the above function is the derivative

of Qads:
Qaas = by + 2byx (2.2)

Since the derivative Qads’ usually yields negative values, here a new variable Qads* that

convert the derivative into positive values is defined for the convenience of calculation:
12



* dqQ ’
Qaas = T —Qaas (2-3)

Values of Qads™ Will be used for subsequent optimization and error analysis (See section

4.4).

4.3 Surface Complexation Model Calculation

Here we are using non-electrostatic adsorption model (NEM) to simulate the titration
process. By applying NEM, we assume that all functional groups are monohydrogenated
and can only exhibit acid behavior (no =RH2* exist). Then the surface protonation

reaction can be written as:
=RH ==R™+H" (3.1)

Where “=R™ represents a reactive surface functional group species. At equilibrium, the

mass action expression for such reaction is:

{ERTHH*'} _
=TT (3.2)
Which constrained by the mass balance equation:
{ZRH};,; ={=RH°}+{= R} (3.3)

Where {} denotes the concentration of that species, K is the equilibrium constant. After
combining equation 3.2 and 3.3, {=R"} can be solved if knowing {=RH}tot, equilibrium

constant K, and pH:

10~PH )
K+10~PH

(=R} = (= RH}eor ( (34)

With an established value n as the number of types of sorption sites for the sample, the

equation to find total surface charge (i) at each pH value of a titration set is:

13



6; = (2) Zu(—{= R }in) (35)

where Fq is Faraday’s constant, and SSA is specific surface area. For 2-site, 3-site, and 4-
site models, the number of sorption sites (n) are respectively equal to 2, 3, and 4. Then
the amount of proton transfer from solution to adsorbent (Fags) simulated by the NEM can

be calculated by normalizing the change of total surface charge (o):

Faas(@) = (22) (6 — o) (36)

Fq
where o1 is the total surface charge at the initial titration point. Notice that for NEM,
Faraday’s constant (Fq) and specific surface area (SSA) would be cancelled out after
substituting oi from equation 3.5 into equation 3.6. After Fads is found, the values of Fads’
and Fads™* are computed using the same polynomial regression method shown in section
4.2. Notice that the arrays of Fads* and Qads* should have the same dimension as the

titration dataset.

4.4 Error Analysis and Optimization
This algorithm has intrinsic error analysis for both experimental and polynomial
regressive errors. Equation 2.2 shows that Qaas* is linearly correlated with pH with

parameters bi and bz, then the variance of the slope is estimated as:
V(Qias) = V(by) + 4x;Cov(by, by) + 4x2V(b,) (4.1)

where V() and Cov() respectively represent variance and covariance, b1 and bz are
parameter arrays computed in section 4.2, and x; are pH values. The result variances

reflect the uncertainty caused by experimental noise.

14



Then the total error (SS*) can be computed by a weighted sum of squares objective

function:

* Zi(F;ds_Q(;dsf)
SS*=lo (—W 4.2
J1o ZzV(QZ;ds)O'S (4.2)

where w is the error weighting parameter, which is usually assigned as 1. The numerator
of this equation represents the squared error between the amount of proton transformation
calculated from the raw titration data and from NEM simulation. In other words, it shows
the squared error between “real values” and “model values”. The denominator reflects the
uncertainty caused by experimental noise. Adjusting the value of w would change the
weight of experimental uncertainty in optimization. The total error is normalized by

common logarithm (base 10) to increase the optimization accuracy.

Upon initiation of the optimization process, the program continuously modifies the initial
guesses of acid dissociation constants - i.e., the Ka value and total concentration for each
type of site, which refer to K and {=RH }wt in equation 3.4) until the error parameter
(SS*) reaches a local minimum. This optimization method differs from ProtoFit, which
employs direct search for optimization. Our approach utilizes Powell's method to enhance
the accuracy and efficiency of optimization. Furthermore, to restrict the range of output
during optimization, we imposed adjustable parameter boundaries on every model output.

The optimization process is performed using the scipy.optimize package in Python script.

15



4.5 Simulating a Titration Curve by Model Outcomes

To visually compare the accuracy between Python script and ProtoFit, a simulated
titration curve (titrant volume vs. pH) is made. Since the pH is treated as an independent
variable through the algorithm, an array of titrant volume (AV) could be reproduced
upon the model outputs. The computation process is basically the reverse of section 4.1.

The modeled proton transformation in adsorbent is computed from Fads as:
An;—lnf,cclliils = Maas * Faas (5.1)

Where Mags is the mass of adsorbent. Then the total proton transformation is found by
adding the proton transformation in water (Anw+, wat):

model __ model
AnH+,tot - AnH+,ads + AnH+,wat (5-2)

Then the modeled series of titrant volumes is computed by:

model

AVmodel — ATLH+,tot (53)

Nacid

where ANacid refers to the molarity of the titrant.

16



5. Results and Discussion

5.1 Biomaterials Titrations

Given the lack of knowledge regarding the precise number of sorption sites on the cell
envelope surfaces of B. subtilis and P. fluorescens, titration data obtained from the
biomaterial was subjected to model using 2-sites, 3-sites, and 4-sites models in Python
script and ProtoFit. The optimal number of site model was determined based on its ability
to produce the best fitting curve to the experimental data. Figure 2 displays the
comparison of simulated titration curves generated by Python script and ProtoFit,
whereas Table 1 presents the acid dissociation constants and site concentrations obtained
from the two modeling approaches. For both bacterial species and their isolated bio-
colloidal fractions, the 2-sites curve was always on the left of the original titration curve
and predicting that less volume of titrant was needed to reach higher pH.These results
suggest that the 2-sites model is an underestimation of the biological surface acidity for
the two tested bacterial species. For these reasons, | excluded the 2-site model outputs in

Table 1.

Calculations that employed a 3-site resulted in significant improvements to model fit
compared to the predictions by the 2-site models. The 4-sites model consistently
produced the best fit to the original titration curve, thereby signifying it being the most
suitable model in this context. Potentiometric titration on P. fluorescens’ bio-colloid
(Figure 2.G and 2.H) presents as a special case here, since the 3-sites and 4-sites model

exhibited equal fitting performance by visual inspection.
17



Upon comparison of the graphs generated by the Python script (on the left) and those
produced by ProtoFit (on the right), it is evident that the former exhibits an advantage in
accurately fitting the original titration curve, especially when exerting 3-sites and 4-sites
simulations. For a more detailed examination of the curve fitting errors, please refer to

the Error Analysis section (section 6).

B. Subtilis Cells (Python) B. Subtilis Cells (ProtoFit)
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B. Subtilis Bio-Colloid (Python)
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Figure 2. Representative potentiometric titration experiments for B. subtilis (A, B) and P. fluorescens
(C, D), and isolated colloid material from B. subtilis (E, F) and P. fluorescens (G, H) with 2, 3, and 4
site modeling curves generated by our developed Python script (A, C, E, G) and ProtoFit (B, D, F, H).
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Table 1. Summary of protonation constants computed by Python script and ProtoFit for
biomaterials. Values for the acid dissociation constants pKa and logarithm of the total site
concentration logC represent the averages and standard deviations (s) from triplicate samples.

Python Protofit
Species # of sites pKa o (pKa) logC [mol/g_‘,l o (logC) pka o (pKa) | logC(mol/g) | o (logC)
4.74 0.21 -1.07 0.09 5.06 0.22 -1.15 0.09
3 7.40 0.38 -1.24 0.03 7.18 0.48 -1.35 0.08
9.65 0.09 -1.08 0.01 9.22 0.52 -1.14 0.04
B.S. Cells 4.47 0.35 -1.14 0.12 4.60 0.28 -1.16 0.09
4 6.21 0.52 -1.35 0.08 6.35 0.51 -1.35 0.07
8.15 0.15 -1.35 0.02 8.33 0.38 -1.31 0.07
9.90 0.25 -1.08 0.05 10.09 0.21 -1.07 0.04
4.88 0.16 -1.11 0.11 5.66 1.01 -1.25 0.23
3 7.35 0.46 -1.30 0.11 6.46 1.24 -1.30 0.10
9.63 0.05 -1.06 0.02 9.21 0.51 -1.12 0.04
P.F. Cells 4.71 0.13 -1.17 0.14 4.69 0.14 -1.20 0.13
a 6.38 0.25 -1.41 0.07 6.40 0.42 -1.40 0.06
8.05 0.32 -1.49 0.23 8.18 0.63 -1.40 0.23
9.76 0.12 -1.09 0.04 10.03 0.31 -1.05 0.03
4.80 0.15 -1.07 0.11 5.64 1.04 -1.19 0.26
3 6.88 0.51 -1.32 0.11 6.38 1.23 -1.30 0.09
B.S. 9.64 0.03 -1.05 0.03 9.45 0.12 -1.08 0.03
Bio-Colloid 4.66 0.13 -1.13 0.14 4.63 0.05 -1.16 0.14
4 6.16 0.44 -1.38 0.06 6.15 0.49 -1.38 0.05
7.81 0.42 -1.57 0.20 7.90 0.66 -1.49 0.21
9.76 0.12 -1.06 0.05 9.88 0.36 -1.06 0.02
4.82 0.13 -1.07 0.11 5.48 1.15 -1.20 0.25
3 6.85 0.46 -1.37 0.04 5.95 0.70 -1.38 0.14
PE. 9.64 0.04 -0.97 0.10 9.26 0.35 -1.08 0.02
4.67 0.11 -1.14 0.12 4.64 0.07 -1.16 0.14
Blo-Colloid 5.93 0.19 -1.41 0.04 5.91 0.09 -1.43 0.06
4 7.76 0.34 -1.62 0.12 7.67 0.26 -1.57 0.08
9.69 0.03 -0.98 0.10 9.65 0.03 -1.00 0.09
Average 0.23 0.09 0.48 0.10

As described in the Material and Experimental Method section, three samples of each
biomaterial kind were conducted acid-base titration experiments and the subsequent
model simulations. Therefore, the protonation constants presented in Table 1 are average
values and respective standard deviations obtained from the titration data of three
replicate samples. In general, the protonation constants obtained using the Python script
are more stable than those obtained using ProtoFit, as they are spanning less variance in
both pKa and log concentration. Specifically, for equilibrium constants, the average

standard deviation of pKa obtained from the Python code is only 0.23, whereas that
20



obtained from ProtoFit is 0.48. Other interest discovery is that the 4-sites model generates
the least difference in constant values between Python script and ProtoFit comparing with
2 and 3 sites simulation. Moreover, the first pKa values estimated by Python code is

always smaller than those estimated by ProtoFit in 2-sites and 3-sites simulation.

5.2 Buffer Solutions Titrations

The relative accuracy of the developed Python code and ProtoFit in was further compared
modeling titration data for synthetic aqueous buffer solutions with known acidity
constants for the chemical species and concentrations. The acid dissociation constants of
citric acid, acetic acid, and boric acid were obtain from reference materials: Soil and
Water Chemistry textbook written by Essington (Essington, 2015), and that of cysteine
were cited from Vanderbilt University’s amino acid physical properties webpage. The
theoretically accurate protonation constants, and the constants generated by surface
acidity estimation programs based on the experimental titration data are all displayed in
Table 2. As described in Material and Experimental Method section, two trials of each
buffer solution were conducted acid-base titration experiments and subsequent model

simulations. Therefore, the values presented in Table 2 were averaged from the two trials.

One thing needs to be clarified here is that cysteine is actually a ternary acid instead of a
dibasic acid, with the deprotonation constant of its carboxyl group is equal to 1.92.
However, this pKa value is relatively low compared to the other two acidity constants and
the quantification of this first pKa value is difficult to ascertain due to the protonation of

the aqueous solvent at pH values near 2. Therefore, the equilibrium constant of carboxyl
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group deprotonation was excluded in this context. A similar situation comes to the
titration of cysteine and citric acid mixture buffer solution. Both cysteine and citric acid
are ternary acids, but their lowest pKa values were excluded to enable the 4-sites model

simulation.

Table 2. Summary of protonation constants computed by Python script and ProtoFit for buffer

solutions.
pKa logC (mol/kg)
chemical # of sites real python protofit real python protofit
3.13 2.91 2.88 -2.00 -1.88 -1.89
citric acid 3 4.76 4.47 4.44 -2.00 -1.97 -1.96
6.40 5.67 5.71 -2.00 -2.00 -1.99
8.37 8.24 8.25 -2.00 -1.99 -1.99
cysteine 2
10.70 10.51 10.46 -2.00 -1.95 -1.95
4.76 3.94 3.48 -2.30 -2.15 -1.94
cysteine & citric 4 6.40 5.55 5.55 -2.30 -2.28 -2.19
acid mixture 8.37 8.34 8.29 -2.30 -2.27 -2.31
10.70 10.56 10.51 -2.30 -2.24 -2.25
acetic & boric > 4.76 4.60 4.59 -2.00 -1.97 -1.99
acid mixture 9.15 9.04 9.05 -2.00 -1.99 -2.01

When simulating buffer titrations, there was little discrepancy between the protonation
constants generated by the Python script and those obtained by ProtoFit, unlike
biomaterials. The estimated acidities of cysteine, and acetic & boric acid mixture were
relatively accurate for both programs and consistent with the theoretically real values. For
citric acid buffer solution, the most significant difference between simulated constants
and real constants was due to the first log concentration and the highest equilibrium
constant. Similarly, for the citric acid and cysteine mixture buffer titration, the primary
error in the model outputs was caused by the two equilibrium constants of citric acid and
the first log concentration of citric acid. A noteworthy fact is that both modeling
programs were underestimating the pKa values, while overestimating the log

concentrations for buffer titration simulations. Such inconsistencies could be possibly
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caused by inner characteristics of the algorithm, or by experimental error. A deeper
discussion about the source of experimental error is presented in Variance-Based

Sensitivity Analysis section (section 7).
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Figure 3. Representative potentiometric titration experiments for citric acid (A), cysteine (B),
cysteine & citric acid mixture (C), and acetic & boric acid mixture (D) buffer solutions with
simulated curves generated by Python script, ProtoFit and using the theoretically accurate constants.

Figure 3 illustrates the raw titration curves for all 4 buffer titration experiments, as well
as reproduced titration curves created by the Python script and ProtoFit. In contrast the
model results for the biomaterial titration data, the advantages offered by the Python

fitting algorithm was not obvious for modeling of the aqueous buffer titration data.
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Nonetheless, this advantage is still evident, especially in cysteine (Figure 3.B) and the
mixture of acetic & boric acid (Figure 3.D) titrations. As described in the section 4.3 and
4.5, if the surface protonation constants of a material are known, a simulated titration
curve can be generated by using non-electrostatic adsorption model. Accordingly, the
simulated titration curves obtained by using the theoretically correct values are also
depicted in Figure 3. If assuming no existence of any experimental error, the theoretically
correct curves were expected to perfectly pass through every experimental titration data
points. However, the theoretical curves showing in Figure 3 were the least fitting curves
to the “raw data” when comparing with curves generated by Python script and ProtoFit,
which indicates that experimental errors were larger than the model improvement when
transitioning from ProtoFit to Python script. Pursuing a deeper understanding on how
uncertainty of each input variable affects the variance of final outputs, thus find out the
major sources of experimental error, a variance-based sensitivity analysis was conducted,

and the details are shown in section 7.
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6. Error Analysis

In this section, an analysis of curve fitting errors was conducted for all simulated titration
curves generated by Python and ProtoFit (please refer to Figure 2 and 3 for visualizing
the shape of the curves). Additionally, the accuracy of protonation constants estimated by
Python script and ProtoFit was also numerically determined through relative error
analysis (please refer to Table 2 for the specific values of real and modeled protonation
constants). As outlined in the Algorithm section (section 4), the pH value was considered
as an independent variable, thus the curve fitting error was evaluated by comparing the
experimental and modeled titrant volumes added to the system (AV). A root mean

squared error formula was employed to calculate the curve fitting errors, as follows:

1 G AViexperiment _ AVimodel 2 )
RMSE = n— 122 AViexperiment X 100%
1=

Where n denotes the number of titration points, AVexPeriment js the recorded volume of
titrant added to the system in titration experiments, AV™! is the simulated titrant
volume by using the computation process depicted in section 4.5. Notice that the first
titration point is excluded when computing RMSE, since the first AV&®eriment js equal to 0
mL for all titrations. The computed curve fitting errors for biomaterial titrations are
shown in Table 3, while that for buffer solution titrations are shown in Table 4. For buffer
solution titrations, the fitting errors of theoretically real curves to the original titration

curves were also evaluated and shown in Table 4.
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Model outcomes error analysis was performed by using a much simpler equation:

ICreal _ Cmodell

€= e X 100%

Where C' and C™o%! respectively denote the theoretically accurate protonation constant
and constant approximated by the surface acidity models. The calculated protonation

constant estimation errors are also listed in Table 4.

Table 3. Curve fitting errors of simulated titration curves produced by Python script and ProtoFit
for biomaterial titration experiments. The color of red, black, and blue signify such model has less
error, more error, or equal error in curve fitting, respectively.

CURVE FITTING ERROR (%)
# of sites 2 sites 3 sites 4 sites
Species sample # python protofit python protofit python protofit
1 20.67% 31.60% 6.48% 25.62% 2.79% 4.81%
BS Cell 2 18.95% 37.24% 7.18% 7.18% 4.49% 5.64%
3 18.03% 25.21% 4.34% 22.10% 2.11% 9.18%
1 15.36% 42.20% 2.88% 11.24% 1.41% 2.71%
PF Cell 2 13.57% 16.31% 2.13% 5.56% 1.08% 1.89%
3 15.91% 34.46% 5.10% 13.80% 2.87% 7.03%
BS Bio- 1 6.68% 29.55% 4.56% 8.10% 4.77% 3.94%
Colloid 2 12.10% 37.07% 5.00% 13.82% 5.00% 5.22%
3 15.13% 17.50% 3.55% 6.60% 1.68% 2.93%
PE Bio- 1 9.46% 18.67% 2.67% 5.13% 2.67% 5.75%
Colloid 2 15.46% 21.41% 1.28% 4.90% 1.44% 5.62%
3 12.62% 18.06% 1.42% 4.35% 3.01% 2.13%
Average 14,49% 27.44% 3.88% 10.70% 2.78% 4.74%
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Table 4. Curve fitting errors of simulated titration curves, as well as protonation constants
estimation error, produced by Python script and ProtoFit for buffer titration experiments. The color
of red, black, and blue signify such model has less error, more error, or equal error in curve fitting,
respectively.

curve fitting error (%) pKa error (%) logC error (%)
chemical sample # | # of sites real python protofit python protofit python protofit
7.99% 11.82% 6.50% 7.50%
1 60.32% 1.11% 7.23% 6.30% 5.88% 1.50% 3.50%
s . 11.09% 9.84% 0.00% 0.00%
citric acid 3
8.63% 6.07% 6.00% 5.50%
2 67.70% 3.67% 5.84% 7.35% 6.09% 1.00% 1.50%
11.56% 10.78% 1.50% 0.50%
0,
1 17.92% 6.38% 7.01% 1.54% 1.55% 0.35% 0.00%
1.38% 2.24% 3.05% 3.00%
cystelne 2 1.58% 1.43% 0.80% 1.00%
2 18.26% 5.14% 5.67% - - =2 -
2.18% 2.34% 2.15% 2.00%
9.96% 22.06% 6.70% 15.65%
0,
1 26.88% 3.09% 17.61% 10.72% 8.75% 1.00% 4.78%
" 0.92% 0.60% 1.13% 0.43%
cysteine &
s . 0.08% 1.87% 2.74% 2.17%
citric acid 4
. 24.68% 31.93% 10.73% 18.15%
mixture 15.88% 17.81% 5.97% 7.26%
2 13.09% 2.39% 3.91% — : - :
1.68% 1.43% 0.18% 0.23%
2.56% 1.68% 1.84% 1.61%
acetic & 1 12.74% 1.62% 3.74% 3.57% 3.78% 1.25% 0.50%
.. 1.09% 0.87% 0.50% 0.00%
boric acid 2 3.36% 3.36% 1.50% 1.00%
mixture 2 13.76% 1.25% 2.55% — — . -
1.31% 1.42% 0.50% 0.50%
Average 28.83% 3.08% 6.69% 6.16% 6.98% 2.59% 3.49%

For all the materials that we have titrated, the Python-based model consistently generated
better fitting simulated titration curves comparing with ProtoFit, particularly when
applying 2-sites or 3-sites model simulations. Even for 4-sites model simulations on
biomaterial titrations, where both surface acidity approximation programs demonstrated
adequate fitting performance, the Python script still had averagely 2% advantage over
ProtoFit. Of all 20 titration experiments we have done, only two Python-produced curves
exhibited a higher curve fitting error than those produced by the ProtoFit. By comparing
the curve fitting errors, we can confidently state that our Python-based model
outperforms ProtoFit, which was developed in 2004, in approximating biological surface

acidity, under the condition of assuming all measured values are accurate and
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experimental error is negligible. However, the results of the error analysis in estimating
protonation constants of buffer solutions present a much more complex situation.
Although Python script still exhibit averagely 0.8% advantage in acidity approximation
accuracy, ProtoFit nearly won half of the accuracy competitions if inspecting each
titration experiment individually. As we have concluded in section 6, that experimental
errors are probably larger than the model improvement when transitioning from ProtoFit
to Python script, this could also explain why Python script is not obtaining an
overwhelming advantage in the accuracy of model outputs. In order to determine the
main source of experimental error, a variance-based sensitivity analysis is going to be

introduced in the next section.
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7. Variance-Based Sensitivity Analysis

Variance-based sensitivity analysis is a technique that used to evaluate the variance of a
model's output by breaking it down into fractions that can be assigned to individual
inputs or interactions of multiple inputs (Wagner, 1995). For example, if there is a model
with one output and two inputs, it may be discovered that the variance in the first input
accounts for 70% of the output variance, the variance in the second input accounts for
20%, and 10% is caused by interactions between the two (Sobol, 1993). In this study, as
all inputs are characterized by varying degrees of experimental error, the utilization of
variance-based sensitivity analysis is aiming to identify the inputs that exert the greatest
influence on the output variance. The sensitivity analysis results are shown in Table 5 as
“total-effect index” (St). This quantifies how much a single input variable, along with its
interactions with other input variables of any degree, contributes to the variance in the
output (Homma & Saltelli, 1996). By definition, the sum of the Sti will only be equal to 1

when the model is purely additive.

The 2-sites, 3-sites, and 4-sites models differ solely in the number of sorption sites (n)
(see equation 3.5 for calculating the total surface charge (oi)). Therefore, the 2-sites
model was chosen as a representative for sensitivity analysis due to its efficiency in
modeling time. Moreover, as all sorption sites are simulated using the same algorithm,
only the initial pair of protonation constants (pKai and logC1) was examined for the
variance decomposition analysis. As certain input variables were measured using

differing methods in biomaterial and buffer titration experiments, sensitivity analysis was
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performed on the titration data of both materials. Pseudomonas fluorescens cells titration
and acetic & boric acid mixture buffer titration were selected as representative titration
experiments for the two materials, respectively. Please refer to Appendix 3 for more

information about variance-based sensitivity analysis program setup.

In this study, there are 8 model inputs were defined as stochastic quantities: initial
guesses of the two pairs of protonation constants (pKaz, logCi, pKaz, logC2), molarity of
the titrant solution (N _tit), initial sample volume (V_0), mass of the adsorbent material
(M_ads), and initial background ionic strength (I1_0). After defining the variables of
interest and their corresponding range of values, the sensitivity analysis is performed by
utilizing the Monte Carlo method. This involves randomly picking up samples from the
predefined range of values (Sobol, 2001), which are then used as inputs for our surface
acidity estimation model. Figure 4 shows the resulting simulated titration curved
generated by Monte Carlo method, in which the model was run for 640 times and same

number of titration curves were produced.
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Figure 4. Repeatedly generated titration curves (N = 640) by Monte Carlo method using
experimental data of P. fluorescens cells titration (left), and acetic & boric acid mixture buffer
titration (right).

Table 5. Total-effect indices of variance-based sensitivity analysis conducted on Python-based
biological surface acidity estimation model performance.

Variables pKa1 pKa2 logC1 logC2 n_tit (M) |v_sample (mL)| m_ads (g) i_0 (M)

S, (biomaterial) pKa 0.01% 0.01% 0.01% 0.01% 100.18% 2.02% 0.01% 0.48%
logC 0.00% 0.00% 0.00% 0.00% 34.64% 0.00% 67.24% 0.00%

S; (buffers) pKa 0.00% 0.01% 0.00% 0.00% 98.72% 3.95% 0.01% 0.35%
logC 0.00% 0.00% 0.00% 0.00% 96.48% 0.00% 5.01% 0.00%

As displayed in Table 5, the molarity of titrant (N_tit) is the most essential variable that
account for the output variance. For the equilibrium constants (pKa) approximation,
experimental uncertainty in initial sample volume (V_sample) and initial background
ionic strength (1_0) also slightly contribute to the result variance. For the functional group
concentrations (logC), mass of adsorbent (M_ads) is another variable that could
significantly influence the output accuracy. The dissimilarity in M_ads's impact on the
variance of log concentration estimation between biomaterial and buffer titrations, which
is 67.27% for biomaterial while 5.01% for buffer, can be attributed to a wider range of

adsorbent mass values are given for biomaterial titrations (see Appendix 3 for more
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information). Furthermore, Table 5 illustrates that the selection of initial estimates for
protonation constants has minimal effect on the resulting output values, for our Python-

based model.

The titration curves generated through Monte Carlo simulation are shown in Figure 4,
which demonstrate the impact of experimental uncertainties on simulated curves. By
visually comparing the Monte Carlo simulated curves based on acetic & boric acid buffer
titration (left graph in Figure 4) with the titration graph of the same species showing in
section 5.2 (Figure 3.D), the Monte Carlo simulated curves span a boarder interval than
the gap between experimental and theoretical titration curves in Figure 3. In this case, we
can confidently state that the gap between experimental and theoretical titration curves in
Figure 3 is caused by experimental error, while the main source of experimental

uncertainty is from the input value of titrant concentration (N _tit).
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8. Conclusion

This study evaluated the performance of ProtoFit and a Python script for estimating the
acidity of biological surfaces and buffer solutions. The results indicated that the Python
script generated more stable acidity estimations across different experimental trials of the
same biomaterial specie. Actually, the averaged standard deviation of biosurface
protonation constants estimated by Python code is half of that produced by ProtoFit.
Additionally, error analysis revealed that the Python script demonstrated lower curve-
fitting error when modeling titration data, especially when utilizing 2-sites model, which
we believe implies a more effective optimization algorithm within the Python script.
However, the error analysis on buffer acidity approximation, where acidity constants
were known, did not exhibit which model has an overwhelming advantage, potentially
due to larger experimental uncertainties. To investigate the source of experimental
uncertainty, a variance-based sensitivity analysis was performed on the Python script.
The results of sensitivity analysis indicated that the titrant concentration (N_tit) and
adsorbent mass (M_ads) were the two variables that contributed the most variance to the

model output.
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Appendix: Program Setups

1. ProtoFit

By using ProtoFit, an input file is needed to be made previously in a .txt file. The input
file must contain the number of titration points, titrate volume, background electrolyte of
titrate solution, the charge of the deprotonated functional group, temperature, adsorbent
mass, specific surface area of the adsorbent, titrant concentration, pH values and the
corresponding titrant volume added for all titration points. Since it has been assumed that
all functional groups are monohydrogenated in section 4, the charge of deprotonated
sorption sites is -1. For bacteria and bio-colloid titration, the adsorbent mass is defined as
the weight of biomass. For buffer titration, the adsorbent mass refers to the weight of
buffer solution. Since the value of specific surface area (SSA) and Faraday’s constant
(Fd) would be cancelled during the computational process for non-electrostatic model,
technically they can be set to any non-zero positive number. The specific surface area
was set to be equal to 1 for all input files. The titrant concentration should be entered as a

negative value for alkaline titrant. Figure 5 shows an example of ProtoFit input file.
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# Titration of B. substilis on 06-17-2022

16 ! nob

0.0050072 !init vol (solution volume; L)

0.102377 I Cs (background electrolyte; mol/L)
1.0 'z

298 IT(K)

0.8797 ! adsorbent mass (g)

1.0 I SSA (m~2/g)

-0.10487 I Nacid (eq/L); Following data is pH, mL
3.87 0.0000

404 0.0100
425 0.0200
448 0.0300

4.61 0.0400
4.85 0.0500
5.11 0.0600
5.53 0.0700
6.14 0.0800
6.8 0.0900
7.84 0.1000
847 0.1100
9.07 0.1200
9.5 0.1300
9.83 0.1400
10.08 0.1500

Figure 5. Screenshot of the ProtoFit input file example.

Figure 6 depicts the user interface of ProtoFit's "Define Model" screen, which facilitates
the selection of surface site quantity (ranging from 1 to 4) and site types (acidic, basic, or
amphoteric). Additionally, the user can choose the appropriate surface complexation and
activity coefficient models. In the context of the bacterial and bio-colloids titration
experiments, the precise number of sorption sites remains unknown. Therefore, each
titration was carried out thrice with 2, 3, and 4 site models, respectively. On the other
hand, for buffer titrations, the number of sorption sites was determined based on the
characteristics of the buffer species being tested. As previously mentioned in Section 4, it
is presumed that all functional groups behave as acidic groups; therefore, "acidic" was

selected for all sites as their site type. Moreover, "Non-Electrostatic Adsorption™ was
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chosen as the surface complexation model for keeping consistency with the Python script.

Finally, "Davies" was utilized as the activity coefficient model.

r
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Run

Define | Optimize
Fo Model | Optimization

Help

-
I I’rotoﬂt Define Model

Number of discrete surface stes: © 1 C 2 & 3 4
Specify functional group type for each site:
site_1 site_2 site_3 site_4
acidic 0 « g
amphoteric C
basic o 9
Surface complexation model
(" Diffuse Layer Model [DLM) ( Constant Capacitance Model (CCM)

" Donnan Shell Model (DSM) ' Non-Electrostatic Adsorption
Specific Surface Area:

& Use value in dataset file " Specify value [m2/g) 2
Activity coefficient model

" Extended Debye-Huckel & Davies

" TesdelJones " activity coefficients = 1

V¥ Track ionic strength changes

Figure 6. Screenshot of ProtoFit’s “Define Model” screen.

Figure 7 illustrates the "Optimize" interface of ProtoFit, where the output precision was
selected as 0.01, and the error weighting parameter was set as 1 for all titrations. In the
"pKa initial guesses™ section, 3 initial guesses were specified for each site, with a guess
increment of 0.25 for all sites. Similarly, in the "log site concentration™ section, 2 initial
guesses were specified for each site, with a guess increment of 0.5 for all sites.
Theoretically, a higher number of guesses and lower guess increments would yield more
accurate outputs; however, a four-guess scenario in the four-sites model has a high
likelihood of causing program crash in ProtoFit. Thus, the current settings provide the

most accurate outputs while maintaining program stability. The initial guesses for the log
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equilibrium constant of bacteria and bio-colloids were set as {-5, -9}, {-5, -7, -9}, and {-
5, -6, -8, -9} for the 2, 3, and 4 sites models, respectively. For buffer titrations, the initial
guesses for pKas were set as the closest integer to the actual pKa for each site. The initial
guesses for log site concentration were set as -2 for all titrations. At the bottom of the
"Optimize" screen, users can browse and add previously created input files, and the
program would commence running by clicking "Run Optimization" at the top of the

screen. Upon completion of the calculation, the output results will be displayed.
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Figure 7. Screenshot of ProtoFit’s “Optimize” screen.
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2. Python

Similar to ProtoFit, our self-developed Python script also requires an input file in .xls
format to conduct simulations (a Python input file example is provided in Figure 8).
However, there is a significant difference between the input files of ProtoFit and the
Python script. Specifically, two variables, "acid volume™ and "base volume,"” are included
in the Python script input file to account for the volume of acid and base added to the
sample solution before the initial titration point. This consideration is important because
the initial pH of the titrated sample may be relatively neutral, requiring the addition of
acid or base to reach the optimal initial pH for proceeding titration experiment. Since the
addition of acid or base solution can affect the background ionic strength of the titrant
solution, adding these two variables could lead to more accurate output protonation
constants. As discussed in section 4, Faraday's constant (Fd) and specific surface area
(SSA) are canceled out during computation, and the charge of deprotonated sorption sites
is assumed to be -1. Therefore, these three parameters are not included in the Python
input file, but their values are still modifiable in the code. The term "biomass” in the

input file of the Python script refers to "adsorbent mass" in ProtoFit's input file.
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A B C D E

Number of points 20 0 3.9
Acid conc. (M) 0.101055 0.01 4.02
Base conc. (M) -0.102875 0.02 4.14
sample volume (mL) 4.9568 0.03 4.25
acid volume (mL) 0.2 0.04 4.39
base volume (mL) 0.1 0.05 4.57
background ionic strength (M) 0.1 0.06 4.76
biomass (g) 0.9856 0.07 4.96
enter titrant volumes in column D (mL) 0.08 5.15
enter pH values in column E 0.09 5.49
0.1 5.9

0.11 6.58

0.12 7.06

0.13 7.72

0.14 8.54

0.15 9.07

0.16 9.46

0.17 9.71

0.18 9.95

0.19 10.16

Figure 8. Screenshot of the Python script input file example.

The 2, 3, and 4 sites surface complexation model are three separate Python scripts, so the
number of sites should be determined before running the model on Python. Figure 9
shows an example of how-to setup the Python script for surface complexation model
simulation. First, the full file path of the input file is needed to be entered in the
parentheses after xIrd.open_workbook. Then the initial guesses of pKa and log
concentration are entered in the braces after “x0”. The rule of determine initial guesses is
the same as ProtoFit for consistency. Notice that the unit of log concentration here is
moles per gram, while that unit is moles per kilogram in ProtoFit. The last thing that
needs to be adjusted here is boundaries of output results. For bacteria and bio-colloids

titrations, the boundaries are simply 4 to 10 for pKas, -10 to -1 for log concentrations. For
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buffer titrations, the boundaries of pKas are initial guesses plus and minus 2, the

boundaries of log concentrations are still -10 to -1.

data = xlrd.open_workbook(
table = data.sheets()[0]
n_point = (table.cell( ) .value)

x0 = np.array([

bounds2 = [(

Figure 9. Screenshot of Python script setup example.

After setting up the code, the output results would be shown after running the script. The

results would be multi-place decimals, but only the first two decimal points are recorded

for keeping the same accuracy as ProtoFit.
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3. Variance-Based Sensitivity Analysis

Variance-based sensitivity analysis on Python script was conducted by using an import
package called “SAlib”. As shown in Table , there are totally 8 inputs are treated as
stochastic quantities in this setup: initial guesses of the two pairs of protonation constants
(pKa, logCi, pKaz, logCz), molarity of the titrant solution (N_tit), initial sample volume
(V_0), mass of the adsorbent material (M_ads), and initial background ionic strength
(1_0). These variables are assumed to follow a uniform random distribution over their
possible range of values which is specified in Table _. Notice that the variance in titration
datasets caused by experimental measurements is assumed to be trivial and neglectable

here.

As shown in Table 6, the variable N _tit exhibits a comparatively wider range of values
compared to other variables. This can be attributed to the fact that the 0.1M NaOH titrant
used in the experiment was prepared by diluting a bottle of 1M commercial standard
sodium hydroxide solution, which had been opened approximately a year ago. It is
known that carbon dioxide present in the atmosphere can acidify strong base solutions,
resulting in a lower molarity of base titrant. Additionally, the variable M_ads in the
biomaterial titration experiments, also displays a substantial degree of variance. This can
be attributed to the presence of some supernatant that might have been inadvertently
carried over during the decantation of the supernatant from the centrifuge tubes

containing the biomaterial.
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Table 6. Summary of variables for variance-based sensitivity analysis, and their sampling fields.

Variables pKa1

pKa2

logC1

logC2

n_tit (M)

v_sample (mL)

m_ads (g)

i_0 (M)

Range of
Sampling

[pKa1 - 0.5,
pKat + 0.5]

[pKa2 - 0.5,
pKa2 + 0.5]

[logC1 - 0.5,
logC1 + 0.5]

[logC2 + 0.5,
logC2 - 0.5]

[n_tit - 0.02,
n_tit]

[v_sample - 0.1,
v_sample + 0.1]

biomaterials:
[m_ads -
m_ads*0.5,
m_ads]

buffers:
[m_ads - 0.1,
m_ads + 0.1]

[i_0 - 0.005,
i_0 + 0.005]

After defining the variables of interest and their corresponding range of values, the

sensitivity analysis is performed by utilizing the Monte Carlo method. This involves

generating a large number of random samples from the predefined range of values, which

are then used as inputs for our surface acidity estimation model. The number of samples

drawn from each uniform distribution was predetermined to be 32. Subsequently, these

samples were randomly aggregated to create 640 input series for the model. The resulting

640 modeling outcomes, produced by applying the randomly aggregated input series,

were then used for computation of the total effect indices.
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