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A two-dimensional (2D) spectroflucrometer was used to monitor various fermentation processes with recombinant E. coli for
the production of 5-aminolevulinic acid (ALA). The whole fluorescence spectral data obtained during a process were analyed
using artificial neural networks, ie. self-organizing map (SOM) and feedforward backpropagation neural network
(BPNN).Based on the classified fluorescence spectra a supervised BPNN algorithm was used to predict some of the process
parameters. It was also shown that the BPNN models could elucidate some sections of the process performance, e.g.

forecasting the process performance.
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Table 1. Three fermentation processes for the production of ALA by
recombinant E. coli
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Figure 1. Working procedure for the application of the SOM and
BPNN to the analysis of 2D fluorescence spectra.
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Figure 2. Comparison of the predicted ALA concentrations predicted
by the network model (98-5-1) with the off-line data in FerM1.
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Table 2. Empirical correlation coefficients (R.y), standard errors (SE)
and the optimal network topology for a few process parameters in
FerM1

Optimal topology

Parameters Ry SE (In-Hid-Out)
Glucose 0.973 0.0734 98-5-1
CO; 0.991 0.0291 98-8-1
DO 0.995 0.0219 98-5-1
0O 0.989 0.0265 98-3-1
DCW 0.978 0.0674 98-5-1
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Figure 3. (a) Comparison of the DCW predicted using a model with
the off-line data in FerM2, (b) Comparison of the CO, concentrations
predicted by a model with the on-line data in FerM2,
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Table 3. The empirical correlation coefficients (R.y), standard errors
(SE) and optimal topology for some process parameters in FerM2

Parameters Ry SE Op(tll:?;i(fgzlggy
ALA 0.984 0.0584 98-8-1
DO 0.992 0.0322 98-5-1
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ge LATPAS WEAD 2de A4S AR
= AL W T80 5 54 2ETHE A3 A4
QFURFELe] OE FAE LEZFINE FHAS
== A58 F JdertE AFse Aol asivE Aol
t}h o]& {3 FeM3d| e LAS A=A 7] 2wk H
3 AL AYEnE FaM29} BE 27L& TUsA £33

Korean J. Biotechnol. Bioeng., Vol. 20, No. 4

39ttt FeaM2d]A] ALATE o2& 93 98-8-11%9
BPNN 2dg FerM3o] &3t 1 A{AHL AZ3A
FerM3o| A 39 FPAdEHS ¢HU|o|E| = AFL5)1,
FerM29] Rd® e 98 AM&E 715X E ©o]8&3te] FerM3
qxel ALAFTEE <=3l Fig. 4004 FerM3ojA

AFES el ZA4FT FaM2o]X AMEE 7MEAE
o] &3t oEH ALATE S Hllé}ﬁit} 124]7F o] A
€ A% ezl A Ateld F& dBHE B
(Ryy = 0845, n = 50). 18U} 124)7F o]Fo] muld) 23
ALATE e S71HAT exelql SAHFSL Tasd
o ol¥A F At dAEA e olfE FaM3olA A
25 WAde Eeavs HgAo] TR 1247k 90%0
A a FRAFEAN 10%2 3437 dEY Aolwt. Ax
Ho 2 AxFgyre] EeE i BPNN Zd 2 nj$
Hgsin] ALATES 22 FHUFEY &L M=
AHEE g 3lE Aloltk 2y o]#g BPNN Ede] A3
A5 27b¢l P339 photomultiplier A]7]¥iste} 2 &
Az B Aogg v 4 ok

1000

*  off-line data
........ prediction data

10 15 20 25

Fermentation time [h)

Figure 4. Comparison of the off-line ALA data measured in the
FerM3 with the ALA data predicted by the network with the same
weights as the network model for the FerM2.
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Figure 5. Comparison of the off-line DCW data with the forecast of
the DCW data in the FerM3 ([A]: forecast of the DCW from 6.9 h;
[B]: forecast of the DCW from 9.2 h; [C]: forecast of the DCW
from 11.6 h; [D]: forecast of the DCW from 16.3 h).
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NOTATION

ALA  5- Aminolevulinic acid (mg/L)
ANN  Artificial neural networks

BMU  Best matching unit

BPNN Backpropagation neural network
DCW  Dry cell weight (g/L)

DO Dissolved oxygen concentration (%)
E, E(r) Cumulative sum-squared-error
EGFP Enhanced green fluorescent protein
FerM  Fermentation process

IPTG  Isopropylthiogalactoside

LA Levulinic acid

LB Luria Bertini

M Number of classes

n Number of total data points

Opk Actual output of the kth output layer neuron

for the pth input pattern
PCA  Principal component analysis

PLS Partial least square regression analysis

r Present number in the fluorescence spectrum
Ryy Empirical correlation coefficient

RMSEP Root mean square error of prediction

SE Standard etror

SOM  Self-organizing map

T Number of spectral components in a class
tok Target output of the kth output layer neuron

for the pth input pattern
VAR; () Time-dependent variance of the fluorescence
intensities of all spectral components in a class
VAR,, Mean variance of the fluorescence intensities for all
spectral components of all classes in a distribution card

x* Real value of a variable

Xmax Maximum value of a variable
Xonin Minimum value of a variable
y* Rescaled value of a variable

i output neuron value at j neuron
Greek letters

(1) learning rate at iteration of r

n momentum

13 predefined factor
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