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I n discussions about forecasting, it might serve well to 
remember its mother ship, the field of control theory. In 
this field, the objective is to control a system, sometimes 

called a “plant,” which might be, for example, a robotic arm, a 
submarine depth system, or the telescope camera of an inter-
planetary probe. To control these systems, actions must be 
implemented and, conceptually, they can be grouped into two 
processes that work in unison: one process that commands 
the plant, and another that estimates the variables on which 
the control is based. Let us consider an airplane. If the objec-
tive is to maintain course at a certain speed and altitude, the 
control part would be exercised by the combined actions of 
a turbine and a few control surfaces (ailerons, rudder), and 
the variables to be estimated will be the airspeed, attitude, 
and altitude, among others. In an economic system, the 
commands may be taxation, interest rates, or import restric-
tions, and the estimates may be the level of employment, the 
rate of inflation rate, or the currency exchange rate. 

Whatever the specific variables controlled or estimated, 
overall, the fundamental and critical feature that allows a 
system to follow commands—to be controlled—is feedback. 

WHY FORECASTING IS FIXATED 
WITH ACCURACY: THE RISK OF 
IGNORING FEEDBACK

When it comes to building 
models for the purpose of 
forecasting, system designers 
are naturally concerned 
that their models should be 
accurate. There is, however, 
another system characteristic 
that is of equal, if not greater, 
importance—its resilience.
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This mode of working, when feedback is imple-
mented, is called “closed-loop.” Conversely, without 
feedback, the system would be labeled “open-loop.” 
Summarizing—no feedback, no control.

Compared to open-loop systems, feedback 
helps in (a) reducing the effect of modeling error 
and external disturbances, (b) changing, if neces-
sary, the whole system stability, and (c) improving 
accuracy, that is, the “distance” to a desired set point. 
In the case of an airplane, if feedback is broken for 
some reason, the airplane would not be able to use 
the estimated (also called, forecasted) variables and 
would not be able to be controlled. Effectively, the 
airplane would be unable to maintain its required 
speed and altitude. The nightmare of a control engi-
neer is an open-loop, uncontrolled system.

The arrangement of dividing control into two 
processes, control itself and estimation (also 
known as “filtering” or “forecasting”, depending 
on the author and disciplines), is well illustrated 
in a seminal book, Time Series Analysis: Forecasting 
and Control by George Box and Gwilym Jenkins1. 
A testament to the importance of the book is that 
it has seen five editions since its first, in 1970. In 
this work, Box and Jenkins consider time- and 
frequency-domain techniques to analyze systems 
described by their time series, stressing time and 
again that the most important characteristic of a 
control system is its stability. However, nowadays, 
Box and Jenkins is rarely, if ever, quoted in fore-
casting literature. Forecasters are focused on other 
performance parameters of the system and may 
not be aware of the possibility of controlling it to 
get even better performance.

Most likely, practitioners ignore feedback due to 
their restricted focus, not paying attention to topics 
that Box and Jenkins discussed over various editions 
of their book. Forecasters today apply techniques 
almost exclusively in the time domain (except for 
some work with FFTs), do not consider transfer func-
tions, have not heard of poles or zeros, and do not have 

ways of measuring the system’s stability. Effectively, 
forecasting is working in an open-loop architecture 
and, for that reason, practitioners are so concerned 
with “accuracy,” something that, in a closed-loop 
system, is of secondary concern when compared to 
the primary importance in that field, stability.

Several studies have been published that aim 
to model closed-loop systems, particularly in areas 
such as economics2 and supply chain manage-
ment3. We illustrate this concept by running a 
small program to simulate supply and demand 
for a hypothetical demand-planning exercise. In 
this model, we simulate the output (or quantity 
produced) based on demand and observe how 
closing the feedback loop affects the accuracy of 
our predictions. In the first model run, the simula-
tion assumes that demand grows linearly (figure 1). 
In the second run, we enhance the model by 
introducing randomness to demand (figure 2). 
The no-feedback model simply uses the demand 
from the previous two samples to predict how it 
will grow in the next sample. The formula

output_no_feedback[t]=output_no_feedback 
[t-1]+(demand[t-1]-demand[t-2])

represents a very simple linear demand fore-
casting model.

FIGURE 1
Production output with and without 
feedback (linear demand).
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Forecasters today apply 
techniques almost exclusively 
in the time domain.
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departing significantly from minimal changes in 
algorithms that keep the same open-loop structure.

But … why do forecasters ignore feedback?

Most probably, forecasting practitioners deal 
with types of systems in which they cannot model the 
feedback process and, thus, “what one cannot model 
one cannot control.” These are possible reasons:
•	 	Social systems are more difficult to model than 

physical systems, which follow well-known laws
•	 	Events in social systems are single-case experi-

ments; rarely can they be repeated
•	 	Even if they were successfully modeled, humans 

would try to exploit loopholes and react in ways 
that were not considered during the modeling 
phase (the Lucas principle in economics)

•	 	There may be a belief that forecasting demand 
(although useful in itself) is a substitute (in 
terms of performance) to having a model for the 
feedback process

In addition to the fuzziness of the social systems 
that forecasters must deal with, in social environ-
ments the time scales are orders of magnitude 
slower than those in physical systems. In the case 
of an airplane’s autopilot, typically, the signals that 
are used to estimate aileron or rudder positions and 
turbine parameters are sampled every few milli-
seconds. Thus, humans may not be able to control 
the airplane in real time (particularly if they are 
naturally unstable airframes) and the control has 
to be automated. On the other hand, forecasting 
sales in a supermarket may be done with monthly 
data or, in macroeconomic systems, with quarterly 
data. The fact that data in these cases is available 
so infrequently may give humans the idea that 
they have ample time to make decisions and affect 
the outcomes of their system (for example, sales, 
output in a GDP, or unemployment) in a desired 
direction. To that effect, they indeed take action, 
but without the rigor of a control engineer, who 
makes a significant effort in modeling the system to 
be controlled and simulating various techniques to 
get the desired outcomes.

Whether by choice (relying on modeling 
demand and ignoring the modeling of the feedback 
decision process), necessity (social systems difficult 
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In comparison, the feedback model adjusts 
predictions by applying a correction factor based 
on how far the actual output (output_with_feed-
back [t-1]) deviated from the demand in the 
previous sample (demand[t-1]), effectively closing 
the loop.  To state this as a formula,

output_with_feedback[t]=
=output_with_feedback[t-1]+feedback_
factor*(output_with_feedback[t-1]-demand[t-1])

The results of the simulations with feedback 
and without it are shown in figures 1 (demand 
grows linearly) and 2 (random demand).

In both cases, we see a solid improvement in 
terms of accuracy (getting closer to the demand) 
even when that was not a design objective.

The large improvement in accuracy is attributed 
to using a new structure for minimizing the error. 
This is a profound difference with articles that 
analyze alternative methods to improve accuracy 
where different methods for forecasting are 
employed but always keeping the same open-loop 
structure. In this case, we are closing the loop, 

Social systems are more difficult 
to model than physical systems, 
which follow well-known laws.

FIGURE 2
Production output with and without 
feedback (random demand).
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to model or data available too infrequently), or lack 
of familiarity with modeling techniques (relying 
on crude and simple regressions instead of more 
dynamic approaches), and confronted with systems 
that behave under their own open-loop dynamics, 
forecasters have no other possibility than meas-
uring how far they are from an intended target. 
That is, they have no other possibility than to keep 
developing and using “accuracy” indicators, much 
as a man walking down the middle of the street 
decides that he’s doing well if he hits the curb in 3 
minutes of walking blind, rather than in 1 minute.

Comparing feedback and no-feedback prediction 
models, it becomes evident that human-controlled 
systems often fail to achieve optimal performance 
as compared to airplanes and other engineered 
systems. Systems overwhelmed by an exploding 
amount of information and indicators can exac-
erbate problems rather than resolve them. Such 
control relies heavily on noisy, incomplete, or 
misleading data, which can result in decisions that 
reduce performance.
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The key takeaway is that resilience should be 
a design concern in the event of performance 
degradation. Systems that prioritize adaptability 
and robustness—while acknowledging the limits 
of prediction—are better equipped to deal with 
uncertainty and mitigate risks. For example, flood 
prediction systems in Europe failed numerous 
times in 2024, highlighting the dangers of relying 
too heavily on inaccurate weather forecasts without 
building sufficient resilience into the system. 
Needless to say, in cases where feedback mode-
ling could be implemented, ignoring it would be a 
risky—if not negligent—strategy. 


