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Abstract

Cheese whey proteolysis, carried out by immobilized enzymes, can either
change or evidence functional properties of the produced peptides, increas-
ing the potential applications of this byproduct of the dairy industry. Opti-
mization and scale-up of the enzymatic reactor relies on its mathematical
model—a set of mass balance equations, with reaction rates usually given by
Michaelis-Menten-like kinetics; no information about the distribution of
peptides’ molecular sizes is supplied. In this article, a hybrid model of a batch
enzymatic reactor is presented, consisting of differential mass balances
coupled to a “neural-kinetic model,” which provides the molecular weight
distributions of the resulting peptides.

Index Entries: Cheese whey proteolysis; enzymatic reactor; hybrid model;
mass balance equations; artificial neural networks.

Introduction

Reduction in the discharge of liquid protein residues generated in the
food industry process is a relevant concern (1). An interesting possible
solution to the problem is the conversion of those residues into market
products. Milky whey, arising from cheese manufacture, was considered,
for a long time, a product to be discharged. However, its high biologic
oxygen demand (35,000 mg/L) (2) and the associated treatment cost have
turned it into a byproduct of the food industry.

Whey and its products have been increasingly used in a great number
of applications such as for the production of creamer for foaming bever-
ages, edible food films, and milk and salt substitutes. On the other hand,
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whey protein hydrolysis, carried out by enzymes immobilized in an inert
support, can either change or evidence functional properties of the pro-
duced peptides, increasing the potential applications of cheese whey. Whey
protein hydrolysates can be used as a protein source for individuals with
a reduced capacity for digestion, as a food supplement for phenylketonuria
patients, in compositions of bioactive peptides free from bitterness, and so
on (3).

Usually, the mathematical model of the enzymatic reactor where
whey hydrolysis takes place comprises a set of mass balance equations
with reaction rates given by Michaelis-Menten-like kinetics (4–6). Fol-
lowing this approach, substrate concentrations are expressed in terms of
unspecific variables such as the number of hydrolyzable peptide bonds in
the substrate. The drawback of this approach is that it does not supply any
information about the peptides’ molecular weight distribution along the
reaction course. Only after time-consuming, off-line analyses can one
determine the detailed product composition.

In this article, a hybrid model of a batch enzymatic reactor is pre-
sented, consisting of differential mass balances coupled to a “neural-
kinetic model,” which can provide the molecular weight distributions of
the resulting peptides. In this way, a more detailed description of the state
of the system is achieved.

Feedforward multilayer Perceptron (MLP), (7) neural networks (NNs)
are trained against empirical data (8). For network training, cheese whey
was hydrolyzed by alcalase®, multipunctually immobilized in agarose gel
particles, at different pH values. A laboratory-scale batch reactor, with pH
control, was used. Samples were periodically withdrawn and analyzed via
high-performance liquid chromatography (HPLC). The trained artificial
NNs were directly coupled to mass balance equations.

Materials and Methods

Four batch hydrolysis assays were carried out, at different pHs, in a
50-mL jacketed vessel with pH (Metrohm® 718 Stat Titrino) and tempera-
ture (thermostatic bath Neslab®) control. The operation temperature was
50°C. Reaction pHs were 7.0, 8.0, 9.0 and 10.0. For each experiment, 30 mL
of cheese whey at a nominal concentration of 60 g/L (according to the
Kjeldhal method [9]) and 0.3 g of agarose gel containing 13.4 UBAEE/ggel

were used. One UBAEE corresponds to the quantity of alcalase that hydro-
lyzes 1 µmol of benzoil arginine ester etilic/min at pH 8.0 and 25°C.

During each assay, free-of-enzyme samples containing 300 µL of hy-
drolyzed whey were taken. These samples, after properly diluted (15X)
were analyzed via size-exclusion chromatography (9) (with 0.25 M NaCl
in 0.02 M phosphate buffer, pH 7.2; flow rate of 4.17 × 10–9 m3/s and
detection at 214 nm).

The results of this chromatography analysis were used for training
feedforward MLP NNs. For network learning, the “back-propagation”
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algorithm was used (10). Finally, the classic Runge-Kutta method solved
the differential mass balances (11).

Results

Some calibration procedures were necessary for obtaining the pep-
tides’ molecular weight distribution for each sample. Initially, five stan-
dards were injected into the column (Table 1). Then a calibration curve
mass concentration (g/L) vs peak area (µV × min) was built for each stan-
dard (Fig. 1).

Table 1
HPLC Standards for Evaluation of Molecular Weight Distribution of Peptides

Standard MW Retention
no. Identification (Daltons) (min)

1 Bovine serum albumin 67,000 30.0
(Sigma, St. Louis, MO)

2 β-Lactoglobulin 18,000 33.5
(Sigma)

3 Insulin 5000 44.2
(Biobrás, Montes Claros, Brazil)

4 Angiotensin II (Asp-Arg-Val-Tyr-Ile-His-Pro-Phe) 1047 65.0
(Sigma)

5 Leucine enkephalin (Tyr-Gly-Gly-Phe-Leu) 556 74.1
(Sigma)

Fig. 1. Calibration curves: mass concentration of standard vs HPLC peak area.
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The linear coefficient of the curves in Fig. 1 was assumed constant and
equal to 0.03 g/L ((0 g/L). The slopes, in turn, could be properly fitted as
a function of molecular weight (MW, Daltons) (Eq. 1):

Slope = –9.14 × 10–9 + 5.03 × 10–9 log10 MW (1)

Molecular weights could be expressed as a function of the retention
time (retention, min) inside the column, as presented in Table 1:

log10 MW = 5.40 – 0.04 retention (2)

By combining Eqs. 1 and 2, a general equation was obtained that
relates mass concentration (Conc, g/L) to the area in the chromatogram
(area, µV × min), as a function of retention time (min):

Conc = 0.03 + –9.14 × 10–9 + 5.03 × 10–9 5.40 – 0.04 × retention × area (3)

Through HPLC analysis, it was possible to obtain the peptides’ con-
centrations, for each sample, within five predefined ranges of interest
(MW1 ≤ 650 Daltons, 650 Daltons < MW2 ≤ 1050Da, 1050 Daltons < MW3 <
4150 Daltons, 4150 Daltons ≤ MW4 < 14,000 Daltons, 14,000 Daltons ≤ MW5

≤ 67,000 Daltons).
Considering each of the five molecular weight ranges as a pseudo-

component, feedforward MLP NNs were trained. The NNs were capable
of mapping the mass concentrations m1 (MW1 ≤ 650 Daltons), m2 (650
Daltons < MW2 ≤ 1050 Daltons), m3 (1050 Daltons < MW3 < 4150 Daltons),
m4 (4150 Daltons ≤ MW4 < 14,000 Daltons) and m5 (14,000 Daltons ≤ MW5

≤ 67,000 Daltons) into an output vector constituted by the reaction rates
of the respective MW ranges, r1 , r2 , r3 , r4 , and r5 .

The feedforward NN (Fig. 2) comprises interconnected layers of pro-
cessing units (neurons). Processing units in adjacent layers are joined by

Fig. 2. Feedforward MLP NN.
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weighed connections (wji). Each unit sums the input weighed signal (wjixi)
and an offset term (a bias wjb).

net j = Σ
i=1

n
wji xi + wjb (4)

A nonlinear transfer function (in our case, a sigmoid) evaluates the
node output (yj) using the value of netj, obtained from Eq. 4:

yj = 1
1 + exp – net j

(5)

The experimental reaction rates ri were obtained after the direct dif-
ferentiation of mi × time by the proper “calculus tool” of the software
Microcal Origin®. Tables 2 and 3 show typical data (with experimental and
predicted rates). The dispersion of NN learning can be assessed by exam-
ining Fig. 3A. Figure 3B shows the dispersion of a validation test using
extra data. The numbers of neurons in the hidden layer are 40 (pH 7.0),
45 (pH 8.0), 48 (pH 9.0) and 48 (pH 10.0).

The mass balance equation for the batch stirred-tank reactor (BSTR) is
as follows:

d mi V

dt
= ri ρ V (6)

in which mi is mass concentration within range i, V is reactor volume
(admitted constant), t is time, ri is reaction rate supplied by the neural-
kinetic model (within range i), and ρ is UBAEE/V.

Table 2
Mass Concentrations of Each Range

of Peptides’ MW (pH 10.0) for Input to NN

m1 (g/L) m2 (g/L) m3 (g/L) m4 (g/L) m5 (g/L)

54.22 0.00 0.00 0.00 0.00
47.44 3.43 1.86 0.88 0.62
34.96 10.46 5.82 1.92 1.06
26.63 13.51 8.17 2.64 3.27
24.17 12.54 8.98 2.97 5.56
20.92a 12.41 10.02 3.38 7.50
19.05 12.31 11.06 3.82 7.98

8.20 14.02 14.72 5.41 11.86
5.22 14.17 15.52 6.13 13.19
4.87 12.64 16.37 7.01 13.33
3.77 11.77 16.33 7.60 14.75
2.94 11.32 16.68 8.25 15.03
2.47 10.56 16.57 8.50 16.12

aOne validation datum point.
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Fig. 3. (A) Dispersion of NN learning; (B) dispersion in a validation test (pH  = 9.0,
T = 50°C).

By making use of the classic Runge-Kutta method, the system of
ordinary differential equations could be properly solved, providing the
hydrolysate composition inside the jacketed BSTR along time. Initial con-
ditions were as follows:

m1(0) = 63.55 g/L for pH 7.0 assay, 57.78 g/L for pH 8.0 assay,
57.01 g/L for pH 9.0 assay, and 54.22 g/L for pH 10.0 assay; and
m2(0) = m3(0) = m4(0) = m5(0) = 0 g/L for all assays.
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Note that m1(0) is not exactly the same for all experiments. The average
of the obtained values is 58.14 g/L. This is very close to the nominal cheese
whey concentration determined through the Kjeldhal method. Figures
4–7 show the model predictions compared to experimental data, for each
of the experimental assays.

Fig. 5. Distribution of peptides along time (pH = 8.0, T = 50°C).

Fig. 4. Distribution of peptides along time (pH = 7.0, T = 50°C).
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Fig. 7. Distribution of peptides along time (pH = 10.0, T = 50°C).

Fig. 6. Distribution of peptides along time (pH = 9.0, T = 50°C).

Discussion

Using HPLC and an appropriate calibration procedure, it was pos-
sible to quantify the distribution of peptides’ molecular weights along
time for different experiments of cheese whey hydrolysis. Feedforward
MLP NNs can map accurately the reaction rates as a function of peptides’
molecular weight distribution, at different pHs. For intermediary pH e.g.,
9.5, it is possible to use direct interpolation.
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It was possible to observe that the model predictions for molecular
weight distribution of peptides are quite accurate. In this work, the trained
NNs were used for simulating the BSTR itself. They can be used for mod-
eling any other kind of reactor utilized in whey enzymatic hydrolysis. In a
different work (12), by coupling a reactor modeling presented by Giordano
et al. (13) and the neural-kinetic model presented here, we built up a hybrid
model in order to represent whey proteolysis in a continuous vortex flow
reactor. Combining mathematical models with artificial NNs seems to be
an important trend in bioprocess modeling (14–16).
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