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Biosensor for measuring bacterial concentrations for use biotechnology and the health sciences
would allow a rapid, robust and sensitive real-time monitoring of bacteria. Kim et al. [1] has
developed such a method using impedance spectroscopy, and was able to measure in real-time
KEYWORDS the concentration of E. coli at 0.01 MHz frequency using impedance changes. We modeled the
modified Gompertz model growth kinetics using several nonlinear regression methods and discovered that the modified
f};}z’e’gance biosensor Gompertz model is the best model for the growth of the bacterium [2]. Bacterial growth curves
ordinary least squares method are time-dependent series model and the use of nonlinear regression method relies heavily on the
autocorrelation assumption that the residuals must not show autocorrelation. If this assumption is satisfied than

the test is said to be robust. In this work we perform statistical diagnosis test to test for the
presence of autocorrelation in this model and found out its absence suggesting that the model is
robust enough and adequate.

INTRODUCTION

Impedance spectroscopy utilizes electrical properties of
materials and their interfaces with electronically conducting
electrodes. It is a relatively novel and powerful method [1,3,4].
The use of this method by Kim et al. [1] for monitoring
bacterial growth has been explored and showed promising
results. The resultant bacterial growth showed a unique
sigmoidal characteristics of bacterial growth including a lag
time () followed by an acceleration to a maximal value (zm) or
exponential phase culminating in a final phase in which the rate
decreases and finally reaches zero, so that an asymptote (A) is
reached [5].

Of several of the models we used such as the modified
Logistic [5,6], modified Gompertz [5,7], modified Richards
[5,6], modified Schnute [5,8], Baranyi-Roberts [9] and Von
Bertalanffy [10], Buchanan three-phase [11] and Huang model
[12], the modified Gompertz was found to be the best [13].
Nonlinear regression using the least square method normally
uses the assumption that data points do not depend on each
other or the value of a data point is not dependent on the value

of preceding or proceeding data points or data must not be
autocorrelated. Autocorrelation amongst data can occur due to
events such as temperature drift during time measurements or
an overused tungsten lamp in a spectrophotometer.

If one were to count the number of animals per year in a
given area the data would be highly autocorrelated and
nonindependence as the number of animals in a current year
would be highly dependent upon the number of animals in the
previous year [14]. This is very similar to growth of
microorganisms where the increase in cellular number in a
given time frame can be exponentially fast and any event in
time that effect the current or past number of cells would be
seen in an amplified manner in future times.

In this work, the Durbin—-Watson statistic for the presence
of autocorrelation in the growth of this yeast would be used.
The method calculates the level of significance according to the
method outlined by Draper and Smith [15].
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METHODS
Acquisition of data
Data were acquired from the works of [2]. The reduction

kinetics using the modified Gompertz model (Fig. 1) was used
as before to obtain residuals for the regression.
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Fig. 1. Growth curve of E. coli fitted with the modified Gompertz
growth model. The number of cells/ml was transformed into natural
logarithm.

Durbin-Watson test

The Durbin—Watson statistic calculates the level of significance
according to the method outlined by Draper and Smith [15].

(1)

As usual the hypothesis Ho: p= 0 versus the alternative H1: p >
0 is tested. The statistic is approximately equal to 2(1— p). The
Durbin-Watson test statistic equals 2 when the p value is zero
while a p value of one equals a Durbin-Watson test statistic of
0. Non-autocorrelation is indicated by a d value near 2 while a
value towards O indicates positive autocorrelation. Negative
autocorrelation is indicated by d values nearing 4 (Eq. 1).

The null hypothesis should be rejected for a low value of
the Durbin-Watson test statistic indicating significant
autocorrelation. Unlike the t- or z-statistics, the distribution of
the Durbin-Watson test statistic is not available for p-value
associated with d and tables must be used in the hypothesis
testing.

The decision rule for the Durbin-Watson bounds test is

* if d > upper bound, fail to reject the null hypothesis of no serial
correlation,

» if d < lower bound, reject the null hypothesis and conclude that
positive autocorrelation is

present,

« if lower bound < d < upper bound, the test is inconclusive.

RESULTS AND DISCUSSION

The Durbin—Watson statistic (DW) can calculate for the
presence of serial correlation of residuals. Autocorrelation, also
known as serial correlation, is the cross-correlation of a signal
with itself. The DW is used to test whether a model has been
successful in describing the underlying trend. Informally, it is
the similarity between observations as a function of the time lag

between them. It is a mathematical tool for finding repeating
patterns, such as the presence of a periodic signal obscured by
noise. This is because most regression problems involving time
series data exhibit positive autocorrelation. Autocorrelation
amongst data can occur due to events such as temperature drift
during time measurements or an overused tungsten lamp in a
spectrophotometer. If one were to count the number of animals
per year in a given area the data would be highly autocorrelated
and nonindependence as the number of animals in a current year
would be highly dependent upon the number of animals in the
previous year [14-16].

The value of the Durbin-Watson statistics was d=
0.177263/0.078422=2.603. As usual the hypothesis Ho: p= 0
versus the alternative H1l: p > 0 is tested. The statistic is
approximately equal to 2(1— p). The Durbin-Watson test
statistic equals 2 when the p value is zero while a p value of one
equals a Durbin-Watson test statistic of 0. Non-autocorrelation
is indicated by a d value near 2 while a value towards 0
indicates positive autocorrelation. Negative autocorrelation is
indicated by d values nearing 4. The null hypothesis should be
rejected for a low value of the Durbin-Watson test statistic
indicating significant autocorrelation.

Unlike the t- or z-statistics, the distribution of the Durbin-
Watson test statistic is not available for p-value associated with
d and tables must be used in the hypothesis testing. The upper
critical value du is 2.102 while the lower critical value di is
0.229. Since d was larger than the upper critical value then the
null hypothesis is not rejected i.e. there appears to be no
evidence of autocorrelation and the modified Gompertz model
used for fitting the growth curve is adequate.
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