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Abstract

This section reviews a specialty within the field of decision making known as dynamic decision making. Dynamic decisions
are characterized by a decision maker choosing among various actions at different points in time in order to control and
optimize performance of a dynamic stochastic system. Realistic examples include fighting fires, navigational control,
battlefield decisions, medical emergencies, and so on. The section has four parts. The first reviews basic theory concerning
optimal decision principles in a dynamic context, the second summarizes empirical approaches to the study of human
performance on dynamic decision tasks, the third presents theoretical models that describe how humans learn to control
dynamic systems, and the last discusses methodological issues arising from the study of complex decisions including

differences between field versus laboratory research.

Dynamic decision making (DDM) is defined by three common
features: a series of actions must be taken over time to achieve
some overall goal, the actions are interdependent so that later
decisions depend on earlier actions, and the environment
changes both spontaneously and as a consequence of earlier
actions (Edwards, 1962). Dynamic decision tasks differ from
sequential decision tasks (see Diederich, 2001) in that the
former are primarily concerned with controlling dynamic
systems over time, whereas the latter are more concerned with
sequential search for information to be used in making
decisions.

Psychological research on DDM began with Toda’s (1962)
pioneering study of human performance on a game called the
‘fungus eater,’ in which human subjects controlled a robot'’s
search for uranium and fuel on a hypothetical planet. Subse-
quently, human performance has been examined across a wide
variety of dynamic decision tasks including computer games
designed to simulate stock purchases (Ebert, 1972; Rapoport,
1966), welfare management (Dorner, 1980; Mackinnon and
Wearing, 1980), vehicle navigation (Jagacinski and Miller,
1978; Anzai, 1984), health management (Kleinmuntz and
Thomas, 1987; Kerstholt, 1994), production and inventory
control (Sterman, 1989; Berry and Broadbent, 1988), supervi-
sory control (Kirlik et al., 1993a,b), firefighting (Brehmer and
Allard, 1991; Brehmer and Nahlinder, 2007), prey and pred-
ator problems (Jensena and Brehmer, 2003), plumbing and
cash flow tasks (Gonzalez and Dutt, 2011; Sweeney and
Sterman, 2000), and farming on Mars (Gureckis and Love,
2009a). Cumulative progress in this field has been summarized
in a series of empirical reviews by Edwards (1962), Rapoport
(1975), Funke (1991), Brehmer (1992), Sterman (1994),
Kerstholt and Raaijmakers (1997), and Jagacinski and Flack
(2003).

Stochastic Optimal Control Theory

To illustrate how psychologists study human performance on
dynamic decision tasks, consider the following experiment by

You (1989). Subjects were initially presented a ‘cover’ story
describing the task: “Imagine that you are being trained as
a psychiatrist, and your job is to treat patients using a psycho-
active drug to maintain their health at some ideal level.”
Subjects were instructed to choose the drug level for each day of
a simulated patient after viewing all of a patient’s previous
records (treatments and health states). Subjects were trained on
20 simulated patients, with 14 days per patient, all controlled
by a computer simulation program.

There are a few general points to make about this type of
task. First, laboratory tasks such as this are oversimplifications
of real-life tasks, designed for experimental control and theo-
retical tractability. However, more complex simulations also
have been studied to provide greater realism (e.g., Brehmer and
Allard’s, 1991, firefighting task). Second, the above task is an
example of a discrete time task (only the sequence of events is
important), but real-time simulations have also been examined
where the timing of decisions becomes critical (e.g., Brehmer
and Allard’s, 1991, firefighting task). Third, the cover story (e.g.,
health management) provides important prior knowledge for
solving the task, and so the findings depend both on the
abstract task properties as well as the concrete task details
(Kleiter, 1975). Fourth, the stimulus events are no longer under
complete control of the experimenter, but instead they are also
influenced by the subject’s own behavior. Thus experimenters
need to switch from a stimulus-response toward a cybernetic
paradigm for designing research (cf. Brehmer, 1992; Rapoport,
1975).

This health management task can be formalized by defining
H(¢) as the state of the patient’s health on day ¢; T(t) is the drug
treatment presented on day t, and w(t) is a random shock that
may disturb the patient on any given day. Figure 1 is a feedback
diagram that illustrates this dynamic decision task. In this
figure, S represents the environmental system that takes both
the disturbance, w, and the decision maker’s control action, T,
as inputs, and produces the patient’s state of health, H, as
output. D represents the decision maker’s policy that takes both
the observed, H, and desired, H*, states of health as inputs, and
produces the control action, T, as output.
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Figure 1 A feedback diagram of an example dynamic decision task.

Based on these definitions, this task can be analyzed as
a stochastic linear optimal control problem (Rouse, 1980):
determine treatments T(1), ..., T(N), for N = 14 days, which
minimize the objective function

F=B{S walHO - H'@P + 6720} 1]
contingent upon the linear stochastic dynamic system,

H(t+1) = a1H(t) + apH(t — 1) + b1 T(¢)

+baT(t— 1)+ bsT(t — 2) + w(t) 2]

Standard dynamic programming methods (Bertsekas, 1976)
may be used to find the optimal solution to this problem. For
the special case where the desired state of health is neutral
(H* =0), some treatment effect takes place the very next day
(by is nonzero), and there is no cost associated with the treat-
ments (i.e.,, 8 = 0), the optimal policy

T(t) = —[(a1/b1)H(t) + (a2/b1)H(t — 1)

+ (b2 /b1)T(t — 1) + (b3/b1)T(t — 2)] 3]

is the treatment that forces the mean health state to equal the
ideal (zero) on the next day. If the cost of treatment is nonzero
(i.e., 8 > 0), then the solution is a more complex linear func-
tion of the previous health states and past treatments (see
Bertsekas, 1976; You, 1989).

Dynamic programming is a general-purpose method that
can be used to solve for optimal solutions to many dynamic
decision tasks. Although the example above employed a linear
control task, dynamic programming can also be used to solve
many nonlinear control problems (see Bertsekas, 1976).
However, for highly complex tasks, dynamic programming
may not be practical, and heuristic search methods such as
genetic algorithms (Holland, 1994) may be more useful.

The formal task analysis presented above provides a basis
for determining factors that may affect human performance on
the task (cf., Brehmer, 1992). One factor is the stability of the
dynamic system, which for eqn [2| depends on the two coef-
ficients, a; and a,. In particular, this system is stable if the roots
of the characteristic equation

/\2—&1/\—&2 =0

are less than one in magnitude (see Luenberger, 1979).
A second factor is the controllability of the system, which
depends on the three coefficients, by, by, and b3 (see Luenberger,
1979). For example, if the treatment effect is delayed (b; = 0),
then the simple control policy shown in eqn [3] is no longer
feasible, and the optimal policy is more a complex linear
function of the system coefficients.

Consistent with previous research, You (1989) found that
even after extensive experience with the task, subjects frequently
lost control of their patients and the average performance of
human subjects fell far below optimal performance. However,
this is a gross understatement. Sterman (1989) found that when
subjects tried to manage a simulated production task, they
produced costs 10 times greater than optimal, and their deci-
sions induced costly cycles even though the consumer demand
was constant. Brehmer and Allard (1991) found that when
subjects tried to fight simulated forest fires, they frequently
allowed their headquarters to burn down despite desperate
efforts to put the fire out. Kleinmuntz and Thomas (1987)
found that when subjects tried to manage their simulated
patients” health, they often let their patients die while wasting
time waiting for the results of nondiagnostic tests and per-
formed more poorly than a random benchmark.

Alternative Explanations for Human Performance

There are many alternative reasons for this suboptimal perfor-
mance. By their very nature, dynamic decision tasks entail the
coordination of many tightly interrelated psychological processes
including causal learning, planning, problem solving, and deci-
sion making (cf. Toda, 1962). Six different psychological
approaches for understanding human DDM behavior have been
proposed, each focusing on one of the component processes.

The first approach was proposed by Rapoport (1975), who
suggested that suboptimal performance could be derived from
an optimal model either by adding information processing
constraints on the planning process, or by including subjective
utilities into the objective function of eqn [1]. For example,
Rapoport (1966, 1967) found that human performance in his
stock purchasing tasks was accurately reproduced by assuming
that subjects could only plan a few steps ahead (about three
steps), as compared to the optimal model with an unlimited
planning horizon. In this case, dynamic programming was useful
for providing insights about the constraints on human planning
capabilities. As another example, Rapoport et al. (1970)
attempted to predict performance in a multistage investment
game by assuming that the utility function was a concave function
of monetary value. In this case, Rapoport et al. (1970) used
dynamic programming to derive an elegant decision rule, which
predicted that investments should be independent of the size of
the capital accumulated during play. Contrary to this prediction,
human decision makers were strongly influenced by this factor,
and so in this case, dynamic programming was useful for
revealing empirical flaws with the theory.

An alternative approach, proposed by Brehmer (1992) and
Sterman (1994), is that suboptimal performance is caused by
a misconception of the dynamic system (eqn [2]). In other
words, a subject’s internal model of the system does not match
the true model. In particular, human performers seem to have
great difficulty discerning the influence of delayed feedback
and understanding the effects of nonlinear terms in the system
(Rahmandad et al., 2009). Essentially, subjects solve the
problem as if it was a linear system that has only zero lag terms.
In the case of eqn [2], the subjective decision policy is simply

T(t) = —c1H(t)
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where ¢; is estimated from a subject’s control decisions. Ster-
man (1989) and Diehl and Sterman (1993) found that this
type of simplified subjective policy described their subjects’
behavior very accurately.

Several recent studies have investigated how to improve
people’s understanding of the dynamic systems in DDM tasks.
Kopainsky and Sawicka (2011) used an interactive simulation
tool, which allowed participants to explore the dynamic
features of a resource management task. They found that the
tool allowed decision makers to construct more accurate mental
representations of the task, resulting in greater understanding
and improved performance. Cronin, Gonzalez, and Sterman
(2008) suggested that having participants verbalize their deci-
sions enhanced their performance in an accumulator task.
Sterman (2010) reported that training MIT graduate students in
system dynamics (e.g., with an introductory system dynamics
course) also improved their overall task performance.

A more general method for estimating subjective decision
policies was proposed by Jagacinski (Jagacinski and Miller,
1978; Jagacinski and Hah, 1988). Consider once again the
example problem employed by You (1989). In this case,
a subject’s treatment decision on each trial T(t) could be rep-
resented by a linear control model:

T(I) = ¢co + C]H([) + CzH(I — 1) -+ C3H(I — 2) + C4T(t)
+¢sT(t—1) +¢6T(t — 2) + error

where the subjective coefficients (¢, ¢1, ..., ¢s) are estimated by
a multiple regression analysis. This is virtually the same as
performing a ‘lens model’ analysis to reveal the decision maker’s
policy (see Kleinmuntz, 1993; Slovic and Lichtenstein, 1971).
This approach has been successfully applied in numerous
applications (Jagacinski and Miller, 1978; Jagacinski and Hah,
1988; Kerlik, Miller, Jagacinski, 1993; Kleinman et al., 1980;
You, 1989). Indeed, You (1989) found that subjects made use
of both lags 1 and 2 for making their treatment decisions.

Heuristic approaches to strategy selection in dynamic deci-
sion tasks have been explored by Kleinmuntz (1985), Klein-
muntz and Thomas (1987), and Kerstholt (1994, 1996). These
researchers examined health management tasks that entailed
dividing time between two strategies: collecting information
from diagnostic tests before choosing a treatment, versus
treating patients immediately without conducting any more
diagnostic tests. A general finding is that even experienced
subjects tend to overuse information collection, resulting in
poorer performance than that which could be obtained from
a pure treatment (no test) strategy. This finding seems to run
counter to the adaptive decision-making hypothesis of Payne
et al. (1993), which daims that subjects prefer to minimize
effort and maximize performance. The information collection
strategy is both more effortful and less effective than the
treatment strategy in this situation. In another study, Cronin
et al. (2008) employed simple stock-flow problems and found
that people’s inability to understand the dynamics of the task
resulted from their use of inappropriate heuristics, which
sometimes yielded correct responses, but fundamentally mis-
represented the interplay of task variables. Performance
remained poor, regardless of the amount of data presented to
the participants, the method of presentation, and changes to
the cover stories or context.

Finally, an individual difference approach to understanding
performance on complex dynamic decision tasks was devel-
oped by Dorner and his colleagues (see Funke, 1991 for
a review). Subjects are divided into two groups (good versus
poor) on the basis of their performance on a complex dynamic
decision task. Subsequently, these groups are compared on
various behaviors to identify the critical determinants of
performance. This research indicates that subjects who perform
best are those that set integrative goals, collect systematic
information, and evaluate progress toward these goals. Subjects
who tend to shift from one specific goal to another, or focus
exclusively on only one specific goal, perform more poorly.
Along these lines, Bisantz et al. (2000) applied the lens model
to DDM tasks and found that much of the differences between
the best and worst performers were due to the relative consis-
tency with which top performers made judgments, and not to
different judgment policies, nor to characteristics of the judg-
ment environments.

Learning to Control Dynamic Systems

Although human performers remain suboptimal even after
extensive task training, almost all past studies reveal systematic
learning effects. First, overall performance often rapidly
improves with training (see e.g., Brehmer, 1992; Gonzalez and
Quesada, 2003; Mackinnon and Wearing, 1985; Rapoport,
1966; Sterman, 1989). Furthermore, subjective policies tend to
evolve over trial blocks toward the optimal policy (Jagacinski
and Miller, 1978; Jagacinski and Hah, 1988; You, 1989).
Therefore, learning processes are important for explaining
much of the variance in human performance on dynamic
decision tasks (cf., Hagmayer et al., 2010; Hogarth, 1981).
Three different frameworks for modeling human learning
processes in dynamic decision tasks have been proposed
(Osman, 2010).

A production rule model was developed by Anzai (1984) to
describe how humans learn to navigate a simulated ship. The
general idea is that past and current states of the problem are
stored in working memory. Rules for transformation of the
physical and mental states are represented as condition-action
type production rules. A product rule fires whenever the current
state of working memory matches the conditions for a rule.
When a production rule fires, it deposits new inferences or
information in memory, and it may also produce physical
changes in the state of the system. Navigation is achieved by
a series of such recognize-act cycles of the production system.
Learning occurs by creating new production rules that prevent
earlier erroneous actions, and new rules are formed on the basis
of means-ends type of analyses for generating subgoal strate-
gies. Simulation results indicated that the model learned
strategies similar to those produced in the verbal protocols of
subjects, although evaluation of the model was dependent on
qualitative judgments rather than quantitative measurements.

An instance- or exemplar-based model was later developed
by Dienes and Fahey (1995) to describe how humans learn to
control a simulated sugar production task, and to describe how
they learn to manage the emotional state of a hypothetical
person. This model assumes that whenever an action leads to a
successful outcome, the preceding situation and the successful
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response are stored together in memory. On any given trial,
stored instances are retrieved on the basis of similarity to the
current situation, and the associated response is applied to the
current situation. This model was compared to a simple rule-
based model like that employed by Anzai (1984). The results
indicated that the exemplar learning model produced more
accurate predictions for delayed feedback systems, but the rule-
based model performed better when no feedback delays were
involved. This conclusion agrees with earlier ideas presented by
Berry and Broadbent (1988) that delayed feedback tasks
involve implicit learning process, whereas tasks without delay
are based on explicit learning processes.

Gonzalez et al. (2003) proposed the more sophisticated
instance-based learning theory (IBLT), which posits that deci-
sion makers adapt their judgment strategies from heuristic-
based to instance-based as they accumulate and refine their
knowledge and learn to recognize situations based on simi-
larity to past instances. This model was used to explain data
from a water distribution simulation. In the task, participants
managed a water purification plant by shifting water between
several tanks. As rain fell some tanks spontaneously filled with
water and had to be pumped. IBLT construes the decision
maker as learning to control this DDM task through the accu-
mulation and refinement of instance-based knowledge.
Participants begin by operating according to simple, domain-
general heuristics. However, as decision makers gain experience
in the task, they accumulate instance knowledge that can be
used to improve performance.

Figure 2 gives a graphical representation of how the model
performs a DDM task. The process begins with a search through
memory for instances that match the current state. Instances are
represented as situation-decision-utility (SDU) triplets, which
code environmental cues, the decision made in that environ-
ment, and the utility of the experienced outcome. SDUs are
retrieved based on the similarity between the current state and
each instance in memory. If no sufficiently similar instances are
found, a heuristic is used to choose an action. If a similar entry
is found in memory, the model must decide whether to search
for more alternatives or to execute the current best action.
Additional alternatives are evaluated until one exceeds the
decision maker’s aspiration threshold or time runs out before
a decision deadline, at which point the action with the highest
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Figure 2 [BLT model diagram.

utility is chosen. After executing an action, memory is updated.
New SDUs are accumulated as more alternatives and more
decision situations are confronted. Over time, the model is able
to use more and more diagnostic cues to search its growing
memory. Feedback on previous actions is used to update the
utilities of the SDUs. With experience, the model transitions
away from heuristic-based decisions as it adapts to the dynamic
environment. Gonzalez et al. (2003) tested several versions of
IBLT and found that the full version captured participants’
changes in performance as they moved away from random or
heuristic-based decisions, toward instance-based strategies.
Gonzalez and Dutt (2011) used IBLT to model subjects’
behavior in two different versions of a decision-from-experi-
ence task. Sampling and repeated-choice paradigms are often
thought to rely on differences in psychological mechanisms,
but IBLT was able to account for choices in both scenarios using
a common set of cognitive mechanisms.

Gibson etal. (1997) used an artificial neural network model
to describe learning in a sugar production task. This model
receives input representing the current state of the environment
and the current goal for the task. Hidden layers compute the
next action and predict its consequences. Connections between
hidden layers and input and output layers are learned by back
propagating prediction errors and deviations between observed
outcomes and the goal state. This model provided good
accounts of subjects’ performance during both training and
subsequent generalization tests under novel conditions.
Recently, Gibson (2007) extended this model by assuming that
decision makers first sort their evidence into categories before
weighting and using the sorted evidence. This two-stage model
better predicted decision makers’ performance in a new, related
bargaining task. Unfortunately, no direct comparisons with
rule- or exemplar-based learning models were conducted, and
this remains a challenge for future research.

Another approach to modeling the learning of dynamic
systems is the reinforcement learning model (see Sutton and
Barto, 1998, for a review of this approach). The goal of this
algorithm is to maximize the future cumulative reward through
interacting with the environment. Consequently it does not
need to know the model of the environment or the correct
input/output pairs (as in supervised learning). Optimization is
based on the agent’s online samples from the environment.
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Recently, Gureckis and Love (2009b) used model-based rein-
forcement learning to examine human behavior in a ‘Farming
on Mars’ task. Participants’ goal was to use two Martian robots
to establish oxygen for later human residents. Only one robot
could be used at a time, and each performed differently.
Participants had to learn about each robot’s oxygen output
through experience. When rewards were generated probabilis-
tically based on subjects’ choices, Gureckis and Love found that
decision makers preferred the robot with high short-term
output but low long-term output. In the continuous reward
condition, where rewards were a deterministic function of
subjects’ choices, decision makers preferred the robot with the
better long-term output but worse short-term output.

In another study, Gureckis and Love (2009a) examined
noise effects by implementing noise on both rewards and
representations of the current state of task. They found that
some moderate level of reward noise caused participants to
explore different strategies and helped them find the optimal
policy among their alternatives. However, noisy state cues
decreased performance relative to no noise conditions. It seems
that decision makers use state information as support for their
decisions, and so noisy state information is more harmful than
noisy reward. Continuing with the ‘Farming on Mars’ task, Otto
and Love (2011) used a reinforcement learning framework to
model the impacts of forgone rewards on DDM. They found
that providing more information about what could have been
gained at each point interfered with subjects’ capability to make
long-term choices.

Laboratory versus Naturalistic Decision Research

Klein and his associates (Klein et al, 1993; Klein, 2008;
Lipshitz et al., 2001; Zsambok and Klein, 1997) have made
progress toward understanding dynamic decisions in applied
field research settings, which they call naturalistic decision
making (e.g., interview fire chiefs after fighting a fire). Field
research complements laboratory research in two ways: on the
one hand, it provides a reality check on the practical impor-
tance of theory developed in the laboratory; on the other hand,
it provides new insights that can be tested with more control in
the laboratory.

The general findings drawn from naturalistic decision
research provide converging support for the general theoretical
conclusions obtained from the laboratory. First, it is somewhat
of a misnomer to label this kind of research ‘decision making’
because decision processes comprise only one of the many
cognitive processes engaged by these tasks - learning, planning,
and problem solving are just as important. Decision making is
used to define the overall goal, but then the sequence of actions
follows a plan that has either been learned in the past or
generated by a problem-solving process. Second, learning
processes may explain much of the variance in human perfor-
mance on dynamic decision tasks. Decision makers use the
current goal and current state of the environment to retrieve
actions that have worked under similar circumstances in the
past. Klein's (1998) recognition-primed decision model is
based on this principle, and this same basic idea underlies the
production rule, exemplar, and neural network learning
models. Third, learning from extensive experience is the key to

understanding why novel subjects fail where experts succeed. A
few hundred trials in a laboratory task are relatively insignifi-
cant in comparison with say 25 years of experience on a job.
Naive subjects may fail to prevent their headquarters from
burning down in a simulated forest fire, but expert fire
chiefs succeed in saving our national parks from forest fires
every year.

See also: Decision and Choice: Heuristics; Decision and
Choice: Sequential Decision Making; Learning: Mathematical
Learning Theory, History of; Mathematical Psychology;
Optimal Control Theory; Problem Solving and Reasoning,
Psychology of.
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