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Recent attempts to develop sustainability theory propose the use of Fisher information as a sustainability
index. The approach has been shown to be suitable for the analysis of ecological models, including dynamic
simulations as well as optimal control problems where the objective function involves maximizing or minimizing
Fisher information. Nevertheless, Fisher information can also be interpreted as a measure of the degree of
variability of a dynamic system. The goal of this work is two-fold. First, we study the scope of using the
concept of Fisher information as a sustainability index in dynamic systems different in nature from ecological
systems. Then we study the behavior of Fisher information in terms of the variability and performance of the
dynamic system rather than using it as a sustainability index. The results of three case studies are presented,
including two chemical engineering applications (a continuous crystallization system and a series of three
continuous stirred tank reactors) and a dynamic model of immunotherapy (therapeutic optimization). We
perform parametric analyses, evaluating the behavior of the value of Fisher information against significant
model parameters. In general, although its usefulness as a sustainability index might be difficult to interpret
and elucidate in some cases, Fisher information not only can indeed be related to the degree of variability of
any dynamic system, but also provides useful insights with potential application in process control.

1. Introduction

Recent research efforts report various applications of infor-
mation theory in biological and ecological research. Cabezas
and Fath1 discuss the use of information theory as an index of
physical or structural diversity, as a measure of evolutionary
processes, and as a measure of the distance of a system from
its thermodynamic equilibrium. Recognizing the contributions
and limitations of those approaches, the same authors propose
to develop the theory of sustainability from Fisher information.2-4

Fisher information was introduced by the work of Ronald
Fisher5 and can be interpreted as a measure of the state of order
or organization of a system or phenomenon.2,5 This interpreta-
tion provides the basis to the use of Fisher information as a
sustainability index.1-4,6,7 In addition, the state of order of a
dynamic system is also related to its degree of variability.2

As the main contribution of this paper, we show that Fisher
information not only can indeed be related to the degree of
variability of dynamic systems, but also can be a useful tool to
analyze their performance. We therefore propose to extend the
current engineering applications of Fisher information as a new
concept to support the study of the performance of dynamic
systems. The following subsections provide a brief literature
review that includes the theory used in our approach.

1.1. Fisher Information. For a single measurable variable,
the definition of Fisher information is given in terms of the

probability density function p(ε) of the deviation, ε, with respect
to the true value of the variable:7

Therefore, the calculation of Fisher information for any dynamic
system requires the determination of its probability density
function (PDF). An expression for a PDF that represents the
probability of observing the system in a given state has been
derived.1-4,6,7 The resulting expression for the PDF was then
used to obtain Fisher information in terms of the dynamics of
the state variables of the system. As a result, Fisher information
can be calculated by applying the following equation:

In eq 2, R′(t) is called speed and R′′(t) is called acceleration.
R′(t) and R′′(t) are defined by the following two equations and
can be evaluated for any dynamic system in terms of the n
system state variables y:
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As given by eq 2, Fisher information is a function of the
variability of the observations. A uniform or unbiased PDF
means that the probability of the variable taking any particular
value is no greater than that of any other value, which results
in a system with zero Fisher information. A more structured
system shows bias to a particular set of states, and the PDF is
more steeply sloped about these values, in which case Fisher
information increases with the sharpness of the PDF.2 Therefore,
Fisher information has the potential to indicate changes in
system organization.

1.2. Fisher Information as a Sustainability Index. In the
field of process systems engineering, recent literature reports
significant efforts to provide generalized indices and guidelines
to support sustainable development by reasonably simple
approaches. Nevertheless, a fundamental theory of sustainability
has not been fully developed. An interesting contribution
proposes to construct the theory of sustainability from informa-
tion theory.1,6

The hypothesis assumed is that organization of the state of
the system is a sufficient condition for the sustainability of such
a state. Since Fisher information is a measure of the system
organization, it is an indicator of the sustainability of the state
of the system as well.

The theory developed was proven suitable for ecological
models in stable periodical regimes. To illustrate this idea,
consider the predator-prey model studied by Cabezas and Fath1

and given by eqs 5 and 6. Table 1 provides the values of the
model parameters used by those authors.

Figures 1 (b ) 3) and 2 (b ) 10) show predator and prey
populations as a function of time. For a value of b ) 3, there
are few oscillations in the prey and predator populations (see
Figure 1). That means that the populations of both species do
not change significantly. Interestingly, when Fisher information
is calculated, the result is a relatively high value (compared to
other values of mortality rate). In contrast, when b ) 10, the
system oscillations become larger (Figure 2) and the Fisher
information value decreases. In terms of survival of the species,
the case of b ) 3 is more sustainable than the case with b )
10. Notice that a less sustainable state has larger fluctuations
that can lead to species extinction. Therefore, there is a
correspondence between sustainability and high values of Fisher
information. The idea illustrated with the predator-prey model
has also been extended to dynamic optimization applications
(optimal control problems in ecological systems) where the
objective function involved maximizing Fisher information or
minimizing Fisher information variation.8,9

From eqs 1-4, it should be noticed though that Fisher
information can be computed for basically any continuous
dynamic model where the time period T is known. A question
arises here: Can Fisher information be a useful indicator of
sustainability for systems other than ecological?

2. Fisher Information as a Measure of System
Organization and Variability1

The state of a dynamic system is given by the values of its
state variables. Also, the stability of a system is determined by
the behavior of these state variables. If all of the state variables
maintain a constant value, the system has reached a static steady
state. A static steady state means a highly structured system
with low disorder; that implies high values of Fisher information.
Similarly, if the state variables oscillate within a fixed bound
region, the system presents a stable dynamic state. Both cases
are said to be stable. For stable systems, the larger the
oscillations, the lower the system organization and the lower
the Fisher information values; however, large oscillations can
also lead to unstable behavior. Depending upon the response
to perturbations, system stability can be classified into two
categories: (i) Lagrange stability means that a perturbed system
returns to its original state; (ii) Liapunov stability only requires
a perturbed system to return to within a particular bound region
around its original state. A non-steady-state system is dynami-
cally stable if it satisfies either of those criteria.

As described in section 1.2 of this paper, Fisher information
is a function of the variability of the observations such that low
variability leads to high Fisher information and high variability
(larger oscillations) leads to low Fisher information (see Figures
1 and 2 for the predator-prey model). Also, as has been
explained, system variability is associated with sustainability
of ecological models.1

However, we remark that Fisher information can be numeri-
cally determined for basically any dynamic system. Thus,
additional questions arise. Assuming that the behavior of Fisher
information remains as a measure of system variability in the
case of nonecological models, can we take advantage of this
concept for further applications? How good can Fisher informa-
tion be when used as an indicator of dynamic performance?

The main focus of this work is to answer the questions that
have arisen above; to that end, we use the three case studies
described in the following section.

3. Case Studies

First we study the suitability and scope of using Fisher
information as a sustainability index for nonecological dynamic
models; a model from therapeutic optimization is used for that
purpose. Then we analyze two chemical engineering applications
to study the behavior of Fisher information in terms of the
variability and performance of dynamic systems. In such a
context, the first of the chemical engineering examples is an
isothermal crystallizer whose open loop dynamics is highly
nonlinear; Fisher information is used to select key model
parameters to reduce variability and to achieve less oscillatory
behavior. Finally the second chemical engineering example is
a series of CSTRs. That example illustrates how, for closed loop
dynamic systems, Fisher information provides a valuable tool
for choosing the values of the control parameters. Appropriate
controller tuning also leads to less oscillatory behavior and
higher dynamic performance.

3.1. Therapeutic Optimization: Immunotherapy for Cancer
Treatment. The first case study corresponds to a dynamic model
of immunotherapy for cancer treatment.10,11 Immunotherapy

R′′(t) ) 1
R′(t)[∑

i)1

n dyi

dt

d2yi

dt2 ] (4)

Table 1. Parameters in the Predator-Prey Model1

param value

y0 12
y1 5
a 15
b 3
c 5
e 0.5

dy0

dt
) ay0 - by0y1 (5)

dy1

dt
) -cy1 + ey0y1 (6)
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refers to the use of natural and synthetic substances to stimulate
the immune response. Immunological therapies include the use
of agents such as cytokines. Cytokines are hormones produced
in the immune system that regulate the growth and activity of
other immune system cells and blood cells. The model given
by eqs 7-9 represents the system dynamics. The model provides
the behavior of the tumor cells (y), immune or effector cells
(x), and cytokine interleukin-2 (IL-2) concentration (z). The
control u(t) represents an external source of effector cells. u(t)
) 1 represents maximum immunotherapy, and u(t) ) 0 means
no immunotherapy.

dx
dt

) cy - µ2x +
p1xz

g1 + z
+ u(t) s1 (7)

dy
dt

) r2y(1 - by) - axy
g2 + y

(8)

dz
dt

)
p2xy

g3 + y
- µ3z (9)

The parameters are all considered positive constants, and the
model equations are described as follows.10,11 Equation 7

includes the rate of change of the effector cell population, where
c models the antigenicity of the tumor. Its second term represents
the natural death of the effector cells at a rate of µ2, and the
third term is of Michaelis-Menten form to indicate the saturated
effects of the immune response. The final term involves the
strength of the treatment, s1, and the control u(t) that represents
an external source of effector cells. Equation 8 represents the
dynamics of the tumor cells. The first term of eq 8 is a logistic
term (logistic growth model) which intends to represent a self-
limiting behavior of tumor cell population.11 The second term
is the loss of tumor cells and is represented by a Michaelis-
Menten type of expression; such an expression indicates the
limited interaction between the tumor and effector cells.
Equation 9 gives the rate of change for the concentration of
IL-2. The IL-2 source is modeled by another Michaelis-
Menten term in which the tumor cells stimulate the interaction
with the effector cells to produce more IL-2. The last term
represents the loss of these cells at a rate of µ3. Table 2 provides
the values of the model parameters used by Kirschner and
Panetta.11 The units for the model parameters are days-1 except
for g1, g2, g3, and b, whose dimensions are those of volume.

Figure 1. System dynamics for the predatorsprey model for b ) 3.

Figure 2. System dynamics for the predatorsprey model for b ) 10.
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3.2. Isothermal Crystallization. The second case study
corresponds to the continuous isothermal crystallization of
ammonium sulfate. Since the shape of the crystal size distribu-
tion has a significant impact on the liquid-solid separation as
well as on the properties of the product, crystallization requires
a population balance to be accurately described. A dynamic
model for the crystallizer can be derived from the population
balance by using the method of moments. Detailed descriptions
of the method of moments are given by Jerauld et al.12 and
Chiu and Christofides.13 The resulting system of differential
equations is given as

C is the ammonium sulfate concentration where C(t) ) C0 at t
) 0. In eq 10, Fc is the crystal density, τ is the residence time,
Cs is the saturation concentration, k1 is the growth rate constant,
k2 and k3 are nucleation rate constants, and m0 through m3 are
moments 0-3, which are all related to the number of particles
in the system. Moment 3 is of particular interest, since it is
used to obtain the average crystal size. A set of model parameter
values were reported by Melendez-Gonzalez14 and are provided
in Table 3. It is important to observe that eq 10 is an open loop
dynamic model.

3.3. A Series of Three CSTRs. The third case study was
taken from the book of Luyben.15 It corresponds to a series of
three isothermal constant-holdup CSTRs. A reactant A is
consumed in each of the reactors to produce B by a first-order
liquid reaction. Density is assumed constant throughout the

system; since the system is binary, only one component
continuity equation is required for each reactor. The dynamics
of reactant A in each tank is given by the following set of
equations:

where the specific reaction rates are given by the Arrhenius
expression

CA is the concentration of reactant A, V is the reactor volume,
and F represents volumetric flow. As a further assumption for
controller design and stability analysis, the temperature, V, and
F are considered constant for each reactor, and eq 13 results.
In eq 13 τ ) V/F is the residence time. Initial conditions and
other model parameters are provided in Table 4.

Equation 13 is an “open loop” model since no controller is
used. An idealized closed loop version of this example is also
discussed by Luyben.15 CAD is a disturbance concentration and
CAM is a manipulated concentration changed by the controller.
CAD and CAM are related through the following equation:

It is further assumed that the controller has proportional and
integral actions. It changes CAM on the basis of the magnitude
of the error E, as shown by the following equation:

In eq 15, 0.8 is the bias of the controller and the error is given
by the following equation in terms of the set point of the product
concentration leaving the third tank, CA3

set:

4. Analysis of the Results

We have performed parametric analyses, varying significant
model parameters and evaluating the system dynamic behavior

Table 2. Parameter Values for the Model of Immunotherapy11

param value

c 0-0.05
s1 550
µ2 0.03
p1 0.1245
a 1
r2 0.18
µ3 10
p2 5
g1 2 × 107

g2 1 × 105

g3 1 × 103

b 1 × 10-9

Table 3. Parameter Values for the Case Study of Isothermal
Crystallization14

param value

C0 1 g cm-3

Cs 0.9802 g cm-3

Fc 1.77 g cm-3

τ 1 h
k1 5065 cm cm3 g-1 h-1

k2 7958 cm-3 h-1

k3 0.001217

dC
dt

)
(C0 - C) - 4πk1τ(C - Cs)m2(Fc - C)

(1 - 4
3

πm3)τ
dm0

dt
) -

m0

τ
+ (1 - 4

3
πm3)k2 exp[ -k3

( C
Cs

- 1)2]
dm1

dt
) -

m1

τ
+ k1(C - Cs)m0

dm2

dt
) -

m2

τ
+ 2k1(C - Cs)m1

dm3

dt
) -

m3

τ
+ 3k1(C - Cs)m2

(10)

Table 4. Model Parameters for the Series of CSTRs15

param value Units

CA0(0) 1.8 kmol of A/m3

CA1(0) 0.4 kmol of A/m3

CA2(0) 0.2 kmol of A/m3

CA3(0) 0.1 kmol of A/m3

E(0) 0 -
k 0.5 min-1

τ 2 min
Kc 30 -
τ1 5 min
CAD 0.2 kmol of A/m3

CA3
set 0.1 kmol of A/m3

V1

dCA1

dt
) F(CA0 - CA1) - V1k1CA1

V2

dCA2

dt
) F(CA1 - CA2) - V2k2CA2

V3

dCA3

dt
) F(CA2 - CA3) - V3k3CA3

(11)

kn ) Re-E/RTn n ) 1, 2, 3 (12)

dCA1

dt
) 1

τ
(CA0 - CA1) - kCA1

dCA2

dt
) 1

τ
(CA1 - CA2) - kCA2

dCA3

dt
) 1

τ
(CA2 - CA3) - kCA3

(13)

CA0 ) CAM + CAD (14)

CAM ) 0.8 + Kc(E + 1
τ1
∫E(t) dt) (15)

E ) CA3
set - CA3 (16)
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against the value of Fisher information. We intend to evaluate,
for each case, the relationship between changes in Fisher
information and dynamic regime changes, sustainability, and
performance. The results include our findings for three case
studies. Fisher information can indeed be related to sustainability
in some cases, but in general, it can be related to the degree of
variability of the dynamic systems under investigation.

4.1. Immunotherapy. This example, although different in
principle from an ecological model, can be interpreted as a
system where a group of cells (“species”) coexist and “struggle
for survival”, and therefore, its analysis can be similar to those
of ecological models. Hence, the idea of using Fisher informa-
tion as a sustainability index might still be applied. The objective
is to obtain a nonsustainable state though, since it is desirable
to eliminate one of the species (cancer cells). In this case, the
values of the Fisher information are studied for several profiles
of the control variable u. Since u is actually a profile and not a
single parameter value, what we consider here are the limiting
cases: open loop (no control, no immunotherapy, u ) 0),
maximum immunotherapy (u ) 1), and the optimal control
profile reported in the literature.

Figure 3 shows the open loop (u ) 0) dynamics of the state
variables. Observe that the population dynamics are quite similar
to those of the predator-prey model. u ) 0 implies that no
immunotherapy is applied and the number of all of the
coexisting cells grows and decreases in periodic intervals (cancer
cells are not eliminated). From the point of view of sustain-
ability, that is the more sustainable regime. In fact, among the
cases we discuss in this model, this case (u ) 0) is the one
with higher Fisher information (0.0434). In contrast, Figure 4
shows the case where u ) 1 at all times (maximum immuno-
therapy); the value of Fisher information is fairly small, 1.2742
× 10-6. Notice that the numbers of both cancer cells and IL-2
cells are also small; this case would represent a nonsustainable
case (Fisher information tends to zero) which leads to both types
of cells disappearing.

An intermediate value of the Fisher information (0.0427)
comes from the optimal immunotherapy provided by Kirschner
and Panneta,11 where cancer cells vanish, but both IL-2 and
immune cells remain in the system. The cell dynamics is shown
in Figure 5 for this case. A parametric analysis was further
performed, evaluating the effect of the control variable and the
strength of the treatment, s1, on the values of the Fisher
information of the system. In general, the system behavior and

the general conclusions are practically the same as those
explained above.

In summary, even though this case study is not an ecological
model, its behavior is very similar to that of an ecological model;
then the idea of using Fisher information as a measure of system
organization or order (and as a measure of sustainability) could
still be plausible. In a different context, one may be tempted to
apply the concept of Fisher information as a tool to determine
optimal treatment policy in therapeutic optimization problems
similar to this case study. Without further exploring the idea,
our results indicate that Fisher information minimization leads
to the disappearance of some of the species (unsustainable
states), but there would not be a guarantee that the species
disappearing are the pathogenic or malicious species. In fact,
the optimal treatment policy in our example corresponds neither
to minimum nor to maximum Fisher information. Therefore,
we have no evidence to support the idea of using Fisher
information as a criterion for optimal treatment in therapeutic
optimization.

The following two examples are more interesting. They are
two chemical engineering examples. Also, they both represent
small and “isolated” dynamic systems, far from the complexity

Figure 3. Open loop state dynamics in the immunotherapy model. Figure 4. System dynamics for maximum immunotherapy.

Figure 5. System dynamics for the immunotherapy model when the optimal
immunotherapy profile is used.10
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of integrated models needed to evaluate sustainability of an
industrial process and its environment. The idea of sustainability
for these systems on their own is then more difficult to interpret.

We found, however, that the calculation of Fisher information
for their dynamics is still useful, since it might provide insights
when analyzing their performance.

4.2. Crystallization. An open loop simulation of the iso-
thermal crystallization process using the model parameters
reported by Melendez-Gonzalez14 results in the crystal size
dynamics shown in Figure 6. That work assumes values of the
initial solute concentration, C0 ) 1.0 g/cm3, and the residence
time, τ ) 1.0 h. Observe the oscillatory behavior of the crystal
size. Actually, this kind of behavior is frequently used as an
example of the nonlinearities presented in particulate pro-
cesses.13

In this case, the idea of a sustainable state might be unclear,
but sustainability may also refer to the robustness of a preferred
dynamic regime to natural disturbances. In this context, we
studied the behavior of Fisher information against the two main
model parameters, C0 (initial solute concentration) and τ
(residence time). The state dynamic expressions defined by eq
10 were used in the calculations. A significant result is obtained
in this analysis; the maximum value of Fisher information
corresponds to values of C0 ) 0.9905 g/cm3 and τ ) 1.1890 h.
When a dynamic simulation is performed using such values,
the resulting crystal size dynamics is the one presented in Figure
7. Observe that the final value of the mean crystal size in Figure
7 is about 1750 µm, practically the same as the mean value of
Figure 6. Nevertheless, the difference in the dynamic behavior
of both simulations is evident. When the values of the model
parameters are chosen through the maximization of Fisher
information, the behavior of the dynamic system is significantly
improved. The dynamics becomes much less oscillatory, and a
steady state is reached in a shorter time period. It must be
emphasized that this is an open loop simulation and there is no
controller. Fisher information helps to find the values of model
parameters that achieve less oscillatory behavior without af-
fecting the main outcome of the process (mean crystal size).
Once again, maximization of Fisher information results in less
variability of the system dynamics.

4.3. A Series of Three CSTRs. This case study was used
because it is a closed loop system. The results obtained in the
open loop system of the previous case study encouraged
investigation of the behavior of Fisher information in the
presence of a controller. From the mathematical point of view,
in addition to the model parameters, there are two parameters
for the PI controller (proportional constant, Kc, and integral time
constant, τ1) whose values have to be determined. Fisher
information maximization was used as the main criterion to find
those values; that is, Fisher information is used as a tool for

Figure 6. Crystal size dynamics.

Figure 7. Crystal size dynamics for C0 ) 0.9905 g/cm3 and τ ) 1.1890 h
(maximum FI).

Figure 8. Output concentration for reactor 3 after a disturbance in the feed concentration using the control parameters provided by Luyben.15
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controller tuning. The resulting dynamic behavior is compared
to that reported by Luyben,15 which used two sets of values of
Kc and τ1. One such set of values was obtained by the
Ziegler-Nichols technique.

Luyben15 used the series of CSTRs as an example of a
dynamic simulation and suggested values of Kc ) 30 and τ1 )
5. Figure 8 shows the CA3 concentration profile against time
when using such values; a step disturbance CAD of 0.2 at time
equal to zero and CA3

set ) 0.1 is also used for the simulation.
The system shows significant oscillation. As also reported by
Luyben, the Ziegler-Nichols technique can be applied to tune
the controller, providing values of Kc ) 29.1 and τ1 ) 3.03 for
this example. The dynamic behavior after using such values in
the model is shown in Figure 9. As one could expect, the
Ziegler-Nichols settings result in an underdamped system
whose response also presents significant oscillation.

We then performed a parametric analysis, changing the values
of Kc and τ1 for the dynamic system given by eqs 13-16 and
calculating the value of the Fisher information. A maximum
value of Fisher information was obtained when the values of
the control parameters were Kc ) 4.1 and τ1 ) 1.8. A dynamic
simulation with such values is depicted in Figure 10. One can
observe that the control is less tight (more deviation in the
controller variable) at the beginning of the simulation, but there
is a more gradual change in the variable, and more important,
the response is not oscillatory.

To complete the exercise, we performed the same methodol-
ogy in two other cases in this example. We considered the case
of start-up operation (CA3(0) ) 0 and CA3

set ) 0.1) and the case
when the set point is changed from CA3

set ) 0.1 to CA3
set ) 0.2.

For start-up operation, Figures 11 and 12 allow a comparison
between the dynamic behavior obtained with the control
parameters used in the book of Luyben15 (Kc ) 30 and τ1 ) 5)
and that obtained with the parameters which result in maximum
Fisher information (Kc ) 4.2 and τ1 ) 1.7). The dynamic
behavior corresponding to maximum Fisher information (Figure
12) is not only less oscillatory but also more tight and has much
better performance (error attenuation against time). The same
conclusion is obtained in the case of the change in set point,
shown through Figures 13 and 14. In such a case, the values of
control parameters that achieve maximum Fisher information
are Kc ) 2.3 and τ1 ) 1.4.

Finally, Figure 15 illustrates a typical result from the
parametric analysis of Fisher information against model pa-
rameters; it depicts the behavior of Fisher information against
Kc and τ1 for the case of the change in set point for this example.

In general, although a tuning control procedure can be a
difficult task for several applications, classical control theory
establishes that larger values of the proportional gain (Kc)
typically mean faster response, since the larger the error, the
larger the proportional term compensation; nevertheless, an
excessively large proportional gain will lead to process instabil-
ity and oscillation. Further, larger values of the integral gain
(Ki, where Ki ) Kc/τ1) generally imply steady-state errors are
eliminated more quickly; however, the trade-off is larger
overshoot. In this case study, Fisher information maximization
has resulted in smaller values of both proportional and integral
gains, which is consistent with the fact that both the settling
time and oscillatory behavior decreased. This behavior of course
needs to be carefully analyzed by testing some other linear and

Figure 9. Output concentration for reactor 3 after a disturbance in the feed concentration using the control parameters determined by the Ziegler-Nichols
technique.

Figure 10. CA3 dynamics using Kc ) 4.1 and τ1 ) 1.8 (maximum Fisher information).
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Figure 11. CA3 dynamics during start-up operation using the control parameters provided by Luyben15 and CA3
set ) 0.1.

Figure 12. CA3 dynamics during start-up operation using Kc ) 4.2 and τ1 ) 1.7 (maximum Fisher information) and CA3
set ) 0.1.

Figure 13. CA3 dynamics due to a change in the set point from CA3
set ) 0.1 to CA3

set ) 0.2 using the control parameters provided by Luyben.15

Ind. Eng. Chem. Res., Vol. 49, No. 4, 2010 1819



nonlinear dynamic systems when using Fisher information
maximization as a tuning criterion.

5. Conclusions

Fisher information can be used as a measure of variation and
system order; in that sense, Fisher information can be related
to sustainability. In this paper we investigate first the suitability
of using Fisher information as a sustainability index for
nonecological models. For the first case study of therapeutic
optimization, we believe Fisher information can indeed be used
as a measure of sustainability. Even though this case study is
not an ecological model, its behavior is very similar to that of
an ecological model; then, the idea of using Fisher information
as a measure of system organization or order could still be
plausible. We believe that this conclusion may be generalized
to dynamic systems where a group of entities (for example, cells,
species, reactants, etc.) “coexist” and/or “struggle (compete) for
food and survival” (an analogy might be, for instance, selectivity
in reactive systems).

There are some other dynamic systems, such as the last
two case studies, where the concept of a sustainable state
might be unclear and difficult to interpret, since both of them
are small and isolated dynamic systems. Thus, the systems

are far from the complexity of integrated models needed to
evaluate sustainability of an industrial process and its
surroundings. In those cases, however, Fisher information
can still be a useful tool. We have seen that using Fisher
information as a measure of variability of a dynamic regime
may help to achieve improved dynamic performance, which
has potential benefits in analyzing aspects such as stability
and controllability. We tested the use of Fisher information
as a tuning tool in case study 3. Further, we have shown
that, in open loop systems, the selection of model parameters
through Fisher information maximization can lead to less
oscillatory behavior in nonlinear models. Fisher information
can indeed be related to the degree of variability of the
dynamic systems under investigation.

In light of the results of case study 3, we are currently
analyzing the use of Fisher information as a general indicator
of dynamic performance in closed loop systems. Preliminary
results in nonlinear dynamic systems show its potential as a
controller tuning criterion and also show the superiority of
this concept over conventional criterion such as the integral
absolute error. An additional idea under investigation is the
following. Since Fisher information can be calculated through
an integral equation, and its calculation is subject to a set of
ordinary differential equations, we could pose the problem
as an optimal control problem. Therefore, selection of model
parameters through Fisher information maximization could
lead to an optimal dynamic performance.
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