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Positive explorers: modeling dynamic control in normal
aging
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ABSTRACT
Situations in which there are multiple changes occurring all at
once and which demand complex decisions to be made are
common throughout life, but little is known about how normal
aging influences performance on these types of scenarios. To
determine performance differences associated with normal
aging, we test older and younger adults in a dynamic control
task. The task involves the control of a single output variable
over time via multiple and uncertain input controls. The Single
Limited Input, Dynamic Exploratory Responses (SLIDER) computa-
tional model, is implemented to determine the behavioral char-
acteristics associated with normal aging in a dynamic control task.
Model-based analysis demonstrates a unique performance signa-
ture profile associated with normal aging. Specifically, older adults
exhibit a positivity effect in which they are more influenced by
positively valenced feedback, congruent with previous research, as
well as enhanced exploratory behavior.
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Throughout life, people are confronted with dynamic and complex scenarios that they
must learn to control in order to survive and thrive. By dynamic we mean that we
experience changes in an event of which the source of change could be the result of our
actions (exogenous changes to the outcome), or the result of internal changes inherent
to the workings of the causal system we are interacting with in which the event takes
place (endogenous changes to the outcome), or both (Brehmer, 1992; Funke, 1992;
Osman, 2010). As people age normally, cognitive changes can lead to differences in the
approach toward and performance in decision-making tasks (Park & Schwarz, 2012;
Salthouse, 2010). Such complex dynamic environments are analogous to many real-life
situations (Fisk, Rogers, Charness, Czaja, & Sharit, 2012; Giger & Markward, 2011). For
example, we make several distinct health choices on a daily basis which influence our
overall health and well being in uncertain ways. These types of environments, such as
the human body, are often noisy, and the specific influence of the various choices is
often unclear or unspecified; that is, the source of observable changes can seem to be
ambiguous (e.g., the result of our dietary habits, age-related changes, or genetically
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predisposed factors). Consider the toil of managing a healthy diet, with the goal of
remaining sufficiently nourished and satisfied with one’s diet. The individual can make
adjustments to several different factors, including the choice of foods, exercise routines,
medication type and dosage, and other lifestyle choices. These factors all combine and
interact in a way such that a single and often noisy feedback variable is returned: the
current body mass index. In fact, some factors may not play a role at all, such as the
intake of a multivitamin or switching between brands of bottled water. The question we
ask in this study is whether these cognitive changes can be measured in a decision-
making task that is designed to promote processes necessary for exerting control in a
dynamic environment.

In the case of dynamic control, it is important for the individual to be able to juggle
these factors, determine which have a detrimental or beneficial effect, and control them
in an effective manner in order to reach and maintain a goal. In this way, dynamic
decision-making environments combine a variety of important cognitive activities such
as prediction, causal learning, monitoring, reasoning, feedback learning (Osman, 2010).
In the laboratory, the typical set-up used to examine dynamic control involves the
following basic features (for review see, Osman, 2010, 2014). Participants are shown a
dynamic system (a set of input–output variables—typically continuous) and told that on
each trial they are required to manipulate the input variables in order to bring the
output variables to a specific target level. Even if they have reached the target level, they
must still maintain it for a specified length of trials, because of the endogenous fluctua-
tions to the output value. Thus, mimicking situations in real life, the task becomes hard
to achieve because there is no advanced knowledge of the underlying input–output
relationship is (e.g., linear, nonlinear), the causal structure that connects inputs to output
needs to be inferred, and as mentioned before, the observed dynamic changes to the
output of the system can either be exogenous (the result of participants actions),
endogenous (the result of internal mechanisms in the system), or a combination of
both. Thus, the aim is to use information available from the task to develop strategies,
by which we mean people ‘. . .implement actions, observe their effect, and use this
feedback to decide whether further action is needed or not” (Kerstholt, 1996, p. 274).
To facilitate learning, controlling the output to a target value may carry a separate
reward (i.e., a monetary incentive). That is, successful interventions on the inputs that
lead to an output value that reaches the target value, or incrementally gets closer to the
target value from trial to trial, may in turn be rewarded (Osman, 2012).

As has been commonly reported in work on dynamic control tasks, one critical
activity involved in successfully controlling a dynamic environment is interpreting feed-
back (typically output feedback), because this helps inform the action selection process,
i.e., what decision to make next, based on what happened previously. This involves
appropriately dealing with positive feedback (e.g., more optimal body mass index) and
negative feedback (e.g., less optimal body mass index; Osman, 2012). Though one
should note that this particular activity is not only specific to dynamic control tasks in
which people are required to make decisions, feedback learning is also critical to
judgment tasks such as the Multiple Cue Probability learning (MCPL) task (Hammond
& Summers, 1965; Smedslund, 1955). In MCPL tasks, there are noisy cue–outcome
relations, which participants learn through the presentation of cue values which they
use along with outcome feedback in order to predict outcomes (for review of similarities
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and differences between MCPL and Control tasks, see Osman & Speekenbrink, 2012).
Thus, feedback here as with dynamic control tasks is critical for updating one’s knowl-
edge in order to refine one’s predictions and adapt one’s strategies (i.e., which inputs to
manipulate in a control task) in order to more effectively control an outcome. In the case
of MCPL tasks, there is evidence to suggest that even under the noisiest cue–outcome
relations, elderly (aged 65–75) and very elderly (aged 76–90) participants can learn from
feedback to predict an outcome, as well as young participants (aged 20–30) (Chasseigne,
Mullet, & Stewart, 1997). However, although younger populations benefited, elderly
populations did not benefit from feedback in MCPL versions in which the cue–outcome
relationship contained a combination of negative and positive associations (Chasseigne
et al., 2004, 1997).

Turning specifically to dynamic situations, which is the focus of the present study,
understanding how feedback is interpreted also allow for differences in strategy search-
ing, namely along the exploitation and exploration dimension. This dimension is char-
acterized by the trade-off between sampling new strategies which may have a lower
expected value (i.e., exploring) versus relying on actions that one believes will result in
the highest expected value (i.e., exploiting). In terms of reinforcement learning (Sutton &
Barto, 1998), a decision maker seeking to maximize rewards may do so by either picking
the available choice with the highest expected value (i.e., exploit) or attempt to explore
the decision space by selecting from options which currently may have lower expected
values (i.e., explore). In dynamic decision-making paradigms, exploration is often pre-
ferred due to the complex nature of the decision space which may not be immediately
apparent or which may change over time. However, if the decision maker has an
accurate internal representation of the reward space, then exploitation is preferred
(Dam & Körding, 2009; Miler, 2009; Stahlman, Roberts, & Blaisdell, 2010). Moreover,
these cognitive aims are all combined in one complex decision-making environment.
Understanding how the underlying mechanisms involved in engaging in these sorts of
task, and especially determining the role of normal aging, is critical to gain insights into
how different populations adapt to uncertain circumstances.

Although complex decision-making environments tap into many different cognitive
mechanisms, they can be designed for laboratory use in a manner that keeps them
tractable to behavioral analysis and computational modeling. In this paper, a computa-
tional model is developed for a dynamic decision making task in order to quantitatively
characterize how normal aging might affect decision-making in dynamic environments.
While previous research has focused on classic paradigms such as category learning, task
switching, and single-response choice procedures, little is known about normal aging in
dynamic control tasks for which the participant controls multiple input variables in an
uncertain task environment. These uncertain task environments are characterized by a
noisy relationship between the actions the agent takes and the effects on the system.
Moreover, the system may have autonomous components over which the agent has no
control. The present research contrasts older adult and younger adult performance in a
dynamic control task designed to simulate such real-life dynamic decision making
environments (Osman & Speekenbrink, 2011).

Prior research has indicated that normal aging might affect decision making in
dynamic environments in different ways. It has been shown that older adults appear
to suffer from executive control deficits (Braver et al., 2001; Kray, Li, & Lindenberger,
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2002; Ortega, Gómez-Ariza, Román, & Bajo, 2012). However, emerging evidence suggests
that older adults can utilize compensatory strategies to return performance to or beyond
baseline levels (Glass, Chotibut, Pacheco, Schnyer, & Maddox, 2012; Huang, Polk, Goh, &
Park, 2012; Worthy, Gorlick, Pacheco, Schnyer, & Maddox, 2011). Older adults have also
been shown to adjust their decision strategies to match task demands (Mata, Schooler, &
Rieskamp, 2007). Indeed, Mata et al. (2007) speculate that older adults may have an
advantage in adaptive strategy selection because of their richer knowledge of mapping
appropriate strategies that correspond to the particular structure of the environment,
because they have been exposed to a greater variety of task environments compared to
younger adults. On this basis, it may be the case that in situations of dynamic control,
older adults will be sensitive to situations in which they should adopt an exploratory
strategy because they have had prior exposure to situations in the past to know when to
explore more and when to exploit more. This complements a key argument made by
Salthouse (2012); he suggests that in many cases, the lack of age-related deficits,
particularly in real-world job-related contexts, in which people are exposed to many
complex dynamic situations, can be explained by the compensation of the wealth of
knowledge of strategic problem solving that older adults have to draw on. In addition, it
may also be the case that when older adults perform tasks in which they experience the
cumulative consequences of their decisions and actions, as they would in real life
(Salthouse, 2012), they are more vigilant and so are likely to be more motivated to
perform well. In addition, given the long debate regarding the predictability of cognitive
measures on performance on complex tasks, to date it is still unclear whether this can be
used to predict age-related effects outside other factors (Salthouse, 2012). To this end,
there is an unreliable association between scores on cognitive ability measures and
performance on dynamic control tasks (Osman, 2010), so there is no reason to assume
that cognitive decline in executive functions would lead to predict impairments in
performance in control tasks. Thus, older adults may demonstrate differential behavior
patterns by relying on the use of compensatory strategies. These compensatory strate-
gies may result from known differences in cognitive processing which occurs in the
course of normal aging; these differences include biases in the exploration–exploitation
trade-off as well as the positivity effect, both of which are defined below.

Normal aging is also thought to have a complex impact on the exploration–exploita-
tion trade-off in decision-making (Hills, Mata, Wilke, & Samanez-Larkin, 2011). This trade-
off is characterized by the inherent structure in many decision spaces which allow the
decision-maker to shift or adapt strategic policies in lieu of persisting with one or a small
handful of policies (Macready & Wolpert, 1998). Older adults who engage in complex
decision-making environments often demonstrate differential behavior given the nature
of the decision space. For example, older adults demonstrate exploitative behavior and
relative performance difficulty when the dynamic decision-making environment does
not feature a strong contingency between choice and reward (Worthy et al., 2011).
However, when introduced to a dynamic decision-making environment which features a
strong choice-reward contingency, older adults demonstrate exploratory behavior and a
performance enhancement over younger adults. Older adults have also been shown to
engage in less exploratory strategies in tasks involving information foraging (Chin et al.,
2012; Mata, Wilke, & Czienskowski, 2013). The present study seeks to contribute to the
understanding of the role of normal aging in the exploration–exploitation trade-off by
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utilizing computational modeling of a dynamic decision-making task which involves
multiple input sources and a hidden and complex underlying task mechanism, similar to
many real-world scenarios. Crucially, the present study examines dynamic control-based
decision-making, in which participants are required to make decisions in a dynamic
environment for which they have to control a dynamic output reliably over time. The
aspect of control makes our work different from previous work examining the impact of
aging on dynamic decision-making (Worthy et al., 2011).

As well as developing compensatory strategies, and approaches to information search,
another hallmark of the effect of normal aging on cognitive processing is the positivity
effect. This is characterized by the propensity for older adults to allocate an attentional
preference away from negatively valenced stimuli and toward positively valenced stimuli
(Carstensen &Mikels, 2005). This positivity bias can result in differences in goal acquisition in
older versus younger individuals. For example, older individuals aremore likely to seek goals
which are emotionally rewarding, whereas younger individuals are more prone to set
information-seeking goals in an effort toward skill acquisition. Older adults have demon-
strated an attentional preference toward positive versus negative features in simulated
purchasing choices, as well as displaying a better memory for positive features (Kennedy &
Mather, 2007). Preferences of this kind lead to the development of differential economic
choice strategies between younger and older adults. For example, older adults have been
found to focus on positive attributes when evaluating product alternatives, leading to
different product choices than younger adults as well as increased choice satisfaction
(Kim, Healey, Goldstein, Hasher, & Wiprzycka, 2008).

Prior research has found that older adults are more sensitive to negative feedback in
a probabilistic selection task in comparison to a younger group (Simon, Howard, &
Howard, 2010). This suggests that in certain circumstances, the positivity effect may
be construed as a reaction to negative feedback, perhaps in an effort to seek positive
reinforcement. It is unknown how this effect will play out in a dynamic decision-making
task, although there is substantial prior evidence that differences between positive and
negatively valenced feedback will have a differential impact under normal aging.

Taken together, in a dynamic decision-making environment, older individuals may
develop strategies on the fly in response to positive reward feedback, as opposed to
other aspects of the task. Additionally, it is unclear whether to expect older adults to
demonstrate increased exploration behavior. In previous work, older adults increased
exploration in tasks with high choice-reward contingencies. In a complex decision-
making environment, this contingency may be clouded, resulting in exploitative beha-
vior. However, the task at hand has additional dynamic properties which may prohibit a
direct comparison to other discrete choice tasks.

In order to quantitatively gauge the complex relationships between normal aging,
the exploration–exploitation trade-off, and positive feedback sensitivity, a computational
model is implemented to assess individual behavioral characteristics and strategies in a
dynamic control task. Moreover, dynamic control tasks are commonly taken to be
examples of tasks that have high degree of validity (Funke, 1992, 1993), because in
many day to day situations in the real world, we not only have to track changes in
events over time, but we typically have to assert control over them. Therefore, we aim to
provide valuable new insights into the impact of normal aging on dynamic control
performance.
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Methods

Participants

Twenty-nine younger participants aged 18 to 25 (M = 22.3, SD = 5.4) and 17 older
participants aged 61 to 75 (M = 67.92, SD = 5.03) participated in the dynamic control
task. The younger participants were recruited from the Queen Mary, University of
London undergraduate community and paid £6 ($9.50). The older adults were recruited
as a healthy control group via the National Hospital for Neurology and Neurosurgery.
Older adults received the same flat fee as the younger participants, but also received
reimbursement for their travel. Unlike the younger participants that were recruited on
campus, the older adults were required to travel to the National Hospital in order to take
part in the experiment which is why they received extra funds compared with the
younger participants. To qualify for the healthy adult participation pool, the older adults
completed the Beck Depression Inventory-II (Beck, Steer, Ball, & Ranieri, 1996) and Mini-
Mental State Examination (Folstein, Folstein, & McHugh, 1975). All scores fell within the
normal cutoff range for both the Mini-Mental State Examination (greater than 27) and
Beck Depression Inventory-II (less than 18). None of the older adults had a history of
neurological or physical or psychiatric illness, head injury, or drug or alcohol abuse.

Procedure

In the present dynamic control task, participants were told that they were conducting a
medical test on a patient by injecting three different hormone levels (labeled A, B, and
C), with the aim of maintaining a safe level of neurotransmitter release. The participant
attempts to control a single output value toward a goal. To do so, on each trial, the
participant chooses values (ranging from 0 to 100) for three separate inputs. These input
values are then combined via the dynamic control equation (Equation 1), then summed
with the output value plus some normally distributed random noise (standard devia-
tion = 8). In this way, the participant’s input selections guide the output value. The
output value is initialized at 178 with a goal value of 62 and a “safe range” (±10 around
the goal value).

y tð Þ ¼ y t � 1ð Þ þ 0:65x1 tð Þ � 0:65x2 tð Þ þ e tð Þ (1)

where y(t) is the output on trial t, x1 is the positive input, x2 is the negative input, and e is
an error term randomly sampled from a normal distribution with a mean of 0 and SD of
8. Participants were instructed to try to direct the output value into the “safe range”
around the goal value.

The dynamic control equation was designed such that one input has a positive
impact on the output value, one input has a negative impact, and a third input has
no impact (Osman & Speekenbrink, 2011). The impact (i.e., positive or negative direction)
of the input is not labeled or available to the participant; thus, the participant must learn
to control the output value based solely on the resulting movement of the cumulative
output value on each trial. After each trial, the input values are reset to 0. The participant
can then freely select input values for each of the three inputs before confirming the
choices. A critical feature of this control task is that the output value can swing below
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the target, meaning the participant must dynamically adapt in order to maximize
performance (see Figure 1).

For the learning phase, participants engaged in a single learning block of 100 trials.
After this initial learning phase, all participants completed 2 test blocks of 20 trials each.
The first test block was a familiar goal test in which the starting value and goal criterion
were equivalent to the learning phase. The second test block was a transfer test with a
different starting value and goal value than earlier training leading up to this block (i.e.,
a new goal test). At the beginning of each block, the control task was reset to the initial
state.

Computational model

A computational model of behavior in the dynamic control task was implemented to
determine behavioral characteristics of individual participants. The model, Single
Limited Input, Dynamic Exploratory Responses (SLIDER), is based on memory trace
reinforcement learning (Osman, Glass, & Hola, 2015). After each trial, a reinforcement
history for each of the three inputs is updated according to whether the input
choices resulted in the discrepancy between achieved outcome value and goal
value increasing (unsuccessful trial) or decreasing (successful trial). Conversely, on
an unsuccessful trial, the output value moved further from the target. On the follow-
ing trial, the reinforcement history becomes the basis for a probabilistic action
selection function using Luce’s choice.

Figure 1. Screenshot of the DDM task.
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The SLIDER model features three free parameters: an exploitation parameter gov-
erning the action selection function and two memory-updating reinforcement
strengths (one for successful trials and one for unsuccessful trials). To evaluate the
model, the model’s probability of selecting the human participant’s input choice are
combined across all trials and all three inputs into a single model fit value. The model
is fit to an individual participant’s responses by an optimization procedure that
determines the parameter values which minimizes the computed maximum likelihood
fit value. The Nelder–Mead simplex algorithm is used to find the optimal set of model
parameters.

Memory-updating reinforcement strengths

After each trial, the computational model determines whether the input values it
selected resulted in a successful or unsuccessful trial. For each input, a Gaussian curve1

with a mean equal to the chosen input value is constructed (Equation 2).

PupdateðvÞ ¼ 1

σ
ffiffiffiffiffiffi
2π

p e�
1
2

v�vp
σð Þ2 (2)

where Pupdate (v) is the probability of selecting a value of v when the previous
selected value was vp. This array of values is then added (successful trial) or sub-
tracted (unsuccessful trial) to the input’s former reinforcement history. A free para-
meter, γs (γpositive for successful trials and γnegative for unsuccessful trials) determines
the relative weight of the updating summation. For example, if the memory-updating
positive reinforcement strength (γpositive) is 0.8, then after a successful trial, the
reinforcement history is updated such that 80% of the new reinforcement history
reflects the current input value choice and 20% reflects the previous reinforcement
history (Equation 3).

PHistoryðvÞ ¼ ½ 1� γsð ÞP vð Þ� þ ½signðRÞ � γs � Pupdate vð Þ� (3)

where PHistory(v) is the input selection probability history for input value v, γs is the
memory-updating reinforcement strength for feedback (positive or negative), and R is
the change in the difference between the output value and the goal from the previous
trial. Thus, if the sign of R is negative, then the output value has moved further from the
goal (an unsuccessful trial) and the negative feedback learning parameter is implemen-
ted. Conversely, if the sign of R is positive, then the output value has moved toward the
goal (a successful trial) and the positive feedback learning parameter is implemented.
The input selection probability history is stored as a discrete probability function, such
that each potential input response (0 to 100) is associated with a probability of selection
(all summing to 1).

In summary, there are two memory-updating reinforcement strengths, one for
positive feedback (output value moved toward goal) and one for negative feedback
(output value moved away from goal). Each strength represents the weight with
which current choices impact choice history (see Figure 2). There are two history
memory vectors, one for when the output value is below the target goal and one for
when it is above. Thus, the model learns to dynamically control the output value
toward the target range.
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Exploitation parameter

On each trial, the computational model evaluates the reinforcement history of each
input to generate the probability of selecting each of the 101 input value options (with
action choices of 0 to 100). To do so, a Softmax decision rule (Equation 4) assigns
probabilities to each action choice by considering the association strengths assigned by
the previous steps. The equation’s exploitation parameter, K, determines the level of
determinism in the decision process or the certainty in picking the action with the
highest expected value (Daw & Doya, 2006). As K approaches ∞, the process is more
likely to choose the most probable option. As K approaches 0, the equation is more likely
to pick a less probable option.

PFinalðviÞ ¼ e PHistory við Þ�K½ �
P100

j¼0 e
PHistory við Þ�K½ � (4)

where PFinal (vi) is the final probability of selecting input value vi, K is the exploitation
parameter, and vj are all the input values from 0 to 100 for given input. We use the
SLIDER model in order to measure characteristics of trial-by-trial decision making which
are dependent on the reinforcement history provided by experience on previous trials.

Figure 2. Sample probability density curves of selecting a given value for a given input. Over the
course of a block, the curves will alter in various ways depending on the model parameters, trial
success, and uncertainty inherent in the output value.
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To accomplish this, we fit free model parameters to the empirical data in order to specify
levels of exploration, negative feedback sensitivity, and positive feedback sensitivity.

Results

Behavioral analysis

The primary performance measure for this dynamic control task was the trial-by-trial
optimality of the input choices in the test blocks in order to determine the role of
normal aging in a familiar goal and new goal situation. By considering the optimal input
actions that will maximize the output value’s movement toward the target, the optimal
selections can be computed for each trial. In terms of Equation 1, this was done by
solving for which inputs (x1 and x2) would move the output value y closest to the target
value (y), assuming a noise term (e) of 0. The difference between the optimal selections
and the actually chosen selections results in an optimality score for each participant.
Figure 3 shows that the younger group tended to select slightly more optimal responses
in both test blocks, although the difference was not statistically significant. A 20 (trial) ×
2 (older, younger) × 2 (familiar goal, new goal) repeated measures ANOVA revealed only
a main effect of trial number, F(19, 513) = 15.42, p < 0.001. This indicated that within-
block learning occurred, as is apparent in the learning curves in Figure 3.

At first blush, it may seem that the older group performed similarly to the younger
group. However, further analysis of the strategies used by both groups demonstrates
critical differences in the way the older adults completed the dynamic control task. The
strategy analysis considered four different types of input changes: varying none, varying
one input, varying two inputs, and varying all three inputs. Figure 4 illustrates the input
varying strategies for both groups on both the familiar goal and new goal tests. A 2
(older, younger) × 2 (familiar goal, new goal) × 4 (strategy type) repeated measures
ANOVA revealed a main effect of age condition, F(5, 123) = 5.99, p = 0.019. Furthermore,
there was a significant Block by Strategy Type by Age interaction, F(5, 123) = 2.84,
p = 0.04. This pattern indicates older adults varied somewhat fewer inputs on each trial, t

Figure 3. Deviation from optimal choices for the familiar goal (A) and new goal (B) tests (SE 1±).
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(43) = −0.31, p = 0.76, although post hoc t-tests were not statistically significant (see
Figure 4).

The younger and older groups also differed in the values selected for the inputs.
Figure 5 reports the mean input values (between 0 and 100) selected for each of the
three input types. A 2 (older, younger) × 2 (familiar goal, new goal) × 3 (input type)
repeated measures ANOVA revealed a main effect of input type, F(2, 82) = 5.03, p = 0.
009, as well as a input type × age interaction, F(2, 82) = 4.08, p = 0.02. This pattern
suggests that overall participants chose to manipulate the negative input slightly more
than the positive and null inputs, although post hoc t-tests were not statistically
significant.

Taken together, analyses of surface level behavior suggest the older group differed
from the younger group in the way they developed strategies in the dynamic control

Figure 4. Mean number of input inputs varied (i.e., given a value higher than zero) for the familiar
goal (A) and new goal (B) tests (SE 1±).

Figure 5. Mean values chosen (i.e., location of the inputs from 0 to 100) for the familiar goal (A) and
new goal (B) tests (SE 1±).
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task, but not with regards to performance. However, the nature of the underlying
cognitive processes which led to these patterns of behavior remains elusive using only
basic metrics of behavior available from the task. In order to distill psychologically
relevant characteristics of the processes involved in the dynamic decision-making task
performance, a computational reinforcement learning model of the dynamic control task
was fit to individual participant data.

Model-based analysis

Task behavior was fit to the computational model using an optimization procedure that
attempted to minimize the difference between observed trial-by-trial input value selec-
tions and the expected input value selections as determined by the model. This was
done by considering the probabilities given to the various input values for each input on
a given trial. The optimization procedure attempted to determine best fitting free
parameters (exploitation parameter, positive and negative reinforcement sensitivity
parameter) that maximized the probability that the model would select the same
input values as the human participant on a given trial.

The exploitation parameter offers insight into how a decision on any given trial
relates to learning history from previous trials. This offers insights which differ from
considering only the exact choices an individual makes, since the same set of actions
may be deemed exploratory or exploitative depending on the context of the previous
choices made. In general, there was an alignment with exploitation parameters and the
selection of higher input values. For example, the best-fit exploitation parameter was
negatively correlated with the size of the input values during the familiar goal block
(positive input, R = −0.17, p = 0.27; negative input, R = −0.41, p < 0.01; and neutral input,
R = −0.30, p < 0.05) and directionally negatively correlated during the new goal block
(positive input, R = −0.11, p = 0.47; negative input, R = −0.18, p = 0.24; and neutral input,
R = −0.11, p < 0.47). This trend suggests that exploitative choice is somewhat associated
with more conservative action selection.

Figures 6 and 7 reports the mean best-fit parameter values for the younger and older
groups. A 2 (older, younger) × 2 (familiar goal, new goal) repeated measures ANOVA was
conducted on the best fitting exploitation parameter. There was a main effect of age
group, F(1, 41) = 4.37, p < 0.042, such that the younger group’s performance was better
fit by higher exploitation parameters. For the positive sensitivity parameter, there was
also a main effect of age group, F(1, 41) = 8.77, p = 0.005, such that the older group’s
performance was better fit by learning parameters more sensitive to positive feedback.
There were no significant effects for the negative sensitivity parameter, which were all
quite low. In short, the older group’s performance was better fit with model parameters
associated with higher exploration and higher positive feedback sensitivity.

In the familiar goal block, choice optimality (i.e., deviation from optimal response) was
correlated positively with exploitation parameter for older adults (R2 = 0.26, p < 0.05),
but not for younger adults (R2 = 0.003, p = 0.77). Thus, older adults who made more
exploratory choices also achieved better performance. In the new goal block, exploita-
tion parameter was not associated with better performance for either age group.

Partial least squares regression determined the fit of the SLIDER model to the
behavioral data. In both age groups, the SLIDER model was compared to a baseline
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model. First, a simple autocorrelation determined the amount of variance explained by
simply considering the response to the previous trial (resulting in a baseline model).
Second, a correlation between observed and model predicted responses was performed
to determine the amount of variance explained by the computational model. Finally,
Akaike’s Information Criterion (AIC) was calculated in order to compare the baseline
model with the computational model (Akaike, 1974; Symonds & Moussalli, 2011). The
computational model explained more of the variance (R2 = 0.50) than both the simple
autocorrelation method (R2 = 0.37) as well as a random responder method (which by

Figure 6. Best fitting exploitation parameter (lower values suggest increased exploration) recovered
from the model based analysis (SE 1±).

Figure 7. Best fitting positive (A) and negative (B) sensitivity parameters recovered from the model
based analysis (SE 1±).
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definition would select the correct state on only 1 out of 100 responses, putting R2 close
to 0). The AIC is used to punish models for additional free parameters, with lower AIC
values signifying a better model fit. For the computational model, the average
AIC = 586.2 (assuming 4 free parameters). For the baseline model, the average
AIC = 599.1 (assuming no free parameters). Thus, the computational model is preferred
over the baseline model for assumptions of free parameters up to 10.

Discussion

The present study examined the role of normal aging and learning style in a dynamic
control task using a novel application of computational modeling. Standard behavioral
analysis revealed older adults potentially utilized an alternative strategy in completing
the dynamic control task than younger adults. Our initial predictions were based on
prior research in normal aging. With the relatively robust nature of the positivity effect in
other research, we expected older adults to be better fit by models with learning
parameters that were more sensitive to positive feedback. Indeed, we found this to be
the case. We also predicted that it could be possible that older adults would be better fit
by models with higher exploitation parameters, given that older adults have been
shown to be more exploitative in situations with low choice-reward contingency. In
addition, as mentioned earlier, work examining the impact of age and task difficulty on
judgment performance in MCPL tasks suggests that elderly populations struggle to learn
more complex cue–outcome contingencies, particularly from feedback (e.g., Chasseigne
et al., 2004, 1997; Mutter & Williams, 2004). Of note is the work by Chasseigne
(Chasseigne et al., 2004, 1997) which suggests that elderly populations struggle to
learn negative cue–outcome relations when embedded in more complex MCPL tasks,
but have little difficulty showing comparable performance accuracy to younger adults
when it comes to learning positive linear relationships. Though MCPL and dynamic
control tasks have many differences (Osman & Speekenbrink, 2012), they also share
some properties in common—in particular feedback learning, and to this end, the
findings from the present study compliment the work by Chasseigne (Chasseigne
et al., 2004, 1997). In both cases, the evidence suggests that there is a difference in
the way elderly populations process negative feedback as compared to positive feed-
back or negative relations compared to positive ones.

Considering general task performance based on immediately available surface beha-
vior (e.g., input values chosen, output value performance), these styles did not lead to
differences in choice optimality. However, the learning styles did appear to have an
impact on which input values were manipulated, and the values they chose when they
decided to manipulate the inputs. The interpretation of the underlying reasons for these
differences can provide a clearer connection with well-established psychological con-
structs. To this end, we developed model-based analyses which permitted the measure-
ment of strategic exploration–exploitation trade-off, as well as differential reinforcement
learning sensitivity to positive and negative feedback.

A computational model of the task revealed specific behavioral characteristics asso-
ciated with normal aging. In the familiar goal block, older adults demonstrated more
exploratory behavior and somewhat more reliance on recent and positive success. On
the transfer block in which the target output value that participants had to reach and
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maintain, older adults continued to demonstrate exploratory behavior while younger
adults became more exploitative. Older adults continued to demonstrate more reliance
on recent and positive success, as evidenced by higher positive sensitivity parameters.

One possible interpretation of this pattern of results is that older adults were able to
achieve the final performance profile of younger adults (as measured by deviation from
optimal responses) by relying on compensatory mechanisms to engage the task.
Specifically, the older adults were more exploratory, which has been shown to lead to
enhanced performance in dynamic decision-making tasks with choice–reward contin-
gency (Worthy et al., 2011). Additionally, older adults remained more influenced by
positive feedback on both tests. This interpretation is supported by previous research
which has shown that older adults are able to achieve the performance levels of
younger adults via a compensatory strategy (Glass et al., 2012; Worthy & Maddox,
2012) by successfully engaging in adaptive strategy selection to match task demands
(Mata et al., 2012).

Another interpretation of the current results is that older adults approached the task
by utilizing alternative mechanisms which may be enhanced in older adults. For exam-
ple, older adults exhibit a positivity effect characterized by superior emotional proces-
sing of positively valenced content and contingencies (Carstensen & Mikels, 2005; Mutter
& Williams, 2004). In terms of the current task setup, this could mean that older adults
were more sensitive to successful trials relative to unsuccessful trials. This could account
for the older adults’ higher learning rate sensitivity parameter for positive feedback, but
not for negative feedback. Thus, when older adults encountered successful trials, their
learning rate parameters increased such that prior knowledge was discounted. In this
interpretation, older adults differed in their overall strategy due to specific enhance-
ments associated with normal aging. This interpretation is supported by the positive
learning rate sensitivity parameter remaining higher for older adults than younger adults
in both the familiar goal and new goal tasks.

These above interpretations are informed by correlating the exploitation parameter
with task performance. When the goal remained familiar, exploratory choices were
associated with increased performance in older adults, but not younger adults. This
suggests that older adults were able to use exploration to their advantage when the
goal remained familiar. Once the goal changed in the final test block, older adults were
able to match the performance of younger adults, although this was not associated with
the exploration parameter. Thus, these results suggest that older adults may be able to
utilize exploration as a compensatory strategy, but this compensation may be localized
to dynamic decision-making scenarios in which the goal is familiar.

Future research should determine whether the differences in strategies used by older
adults to complete the dynamic control task are simply the result of slower overall
learning rates or due to differences in underlying cognitive mechanisms associated with
normal aging. Future work should incorporate manipulations to test these interpreta-
tions, such as limiting feedback types to determine whether the aging positivity effect
can account for performance differences. Dynamic decision making tasks such as the
one used in the present study are an effective way to investigate decision making in
situations which mimic real-world dynamic environments. The present study speaks to
the effectiveness of using dynamic decision-making tasks to reveal the impact of aging
on day-to-day complex decision-making.
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Notes

1. Here, sigma values were fixed to 10, equivalent to 10% of the available range of choices,
although the results are robust to other sigma values.
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