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Abstract
One of the main motivations for designing computer models of complex
systems is to come up with recommendations on how to best control these
systems. Many complex real-life systems are so complicated that it is not
computationally possible to use realistic nonlinear models to find the corresponding optimal control. Instead, researchers make recommendations
based on simplified – e.g., linearized – models. The recommendations
based on these simplified models are often not realistic but, interestingly,
they can be made more realistic if we “tone them down” – i.e., consider
predictions and recommendations which are close to the current status
quo state. In this paper, we analyze this situation from the viewpoint of
general system analysis. This analysis explain the above empirical phenomenon – namely, we show that this “status quo bias” indeed helps
decision makers to take nonlinearity into account.

1

Formulation of the Problem

Real-life problems. In his presentation [1] at the 2019 World Congress of the
International Fuzzy Systems Association (IFSA), Professor Kacprzyk recalled
his experience of optimizing large systems – like an economic region – at the
International Institute for Applied Systems Analysis (IIASA) in Laxenburg,
Austria.
Linearization is needed. Of course, many dependencies in complex real-life
systems are non-linear. However, even with modern computers, optimizing a
1

complex system under nonlinear constraints would require an unrealistic amount
of computation time. As a result, in the optimization, most processes in a reallife system were approximated by linear models.
Comment. To be more precise, when analyzing the effect of one specific strategy
on a system, we can afford to take non-linearity into account. However, when we
need to solve an optimization problem of selecting the optimal strategy and/or
optimal parameters of such a strategy, we have to use linearization.
Recommendations based on the linearized model were often not realistic. Not surprisingly, since the optimization process involved simplification
of the actual system, recommendations based on the resulting simplified model
were often not realistic and could not be directly implemented.
This was not just a subjective feeling: when the researchers tested, on the
nonlinear model, the effect of a strategy selected based on linearization, the
results were often not so good.
Status quo bias helped. One of the reasons that people listed for being reluctant to accept the center’s recommendations was that these recommendations
differed too much from what they expected. This phenomenon of unwillingness
to follow recommendations if they are too far away from the status quo is known
as the status quo bias; see, e.g., [2, 3].
Interestingly, when the center’s researchers “toned down” their recommendations by making them closer to the status quo, the resulting recommendations
led to much better results (e.g., as tested on the nonlinear models).
In other words, the toning down – corresponding to what we understand as
the status quo bias – actually improved the decisions in comparison to simply
using recommendations based on the simplified linear models. Thus, the status
quo bias somehow takes into account non-linearity – and is, thus, not a deviation
from an optimal decision making (as the word bias makes you think) but rather
a reasonable way to come up with a better decision.
But why? The phenomenon described above seems mysterious. Why would
getting closer to the status quo lead to a better solution?
In this paper, we analyze this phenomenon from the general system approach. Our analysis allows us to explain why the status quo bias indeed helps
to take some nonlinearity into account.

2

Analysis of the Problem and the Resulting
Explanation

A general description of a system: a brief reminder. In general, the state
of a system at each moment of time t can be described by listing the values
x1 (t), . . . , xn (t) of all the quantities x1 , . . . , xn that characterize this system.
Similarly, the change in the system can be described by differential equations
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that explain how the value of each of these quantities change with time:
dxi (t)
= fi (x1 (t), . . . , xn (t)), i = 1, . . . , n.
dt
Here the expressions fi (x1 , . . . , xn ) describe how the rate of change in each of
the quantities depends on the state x = (x1 , . . . , xn ); in general, the expressions
fi (x1 , . . . , xn ) are non-linear.
In particular, in the simplest case when we use the value of only quantity x1
to describe the state, we get the equation
dx1 (t)
= f1 (x1 (t)).
dt
What happens when we linearize. When we linearize the description of the
system, we thus replace the nonlinear functions fi (x1 , . . . , xn ) by their linear
approximations
n
X
aij · xj .
fi (x1 , . . . , xn ) ≈ ai +
j=1

In particular, in the case when we use only quantity x1 , we get the following
approximate equation
dx1
= a1 + a11 · x1 .
dt
a1
def
In this case, for the auxiliary variable y1 = x1 + , we get
a1
dy1
= a11 · y1 .
dt
The solution to this simple differential equation is well-known: it is
y1 (t) = y1 (0) · exp(a11 · t)
and thus,
x1 (t) = y1 (y) −

a1
a1
= y1 (0) · exp(a11 · t) −
.
a11
a11

In situations when the value of x1 (and thus, of y1 ) decreases, we have
a11 < 0. In such situations, the value y1 decreases to 0. Such things happen.
However, in situations when we want to describe the growth, i.e., when a11 > 0,
we get an exponential growth.
Exponential growth may be a good approximation for some period of time,
but eventually it starts growing too fast to be realistic. For example, in good
times, economies grow – but we do not expect, e.g., production of meat to
grow thousands times. Similarly, pollution grows, or, on a somewhat less negative side, populations grow, but we do not expect thousands-times increases
predicted by the exponential models.
3

This phenomenon of models-growing-too-fast is not limited to the case when
the system if described by only one variable. In general, a solution to a system of
linear differential equations with constant coefficients is a linear combination of
oscillatory terms and exponential terms – so, if we describe growth, the models
will make it unrealistically exponential.
How to make conclusions more realistic. Linear models are not realistic
– the deviations from the current values and what these models predict become
too large to be realistic.
Thus, a natural way to make the models more realistic is to take this phenomenon into account – i.e., instead of the results of the linearized models,
consider states which are closer to the original state
x(0) = (x1 (0), . . . , xn (0)).

Conclusion. This idea of considering the states which are closer to the original
state than the model suggests is exactly what the status quo bias is about. Thus,
indeed, the status quo bias helps take make models more realistic.
The unrealistic character of the linearized model’s recommendation is caused
by the fact that this model is only approximate – it ignores nonlinear terms.
So, by making recommendations more realistic, the status quo bias, in effect,
helps us to take nonlinearity into account.
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