Ultrasonics 98 (2019) 72-81

journal homepage: www.elsevier.com/locate/ultras

Contents lists available at ScienceDirect

Ultrasonics

Machine learning modelling for the ultrasonication-mediated disruption
of recombinant E. coli for the efficient release of nitrilase

Check for
updates

5

Kiran D. Bhilare?, Mahesh D. Patil®, Sujit Tangadpalliwar”, Ashok Shinde”, Prabha Garg",

Uttam Chand Banerjee™*

& Department of Pharmaceutical Technology (Biotechnology), National Institute of Pharmaceutical Education and Research, Sector-67, S.A.S. Nagar, 160062 Punjab, India
Y Department of Pharmacoinformatics, National Institute of Pharmaceutical Education and Research, Sector-67, S.A.S. Nagar, 160062 Punjab, India

ARTICLE INFO ABSTRACT

Keywords:

Machine learning model
Escherichia coli
Ultrasonication
Multi-layer perceptron
Nitrilase

The ultrasonication-mediated cell disruption of recombinant E. coli was modeled using three machine learning
techniques namely Multiple linear regression (MLR), Multi-layer perceptron (MLP) and Sequential minimal
optimization (SMO). The four attributes were cellmass concentration (g/L), acoustic power (A), duty cycle (%)
and treatment time of sonication (min). For the three responses (nitrilase, total protein release and cell dis-
ruption) MLP model was found to be at par with RSM model in terms of generalization as well as prediction

capability. Nitrilase release was significantly influenced by the cellmass concentration so was in case of total
protein release. Fraction of cells disrupted was heavily influenced by acoustic power and sonication time. Almost
32 U/mL nitrilase could be released for 300 g/L cellmass concentration when sonicated at 225 W for 1 min with

20% duty cycle.

1. Introduction

Since many years, microbial cells have remained as good source of
option for many proteins and other bioproducts. Extensive research
carried out in the field of molecular biology has made large scale pro-
duction of industrially relevant proteins very much possible [1]. Till
date, most of the recombinant products reported in literature are pro-
duced intracellularly and are retained inside the cell itself [2]. In such
cases, any unit operation that gives maximum disruption efficiency
within minimal time and cost will always be desirable [3]. Very often,
high power-low frequency ultrasound treatment is used to carry out cell
disruption at laboratory scale [4-6]. It has low operating cost and does
not require sophisticated equipment [7].

High energy sonic waves (frequency > 20 MHz) generated from
the tip of sonication probe generate eddie currents that can intensely
damage the cellular membrane of the microorganisms [8,9]. Nitrilases
have wide applications such as chiral production of pharmaceutical
intermediates, bioremediation etc. [10,11].

In the present report, the ultrasound-mediated Escherichia coli cell
disruption was characterized for the following dependent variables
(responses): (1) release of nitrilase (target product); (2) release of cy-
tosolic proteins; and (3) extent of cell disruption. A full factorial central
composite design (CCD) was designed with the help of Design Expert™.
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Software. The independent/operational factors were: cellmass con-
centration, sonication time, duty cycle and acoustic power. The re-
sultant data obtained was used to compare the prediction efficiency of
different machine learning models viz:- MLP, SMO and MLR. Also, an
attempt was made to explain the effect of process variables of the so-
nication on the kinetics of cell-disruption process, nitrilase release and
total protein release after cell lysis. Usage of machine learning-based
prediction models for optimization studies of E. coli cell disruption in a
laboratory scale ultrasonicator is the novelty of the present work.

2. Materials and methods
2.1. Microorganism and cultivation conditions

E. coli cells overexpressing nitrilase enzyme were cultivated in 14 L
bioreactor (BioFlo 310) and harvested as per previously reported
method [12].
2.2. Mechanical cell disruption by ultrasonication

E. coli cell suspension was subjected to ultrasonication through a

horn-type sonicator (Vibra-cell 750; NJ, US). During sonication treat-
ment, it was ensured that the titanium alloy tip was immersed at the
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mid-point of the suspended cells inside the plastic tube. The parameters
for cellmass concentration, total sonication time, acoustic power and
duty cycle were as prescribed by the Design Expert™ 8.0 software (Stat-
Ease Inc., Minneapolis, USA) for the thirty runs. The three desired re-
sponses were estimated as explained in the following sections.

2.3. Experimental designs

2.3.1. Response surface methodology

Based on the preliminary studies and data available in the literature,
the maximum and minimum values of the factors were selected as
mentioned in Table 1 [5,7,13-15]. A total of 30 independent runs were
carried out. In the CCD design, a 2nd order polynomial equation was
obtained from the Design Expert software thereby elucidating the re-
lationship between the dependent variables (responses) and coded va-
lues of independent (affecting) variables.

2.3.2. Multi-layer perceptron (MLP) modeling

MLP classifier uses backpropagation for modelling nonlinear re-
sponses and to classify instances, whereas RSM approximates responses
in terms of an explicit quadratic function of the independent experi-
mental factors [16,17]. The MLP network can be built by hand, created
by an algorithm or both. The network can also be monitored and
modified during training time. The nodes in this network are the un-
thresholded linear units. Tool WEKA (Waikato Environment for
Knowledge Analysis) version 3.6.13 was used for the development of
the MLP (Multilayer Perceptron) model. WEKA is a state-of the-art data
mining system which implements algorithms using JAVA. It can be used
to implement algorithms for regression, classification, data preproces-
sing, etc.

In this research work, we used MLP which is feed-forward back-
propagation artificial neural network (ANN) consisting of an input
layer, a hidden layer and an output layer. A backpropagation algorithm
was used for training the network, in which the weights of the con-
nections between the nodes of the layers were repetitively adjusted so
that the output value is as close as possible to the desired output. Four
input variables viz. Cell-mass, Pressure and Number of passes were used
to feed neural network. Each input value was normalized by normalize
function present in weka [WEKA at http://www.cs.waikato.ac.nz/~ml/
weka]. The output layer had three neurons corresponding to the
Nitrilase, the total protein count and the cell disruption. The hidden
layer was having two neurons. The nonlinear activation function sig-
moid and learning rate 0.3 was used during training of network.

2.3.3. Multiple linear regression (MLR)

Multiple Linear regression works by estimating coefficients for a line
or hyperplane that best fits the training data. It is a very simple re-
gression algorithm, fast to train and can have great performance if the
output variable for the given data is a linear combination of inputs [18].
Linear regression is an approach for modeling the relationship between
a scalar dependent variable y and one or more explanatory variables (or
independent variables) denoted X [19]. In this study, we used, Linear
Regression method present in weka. In weka, class for using linear re-
gression for prediction uses the Akaike criterion for model selection,
and is able to deal with weighted instances. M5 method is used as at-
tribute selection method during model development process. Algorithm
involved behind these methods is: Removal of those attributes with the
smallest standardized coefficient unless no improvement is seen in the
estimate of the error given by the Akaike information criterion [20].

2.3.4. SMOreg (Support Vector Machine for regression)

Support vector machine (SVM) is globally acceptable supervised
learning method for classification and regression problems in predictive
modeling. Training of an SVM model requires solution of a large
number of quadratic programming (QP) optimization problems. SMO
algorithm breaks them into a series of smallest possible QP problems.
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These small QP problems are solved analytically rather than numerical
QP optimization which is time consuming. SMOreg implements the
support vector machine for regression [21]. The most popular “Re-
gSMOImproved” algorithm was used as RegOptimizer for learning the
models. In the present study, experimental data (Table 1) was used to
train the SMOreg model using polykernel with cache size 250,007 and
exponent 1.0 for the development of models.

2.4. Comparison between statistical and machine learning models

The models were compared for their generalization and predictive
capabilities by assessing error parameters as reported in previous
publications [5,11,22,23].

2.5. Analytical methods

2.5.1. Nitrilase activity

Nitrilase activity was determined as previously reported method
[12]. Modified Berthelot method was used to assess the nitrilase ac-
tivity. The mean values of the experiments in triplicate were used to
train the models.

2.5.2. Total protein quantification

The cell lysate was cleared of the cell debris using high speed cen-
trifugation (7000g, 5 min). Cell lysate protein concentration was esti-
mated using Bradford assay [24] and the mean values are reported.

2.5.3. Measurement of the extent of cell disruption
Percent cell disruption (F4) was calculated as per previously re-
ported method [25].

3. Results

3.1. RSM based optimization of ultrasonication-mediated disruption of E.
coli

The individual responses measured were then correlated with the
independent factors (coded values) using following equations:

Y; =19.23 + 7.37A — 0.46B — 3.05C — 1.31D — 0.76AB — 0.27AC + 0.88

AD — 1.67BC — 1.91BD — 0.63CD (@]
Ys
=3.02 + 0.974 — 0.13B — 0.18C — 0.11D + 0.0714B — 0.0184
C — 0.037AD — 0.15BC — 0.26BD — 0.23CD — 0.086A2 + 0.16
B2 —0.51C? 4 0.15D? 2
Y;
= 51.09 — 1.74A + 11.97B + 17.25C — 2.32D + 1.914B — 4.72A
C + 1.094D + 0.01BC — 1.31BD — 1.81CD + 11.254* — 2.58
B? — 8.73C2 + 0.83D2 3)

In the above equations, Y; denotes nitrilase activity (U/mL); Y,
denotes released intracellular protein (g/L); Y3 denotes cells disruption
(%); A is the sonication time (min); B is the cellmass concentration (g/
L); and C is the acoustic power and D is the duty cycle of the sonicator.
Analysis of variance (ANOVA) was used to assess the correctness of the
models. [Supplementary Tables 1-3].

The ANOVA for nitrilase response is given in Supplementary
Table 1. The value of correlation coefficient (R) was 0.988, indicating a
good agreement between experimental and model-predicted values.
The corresponding value of determination coefficient (R?) was 0.9763
thereby implying approx. 98% of total variation in nitrilase response by
the selected variables under investigation. With higher number of
model terms and the relatively smaller sample size, the adjusted de-
termination coefficient sometimes tends to achieve a value smaller than
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R? [26-28]. The closer to unity value of adjusted determination coef-
ficient (0.9817) and F-value of 78.27 vindicate high significance of the
model. To put in other words, the probability of experimental noise
(error) becomes close to 0.01%. The Fisher’s F-test value is the marker
for the data deviation around its mean value [29].

Three linear (A, C and D) and four interactive term (AB, AD, BC, BD
and CD) were found to be significant for nitrilase release response
[Supplementary Table 1]. Only one single term (B) and one interactive
term (AC) were not significant. For the total protein release response
(Eq. (2)), linear terms (A, B and C); interactive terms (BC, BD and CD)
and one quadratic term (C?) were significant [Supplementary Table 2].
For cell disruption response (Eq. (3)), two linear (B and C), one inter-
active (AC) and two quadratic (A%, C?) terms were significant
[Supplementary Table 3]. Most of the selected operational variables
were significantly affecting nitrilase and total protein response as ob-
served from the P-values of the quadratic model terms. Moreover, it can
be concluded that sonication time and acoustic power were largely
affecting cell disruption [Supplementary Table 3]. Three-dimensional
response surface graphs were used to study the interactive effects be-
tween independent variables on any given responses. Response surface
plots were created by changing the response at two independent vari-
ables while keeping other two factors at their middle level [Fig. 1 &
Supplementary Figs. 1 and 2].

3.2. Multilayer perceptron (MLP) modeling

MLP is popular machine learning technique owing to the avail-
ability of large number of training algorithms [30]. MLP is a modified
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version of the standard linear perceptron which utilizes a supervised
learning technique of back-propagation for the training purpose and
can distinguish data that are not linearly separable [31]. It is a feed-
forward network consisting of a general framework of input layer,
output layer and one or more hidden layers for non-linear activation
function [32,33]. The number of neurons in each layer differ which has
different mathematical functions. The neurons in each layer are inter-
connected through weights and these neurons accept input from pre-
ceding layer. Thus, it can be stated that the predictions performed by
MLPs are defined by the activation functions of neurons [34]. Owing to
the adaptive nature of the system, the weights between the neurons
continuously adjust the overall structure of the network based on the
information flowing through the network during the training phase
[35].

In the present study, experimental data obtained by the RSM model
was adequate to generate effective MLP model. As shown in Fig. 2, the
training dataset of the MLP model exhibited very good R-values of
0.944, 0.963 0.944, and 0.986 for nitrilase activity, total protein re-
lease, fraction of cells disrupted and combined dataset, respectively.
Thus, it was concluded that trained MLP models could significantly
predict all the three responses.

3.3. Sequential minimal optimization (SMO) model

SMO, originally developed by Platt et al., is a potential class of
decomposition technique in the machine learning domain [36,37]. It is
advantageous in a way that the large quadratic programming problem
generated in the SVMs can be divided into a series of smaller set of

Nitrilase (U/mL)

Nitrilase (U/mL)

S
RnE
P
D: Duty cydle (%)

S mm s
#12C: Sonication time (min) - ,."mnn'm“'":” W
v T

Fig. 1. Response surface plots showing the interactive effect of (A) acoustic power and cellmass concentration; (B) cellmass concentration and sonication time; (C)
duty cycle and cellmass concentration; (D) acoustic power and sonication time; (E) sonication time and duty cycle; and (F) acoustic power and duty cycle on nitrilase

release by ultrasonication-mediated cell disruption of E. coli.
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Fig. 2. Comparison between MLP-predicted and the measured responses of ultrasound-mediated cell disruption of E. coli.

problems using heuristics [38-40]. These smaller problems are analy-
tically solved using two Lagrangian multipliers instead of optimization
by numerical quadratic programming which is quite time-consuming
[41]. Owing to the iterative selection of subsets of only of 2, among
which the equality constrain can be used to eliminate one of the two
Lagrange multipliers, SMO functions as a faster method than traditional
SVM [42]. Thus, the actual functioning of SMO can be divided into two
parts (1) A set of heuristics for the efficient selection of Lagrange
multipliers to split the training dataset into smaller manageable data-
sets and (2) Solving a quadratic problem using selection of a working
set of two [42,43]. Also, one of the added advantages of SMO algorithm
is its time saving, because it does not involve the accumulation of errors
caused by iterative process. Furthermore, SMO algorithms do not store
the nuclear matrix to its interior memory while other numerical solu-
tions use nuclear matrices in each and every step. Thus, while the use of
inner memory by other algorithms increases by square, its use by SMO
only linearly increases with the increase in the size of sample dataset
[44]. Thus, the problem of inner memory space is avoided with the use
of SMO algorithms. Selection of suitable kernel, which define the fea-
ture space for the classification of the training datasets, is an important
aspect, because the resultant outputs vary with the selection of differ-
ential kernel [45].

In the present case, a polykernel was used for model development
with cache size 250,007 and 1.0 exponent value. WEKA “Normalize”
function used to normalize data before model development. Three se-
parate individual models were developed using input parameters for
the outputs of nitrilase activity, total protein released, and the fraction
cells disrupted. RegSMO improved method used for reg optimizer with
tolerance and epsilon parameter 0.001 and epsilon 1.0E-12. As shown
in Fig. 3, the R-values for the nitrilase activity, total protein, cell dis-
ruption and the combined training datasets were 0.933, 0.887, 0.901
and 0.979 respectively.

3.4. Multiple linear regression (MLR) model

MLR is a fundamental method of modeling used to derive the linear
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relationship between a dependent variable (also called as predict or
response) and the independent variables (called as predictors) [46].

While simple linear regression is used to find the find the straight
line that fits the data, MLR models are used to find the plane best fitting
the data [47]. In the analysis of MLR models, the method of least
squares is used for the estimation of the regression coefficients. The
regression coefficients exemplify the contribution of predictors towards
the prediction of the responses. MLR is based on the assumptions such
as the normal distribution of the residues and equal variance across the
data space of independent variables [48]. Thus, the flexible and in-
sightful analysis by MLR allows the introduction of simple non-
linearities and interaction effects to extend the utility of this method.
The most important advantage of MLR is its ability to assess the unique
contribution of each individual independent variable within a set of
variables [49].

In the present case, several models have been developed using M5
method and Greedy method as attribute selection method parameter in
WEKA. Final model selected having 1.0E —8 ridge value and attribute
selection method as M5 method. As shown in Fig. 4, the linear re-
gression model with the training dataset had very good R-values of
0.933, 0.887 and 0.901 for nitrilase activity, total protein release and
fraction of cells disrupted, respectively. The R-value for the entire da-
taset (i.e. the three datasets combined) was also good (=0.978).

3.5. Comparison of predictive and generalization capacities of the models

A set of six unidentical runs were carried out to evaluate the perfor-
mance machine learning models. The unseen dataset and experimental
values of the responses were compared with that of predicted values as
shown in Supplementary Table 4. For statistical analysis of the unseen
dataset error parameters as given in Table 2 were used. Upper panel in-
dicates training dataset while the lower panel indicates test dataset.

Among the various empirical models built by machine learning
tools, MLR performed marginally better than SMO, followed by MLP.
Nonetheless, the R* values for all the models built by machine learning
tools were comparable (Table 2, Upper panel). Error analyses also
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revealed the comparable performances of the SMO and MLR. In case of
cell disruption response, MLP was found to be most proficient due to its
least error values amongst all. For the training dataset of total protein
release as a response, values for R? and error parameter for machine
learning model MLP was comparable to statistically designed RSM

model.
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Fig. 3. Comparison between SMO-predicted and the measured responses of ultrasound-mediated cell disruption of E. coli.
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Once the models are built through curve fit, their predictive cap-
ability is tested by comparing with additional “new” data sets that are
not used for the training of the models. Because non-mechanistic, em-
pirical models may be able to fit the same data used for their training,
however, it is an important to show how these models would predict
under ‘new dataset’. Generally, new dataset having 15-20% of data-
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Fig. 4. Comparison between MLR-predicted and the measured responses of ultrasound-mediated cell disruption of E. coli.
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Table 2
Validation and comparison with the unseen dataset.

Ultrasonics 98 (2019) 72-81

Statistical parameter Nitrilase activity (U/mL)

Total protein release (g/L)

Cell disruption (%)

RSM MLP SMO MLR RSM MLP SMO MLR RSM MLP SMO MLR
Training dataset
R? 0.976 0.891 0.871 0.875 0.948 0.928 0.788 0.774 0.943 0.893 0.812 0.828
MSE 1.063 7.133 5.805 5.597 0.040 0.060 0.183 0.171 18.254 36.880 62.446 54.832
RMSE 1.031 2.671 2.409 2.366 0.199 0.246 0.428 0.413 4.272 6.073 7.902 7.405
SEP 5.362 13.891 12.531 12.305 6.962 8.600 14.998 14.472 8.288 11.780 15.329 14.364
RPD 5.444 15.073 10.702 12.389 7.044 7.478 10.808 12.800 7.073 10.612 10.507 11.938
Unseen Dataset
R? 0.880 0.802 0.005 0.749 0.734 0.840 0.077 0.749 0.846 0.796 0.650 0.605
MSE 0.892 1.546 91.996 4.878 0.056 0.030 1.046 0.076 20.554 37.226 84.582 122.753
RMSE 0.944 1.243 9.591 2.209 0.236 0.174 1.023 0.275 4.534 6.101 9.197 11.079
SEP 3.429 4.514 34.821 8.018 6.313 4.634 27.303 7.352 9.636 12.968 19.548 23.549
RPD 2.644 4.104 29.177 7.475 5.995 3.625 23.117 5.473 8.216 13.382 17.973 22.232

R?, determination coefficient; MSE, mean square error; RMSE, root mean square error; SEP, standard error of prediction; RPD, relative percent deviation. A, Cell mass

concentration; B, Operating pressure; C, number of passes.

points of the total dataset is used to validate the predictive capacities of
the empirical models. In the present study, the generalization cap-
abilities of the predictive models were evaluated based on the error
analyses of the test dataset consisting of eight experiments which were
not used in the training of the models (Table 2, Lower panel). Based on
the values of determination coefficients and error parameters, the
generalization capabilities of RSM and MLP models for the response of
nitrilase activity were comparable; though RSM may be considered
marginally better owing to its lower error values. For cell disruption
response, the predictive capabilities of RSM for unseen dataset were
superior to other models. Also, the generalization capability of MLP was
superior among the other models developed by machine learning.

3.6. Kinetics of the three responses

In one of our previous cell disruption study with Pseudomonas putida
microorganism cell disruption, total protein and enzyme release were
found to follow first-order kinetics [5]. In the present study, similar
profile was observed. The values of the rate constants are reported in
Table 3.

4. Discussion

Ultrasonication has been reported as one of the most commonly
employed method due to its low operation cost and simplicity of op-
eration without much need of technical expertise [50-54]. In principle,
ultrasonic devices can be scaled up and operated continuously. They are
very much used in the chemical industry. Although many studies have

successfully applied the ultrasonication-mediated cell disruption, its
application is limited due to inadequate knowledge of the mechanism of
cell disruption, product release mechanisms and unavailability of the
predictive models [55].

The last few years have evidenced an emergence of several machine
learning techniques like MLP, MLR and SMO as proficient alternatives
to statistical models. Machine learning techniques have been applied
widely for the modeling of complex relationships between input and
output variables in non-linear responses [56]. Techniques, such as MLP
offer an added advantage of prediction of future responses for any given
set of the independent variables, notably without any explicit re-
lationships between the inputs and the response [11,57]. Alternatively,
supervised learning based-method such as SMO are widely used for the
prediction of the dependent responses which involve small datasets
[21,58]. The performance of machine learning techniques has oftenly
been reported to outperform the statistically-designed models for the
prediction of biological responses.

Till date, ultrasonication has been used for the recovery of in-
tracellular enzymes from many microorganisms such as Gram-positive
bacteria [59], Gram negative bacteria [5,52], yeast cell [60,61], mi-
croalgae [62,63]. Several theories have been proposed to explain the
mechanism behind ultrasonication-mediated cell lysis. Cavitating con-
ditions are considered essential for the cell wall disruption for the re-
lease of intracellular contents of the cell. During ultrasonication,
acoustic cavitation lead to the rapid formation, growth and collapse of
vapor filled microbubbles at the nucleation site to produce local shock
waves in the vicinity (several magnitudes of atmospheric pressure)
[64,65]. This leads to shear gradients imparting high kinetic energy to

Table 3
Rate constants for the nitrilase release, total protein release and cell disruption.
Run” Ka K. K, Run Ka K. K, Run Ka K. K,
1 0.008 0.012 0.016 15 0.017 0.008 0.019 29 0.036 0.008 0.035
2 0.018 0.012 0.024 16 0.025 0.037 0.035 30 0.027 0.006 0.018
3 0.068 0.025 0.056 17 0.033 0.057 0.096
4 0.076 0.066 0.043 18 0.011 0.010 0.022
5 0.052 0.050 0.038 19 0.021 0.022 0.027
6 0.019 0.022 0.028 20 0.026 0.004 0.021
7 0.016 0.009 0.011 21 0.036 0.010 0.016
8 0.021 0.016 0.028 22 0.017 0.015 0.031
9 0.039 0.007 0.013 23 0.051 0.035 0.044
10 0.023 0.010 0.028 24 0.036 0.017 0.035
11 0.095 0.039 0.058 25 0.051 0.037 0.057
12 0.016 0.006 0.014 26 0.039 0.011 0.018
13 0.041 0.012 0.044 27 0.015 0.012 0.046
14 0.017 0.007 0.013 28 0.022 0.010 0.032

K, Rate constant for nitrilase release (s~ 1); K, Rate constant for fraction of the cell disrupted (s 1); Kp, Rate constant for total protein released s™H.
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Fig. 5. Scanning electron microscopy images of E. coli cells A) before sonication and B) after sonication (5min, 225 W, 100 g/L cellmass and 20% Duty cycle).

the cell surface rupturing the microbial cell wall [50].

As evidenced from Supplementary Tables 1 and 2, the cellmass
concentration had a significant contribution on the release of nitrilase
as well as total protein. The more concentrated slurry released more
protein (protein concentration = 1.89 mg/mL in Run 5 versus 4.22 mg/
mL in Run 13) and hence more target product (nitrilase) as well.

Singh et al. demonstrated that during sonication of E. coli K-12 cells,
there was a decline in the released aspartase activity upon exposure to
increased sonication time interval (after 3 min) and acoustic power
(beyond 150 W) [7]. However, the authors also did not found any no-
ticeable effect of cellmass concentration on the enzyme release of E. coli
(varied from 50 to 250 g/L) a phenomenon similarly reported by Feliu
et al. [52]. In literature, many scientists have failed to find any sig-
nificant effect of cellmass on target/total protein release. [52,59,66,67].
Our present results are in disagreement on this stance.

Optimum conditions for the maximal cell disruption vary from or-
ganism to organism. E. coli is gram negative cell and much smaller in
size as compared to yeast cell that in turn has thicker cell wall. Despite
using sonication time of 40-60 min, the maximum cell disruption ob-
tained was 52-65% only in case of yeast cell. In the present conditions,
maximum cell disruption of 92.8% was attained in Run 7 where 100 g/L
cells were used with 20% duty cycle for total sonication time of 5 min
with 225 W acoustic energy (Table 1). Also, maintaining cold condi-
tions during ultrasonication is not only advantageous for maintaining
the integrity of liberated cell contents but also leads to higher cell
disruption due to intense shock created on account of violent collapse of
vapor filled bubbles at lower temperature [64].

Comparing Runs 4 and 21 (Table 1), carried out with identical
concentrations of cellmass (100 g/L), the shorter duration run (Run 4,
1 min duration) released more active nitrilase compared to the longer
duration run (Run 21, 5min duration). Excessive cell disruption using
ultrasonic cavitation has been reported to produce micro-sized cell
debris that can pose serious threat during separation in subsequent
downstream processing [9]. Intense level of sonication has been re-
ported to affect a few labile biomolecules that lie around the tip of the
sonic horn [68]. A similar detrimental effect on nitrilase release was
observed in the present case (Negative B-coefficient value of acoustic
power in Eq. (1)).

From the P-values, it is intriguing to observe that sonication time
remained as the single factor that could influence all the three re-
sponses. For longer sonication period, there was a clear evidence of
ultrasound-mediated denaturation of nitrilase at higher acoustic power
in Runs 6 and 19. These runs were identical except for the intensity of
the sonicator horn probe.

The fraction of the cells disrupted increased from 43.6 to 75.6% in
runs 14 and 1, respectively when the acoustic power had increased
from 150 to 225 W. Our results are in accordance with the findings of
Feliu et al. [52] and Ho et al. [14] who showed a linear relationship
between intracellular product released from E. coli cells and acoustic
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power used for sonication. This is because, increased acoustic power
leads to the generation of more number of smaller eddies finally re-
sulting in the surge in disruptive eddie currents responsible for en-
hanced cell lysis [8]. However, it was found that, there was an inverse
relationship between enzyme activity and acoustic power. With
acoustic power set at 150 W (Run 10; Fq = 36%), the nitrilase activity
was nearly 21.7 U/mL, while at 225 W, the same was reduced to 18.1
(Run 19; Fy = 65%).

Due to enhanced cell disruption, one would intuitively, expect for
the increased total protein release and hence increased enzyme activity.
The corresponding total protein concentration in Run 14 and 1 were
3.94 and 2.29 mg/mL respectively, while the activity was 27.93 and
17.36 U/mL respectively.

This anomaly can be attributed to the cellwall porosity created
during sonication sufficient enough for expelling the intracellular
components outside the cellwall. Nitrilase is present in the soluble
fraction of the E. coli cell cytoplasm. Hence in runs where there is little/
no cell disruption, nitrilase activity is still observed. This is because of
the mild vibrations generated at lower acoustic power sufficient for the
extraction of contents present inside the cell wall [63,64] as also re-
ported by Lateef et al. [69] and Vargas et al. [54] in case of other mi-
croorganisms.

Scientists have used direct cell counting for the measurement of
extent of cell disruption (intactness of cell wall). However, the process
is tedious and time consuming if the samples involved are too many
[14]. Acoustic power had a much profound effect on the fraction of the
cells disrupted (Supplementary Fig. 2A, D and F) as indicated by its
significantly low p-value (Supplementary Table 3). For example, an
incremental increase in the acoustic power also increased the extent of
cells disrupted (Runs 10, 8 and 19, Table 1). However higher acoustic
power has been reported to create turbulent conditions that can po-
tentially damage the components in the biological fluid [8,68]. Higher
cellwall breakage capacity of acoustic power was very well evident
from the scanning electron microscope (SEM) images as shown in
Fig. 5.

In contrast with the literature [70], increase in the duty cycle (from
20 to 40%) did not necessarily resulted in the increased cell disruption,
protein release and nitrilase release as observed in Table 1. With the
present sonicator, the duty cycle could be adjusted from 0 to 99%.
When the cycle stage is on, the probe generates disruptive ultrasonic
waves that may also lead to thermal changes in the vicinity of sonic
probe while at the off stage it remains shut and hence the heat gets
dissipated in the surrounding. Hence, in the runs where higher duty
cycle and sonication time is involved, the nitrilase activity of the cell
lysate isn’t proportionately increasing with the increased level of cell
disruption. During the process of ultrasonication, free radicals are
generated out of the intense vibrations from ultrasonic waves [71].
These can have detrimental effect of the liberated cellular contents
(sonochemical changes). Hence, at lower duty cycle (less than 50%)



K.D. Bhilare, et al.

lesser amount of free radicals will be generated which in fact is an
added economical advantage [61,62].

In our previous studies with high pressure homogenizer, 22.3 U/mL
was the maximum amount of nitrilase activity that could be obtained.
In the present case, 32 U/mL was the highest nitrilase activity of the cell
lysate. Our results are in agreement with the findings of B.
Balasaundaram et al. who also demonstrated the superior performance
of ultrasonication (US) over high pressure homogenizer for the release
of cytoplasmic proteins [72].

During sonication, there is a differential release of intracellular
contents with time [73]. The release of total proteins from lysed
cells tends to follow first-order kinetics. In the present scenario,
the reaction rate constants for the three responses were averaged as
follows: Ka = 0.032 * 0.020s™%; K.=0.020 = 0.016s"'; and
K, =0.032 + 0.018s7 %

5. Conclusion

Ultrasound-mediated cell disruption is commonly used for the
homogenization of many organisms for the release of their intracellular
contents. In terms of nitrilase and protein release from E. coli, ultrasonic
treatment proved to be better compared to homogenization in a French
press for the disruption of the same microorganism [11]. In the present
study, maximum amount of disruption was found to be 92% for 100 g/L
cellmass concentration with experimental conditions as follows:
acoustic power of 225 W; sonication time 5 min; duty cycle 20%.

Error analysis of the training and test dataset revealed MLP model to
be equally competent to RSM for all the three responses. The MLP
model also had good generalization capability as compared to other
models tested. 32 U/mL was the highest amount of nitrilase activity of
the cell lysate at protein concentration of 4.2 g/L. The experimental
conditions for the same were: cellmass concentration 300 g/L; acoustic
power 225 W; sonication time 1 min and a duty cycle of 20%. Notable
influence of experimental factors on the three individual responses
were in the following order. For nitrilase release: Cellmass
concentration = Sonication time > Duty cycle. For total protein re-
lease: Cellmass concentration > Sonication time > Acoustic power.
For extent of cell disruption: Acoustic power > Sonication time.
However, higher acoustic power had a damaging effect on nitrilase
activity. Cell disruption obeyed first order kinetics.
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