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Abstract

Experimental data on continuous fermentation of sucrose and glucose solution at low pH to gluconic acid by
Asprgillus niger immobilized on cellulose fabric show complex dynamic behaviour including a decline in yield.
The data have been analyzed using an artificial intelligence based symbolic regression technique to provide a math-
ematical model for predicting values of conversion 5, 10 and 15 h ahead values of conversion. These predictions
can be used during continuous operations to monitor the bioprocess and adjust the residence time of fermentation
to get complete and more efficient conversion of sucrose or glucose to gluconic acid.

Introduction

Commercial production of a wide range of metabo-
lites use fungal mycelia cultured as free mycelia,
pellets/flocks or as artificially bound/entrapped cells
(Romero-Gómez et al. 2000). During fermentation,
the type of morphology strongly influences metabolite
production and its effects remain unexplored and rela-
tively unclear (Braun & Vecht-Lifshitz 1991). In a fer-
menter, mycelia are subjected to external and internal
mass- and heat-transfer stresses (Karel & Robertson
1989), and mechanical agitation can help to remove
such limitations. The mechanical forces, induced by
turbulent flow (by aeration or agitation) may however
lead to: (i) pellet erosion owing to loss of the pellet
surface (Van Sujidam & Metz 1981, Cui et al. 1997),
(ii) pellet breakage (Bhavaraju & Blanch 1976, Metz
& Kossen 1977), (iii) cell lysis/disintegration (Wittler
et al. 1986), and (iv) cell breakage or surface ero-
sion (Taguchi et al. 1968). These forces produce a
spontaneous or gradual loss of conversion efficiency
due to loss in cellular activities (May et al. 1929,
Sakurai et al. 1989, Corrado et al. 1997). Immobi-
lization of biocatalysts, use of modified reactor con-
figuration etc. are now routinely practiced to alleviate

such difficulties (Birnbaum et al. 1983, Roehr et al.
1996, Sankpal & Sahasrabudhe 2001). Notwithstand-
ing these improvements, the problem still continues
and the concomitant loss of enzyme activity or conver-
sion efficiency continues to pose practical difficulties.

In this work, we have used an Artificial Intelli-
gence (AI) based tool performing symbolic regression
(hereafter referred to as ‘AI Based Symbolic Regres-
sion’, AIBSR) (Goldberg 1989, Holland 1992, Tambe
et al. 1996, Kulkarni et al. 1999) – to monitor a
bioprocess. The AIBSR technique allows us to ob-
tain automatically a mathematical expression which
accurately fits a given set of experimental data. For
the sake of illustration, experimental data on the con-
version efficiency of sucrose and glucose to gluconic
acid by Aspergillus niger is used as a time series to
develop the functional form of an expression for pre-
dicting, one step ahead (5 h, 10 h, 15 h) scenario.
The predictions of the model are validated against the
experimental data and afford an opportunity to take re-
medial measures when loss in conversion efficiency is
predicted. The strategy is adopted for real experiments
on fermentation to gluconic acid and results presented.
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Materials and methods

Organism and growth

Aspergillus niger NCIM 545 (National Collection of
Industrial Microorganisms NCL, Pune) was grown on
potato/dextrose/agar slopes (PDA). Experiments were
carried out in a fermenter set-up consisting of an en-
closed chamber (70 × 35 × 30 cm) equipped with a
thermohygrometer, humidifier, temperature controller
and an inlet and outlet for air. A woven cellulosic
fabric support, commonly known as ‘Turkish Towel-
ing’, was used to immobilize A. niger. A piece of this
fabric (68 × 8 × 0.5 cm) comprising 100 ml void
volume (interstitial space/volume between microfib-
rils) was utilized. Fermentation medium was dripped
continuously on the support by a peristaltic pump at a
desired flow rate. Immobilization of A. niger mycelia
by adsorption technique, its cellular adaptation and
behaviour at low pH, complete sporulation inhibition,
effects of various medium compositions, support con-
figuration, and analysis of reactants and products have
been described in more detail in our earlier work
(Sankpal et al. 1999, 2000).

Increasing the interfacial area of mycelia on porous
support will increase the mass transfer and O2 diffu-
sion during fermentation of glucose to produce free
gluconic acid of high productivity. Sucrose, an alterna-
tive cheap substrate, also produces gluconic acid and
fructose as cost-effective products. During fermenta-
tion, a pH gradient exists on the fabric support. For the
feed pH of 6, the exit pH of 1.9 to 2.3 was monitored
during a typical run. The pH profile on the support
indicates incremental formation of gluconic acid in
successive zones of the fabric support. The average
specific rate of gluconic acid formation is computed
to be 1.3 and 2.4 g gluconic acid g−1 mycelia.h using
sucrose and glucose, respectively.

Loss in the conversion efficiency during continuous
fermentation

During continuous bioconversion of glucose and su-
crose to gluconic acid, the specific rate of gluconic
acid formation dropped as fermentation progressed.
A typical conversion profile for glucose and sucrose
is shown in Figure 1. The drop in conversion val-
ues (Figures 1a and 1c) is an indication of loss of
productivity and overall bioconversion efficiency of
fermentation. Based on the estimate of local reaction
rate, substrate concentration etc. one can conjecture
an increase in residence time (RT) to compensate for

the loss in local conversion efficiency (Figures 1b and
1d). Figure 2 shows the conversion – time plot for
a typical run where the RT was adjusted such that
the conversion efficiency remains above 90%. The
RT values indicated in the Figure 2 are at the instant
of time where marked drop in the efficiency is ob-
served. Thus, the restoration of higher conversion was
achieved by progressively raising the residence time
(values increasing from 7.8 to 10.4 h). This avoids the
presence of unreacted glucose or sucrose in mother
liquor as well as the load on the purification step. On-
line determination of local reaction rates, substrate
concentration etc. involves cumbersome procedures
and may not be always feasible. We have, therefore,
used the experimental runs in Figures 1b and 1d to
develop a mathematical expression predicting conver-
sion as a function of time. Towards this end, we use the
AIBSR technique that is described below in details.
Once a reasonable expression predicting the conver-
sion vs. running time is obtained, the same can be
used as a process-monitoring tool obviating the need
for too-frequent costly experimental measurements.

Artificial intelligence based symbolic regression

The methodology and applications of the AIBSR tech-
nique for time series analysis has been discussed in
details (Yadavalli et al. 1999, Sankpal 2000) and has
been modified for use here. The stepwise AIBSR im-
plementation is presented below in brief for reasons of
being self-contained.

Stepwise AIBSR implementation

For a given time series {x1, x2, ..., xt , ..., xT } (train-
ing set) of length T , the AIBSR searches for the fittest
expression in the form of a one-step-ahead predictor
defined as:

xt+1 = f {xt , xt−1, ..., xt−α} ; α ≤ t ≤ (T − 1);
0 ≤ α ≤ L, (1)

where t denotes discrete time; α refers to the number
of lags; L represents the maximum permissible lags,
and f exemplifies the function relating the current (xt )
and the past (lagged) values {xt−1, ..., xt−α}, with the
one-step-ahead value (xt+1) in the time series. In the
following, the AIBSR procedure for obtaining the best
fitting form of function f is elaborated.
Step 1 (Initialization): randomly generate an initial
population of candidate strings (size = Ninit) using the
postfix strategy (Kulkarni et al. 1999, Yadavalli et al.
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Fig. 1. Experimental conversion (100% = 100 g l−1) profiles during continuous production of gluconic acid by immobilized A. niger at
residence time of 7.8 h: (a) for sucrose, (c) for glucose. Residence time was adjusted to achieve bio-conversion (b) for sucrose, and (d) for
glucose respectively. Experiments were carried out under steady conditions of temperature and humidity, aeration.

1999). Each string, of length lstr, is partitioned into a
number of blocks comprising a sequence of randomly
selected symbols representing operands and opera-
tors. Operands include constants of an expression and
variables representing the current and the lagged val-
ues whereas operators indicate addition, subtraction,
multiplication and division.
Step 2 (Fitness evaluation and population ranking):
the fitness of a string is a measure of its data fitting
ability and further survival. It is expressed using a
sum-squared error (SSE) dependent fitness function:

R2
l = 1 − �2

l

T∑
t=α+1

(xt − x̄)

; l = 1, 2, ..., Npop, (2)

where R2
l denotes the fitness value of lth string; x̄ rep-

resents the mean of all xt ’s in the time series and Npop
denotes the number of strings. The �2

l representing
SSE is estimated according to

�2
l =

T∑

t=α+1

(xl
t+1 − xt+1)

2. (3)

After evaluating fitness of all the strings in the
present population, they are ranked in the decreasing
order of their fitness values.
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Table 1. AIBSR parameter values and results of statistical analysis.

Ninit lstr Ngen α pmut [Z1, Z2] R2 CC

50 35 35 2 0.02 [−10, 10] 0.9896 (trn) 0.9976 (trn)

0.9905 (tst) 0.9984 (tst)

R2: fitness score; CC: correlation coefficient; trn: training set; tst: test set; Ninit:
initial number of strings; lstr : length of each string; Ngen: number of generations;
α: number of lags; pmut: probability of mutation; [Z1, Z2]: range of constants.

Fig. 2. Experimental and one-step-ahead (10 h) predicted values for
continuous bio-conversion of sucrose (100% = 100 g l−1) , Relative
humidity: 90%, residence time: 7.8 to 10.4 h, biomass on support
1.12 g.

Step 3 (Parent selection): for producing the next gen-
eration of strings, the present population is mated for
which a mating pool of fitter strings is formed. In
this study, we are employing ‘elitist selection’ scheme,
where fitness-driven string selection procedure makes
it less likely that the low fitness strings will be mated.
Here, a certain number (Ninit/2) + 1, of top ranking
strings are selected as a mating pool following which
parent-pairs such as [Strings 1 and 2], [Strings 2 and
3]. . . [Strings (Nini/2) and (Nini/2 + 1)] are formed.
The top ranking strings are more likely to contain
the blocks that would finally yield us the best fitting
expression.
Step 4 (Reproduction): the strings in the mating pool
are copied to the next generation and remaining ones
are discarded. This operation allows the fitter strings
in the present population to be part of next generation.
Step 5 (Crossover): each parent-pair from the mating
pool forms two offspring; a block from each parent
string is randomly selected, and exchanged mutually.
The resulting Nini number of new strings together with
(Nini/2 + 1) cloned parents strings form a new gener-
ation whose size (Npop), equal to (1.5 × Nini) + 1, is

Table 2. Fitness score (R2) and correlation coeffi-
cients (CC) for multi-step ahead predictor.

Prediction step (h) R2 CC

5 0.9789 (trn) 0.9897 (trn)

0.9793 (tst) 0.9905 (tst)

10 0.9654 (trn) 0.9821 (trn)

0.9672 (tst) 0.9838 (tst)

15 0.9532 (trn) 0.9765 (trn)

0.9571 (tst) 0.9772 (tst)

trn: training set; tst: test set.

maintained through the subsequent generations. New
strings are created by mutual exchange of randomly
selected string blocks and represent a global search as
new regions of the solution space are explored.
Step 6 (Mutation): a fraction of string blocks is mu-
tated randomly, with a tiny probability of mutation
(Pmut) (range 0.001–0.05). Mutation involves replac-
ing a randomly chosen string element by another of
same type i.e., an operator (operand) replaces operator
(operand).

The various operations of fitness evaluation to mu-
tation (steps 2 to 6) are iteratively performed until
AIBSR evolves over a pre-specified number of gener-
ations (Ngen) and where the fitness of the best string
no longer increases. As creation of initial popula-
tion, crossover and mutation are stochastic procedures,
the final solution depends upon the sequence of ran-
dom numbers generated during the search. In view
of this, it becomes necessary to repeat the AIBSR
procedure many times by employing different random
number generator seeds for arriving at an overall op-
timal solution. Once a highly fit string is secured,
its simplification may become necessary to obtain the
shortest but mathematically equivalent expression.
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Results and discussion

As described in general methodology, several equa-
tions simulating the conversion of sucrose vs. time
dynamics were obtained. We report here the best
fitting expression as follows:

xt+1 = (xt + 0.714xt) − (1.16112(xt + 10.7121))

− (3.04(xt−1 − xt )(xt + 0.3224)). (4)

High fitness score (R2) and correlation coefficient
(CC) magnitudes (≈ 1.0) were obtained using this
expression for training and test sets (Table 1). The
empirical equation searched by the AIBSR has thus
captured the inherent dynamic relationship between
the current and one-step-ahead values. The efficacy of
the proposed Equation (4) was also tested for multistep
ahead prediction in recurrent mode. This was done by
substituting the xt by actual experimental data points,
after every 5, 10 and 15 h depending upon the predic-
tion step size. The R2 and CC of the multi-step ahead
prediction (5, 10 and 15 h) were in the acceptable limit
of accuracy (Table 2). However, for the sake of clarity
the 10-h ahead prediction curve is shown in Figure 2.

Equation (4) can be used on-line during fermenta-
tion as a bioprocess monitor. It provides the scenario 5,
10 and 15 h ahead giving sufficient time to take reme-
dial measures such as adjustment of RT etc to ensure
complete conversion of substrate and bioconversion
efficiency. This is especially important since on-line
measurement of concentrations of many substances
is either not possible or quite often very cumber-
some. We have successfully used this strategy to run
the fermenter for over a period of 2 months, setting
the cut-off efficiency at 90%. The time at which the
fermenter would reach this level was predicted on-
line and adjustment of residence times was carried
out ahead of time to avoid fall in conversion effi-
ciency below this level. A significant improvement in
throughput processing was thus possible.
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