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Abstract Predicting the development of dynamic processes is
vital in many areas of life. Previous findings are inconclusive as
to whether higher working memory capacity (WMC) is always
associated with using more accurate prediction strategies, or
whether higher WMC can also be associated with using overly
complex strategies that do not improve accuracy. In this study,
participants predicted a range of systematically varied nonlinear
processes based on exponential functions where prediction ac-
curacy could or could not be enhanced using well-calibrated
rules. Results indicate that higher WMC participants seem to
rely more on well-calibrated strategies, leading to more accu-
rate predictions for processes with highly nonlinear trajectories
in the prediction region. Predictions of lower WMC partici-
pants, in contrast, point toward an increased use of simple
exemplar-based prediction strategies, which perform just as
well as more complex strategies when the prediction region is
approximately linear. These results imply that with respect to
predicting dynamic processes, working memory capacity limits
are not generally a strength or a weakness, but that this depends
on the process to be predicted.
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Making predictions about the development of dynamic pro-
cesses is important in many areas of life, be it predicting the

weather, monitoring a patient in critical care, or controlling an
industrial power plant. However, research as early as
Wagenaar and Sagaria (1975) has shown that the accuracy
of predictions varies widely, particularly when processes do
not follow a simple linear pattern. In this article, we focus on
the contribution of working memory capacity (WMC) for
explaining this variation in predictions and its interaction with
the type of process to be predicted. Intuitively, higher memory
capacity should improve prediction accuracy because people
need to consider information about the past of a process in
order to forecast its future. And, indeed, research has shown
that higher WMC is related to higher prediction accuracy for
continuous processes (function learning) and categorization
tasks (Bröder, Newell, & Platzer, 2010; Lewandowsky,
Yang, Newell, & Kalish, 2012; McDaniel, Cahill, Robbins,
& Wiener, 2014). One explanation for this observation is that
higherWMC is associatedwith an improved ability to actively
maintain and manipulate information, which is needed to cal-
ibrate cognitive prediction algorithms to the learning data and
to abstract systematic regularities. These abstracted regulari-
ties, or Brules,^ can then be used for prediction (McDaniel
et al., 2014). However, numerous studies following the eco-
logical rationality approach (e.g., Marewski, Gaissmaier, &
Gigerenzer, 2010) have shown that in a surprising number of
situations simple, information-frugal heuristics—which rely
on minimal information and are not working-memory inten-
sive—perform just as well as complex rules (Marewski &
Schooler, 2011). Similar arguments have been made for the
limited capacity of working memory in general (Cowan,
2010). Rather than being a compromise between processing
capacity and metabolic efficiency, a limitedWMCmay confer
genuine advantages. One reason is that because higher WMC
endows people with the ability to process more information in
parallel, they are more likely to employ complex strategies
even when simpler solutions are available (for a review, see
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Wiley & Jarosz, 2012). In this line of reasoning, capacity limits
are a strength that may foster cognitively efficient solution
strategies in many situations. Combining these views, higher
WMC may be beneficial for predicting processes that require
the abstraction of complex rules, but not for processes where
simple, information-frugal prediction strategies are sufficient.

To investigate this hypothesis, we used a learning paradigm
with different types of exponential processes (MacKinnon &
Wearing, 1991). Participants were trained with the beginning
of a process and then predicted how the process would con-
tinue. Information about each process was presented trial by
trial and only in numerical form (see Fig. 1). Participants were
given a time point (e.g., 5) and had to predict the value of the
process at that time point (e.g., 88). During feedback trials (see
Fig. 1, left panel) participants received feedback in form of the
correct value of the process (e.g., 208). Then the next time
point (e.g., 10) was displayed for the next prediction. During
test trials (see Fig. 1, right panel) the procedure was identical,
except that no feedback was given. After participants made
their prediction and pressed the enter key, the next time point
was displayed to make the next prediction. The beginning and
end of the training phase consisted of feedback trials with an
intermediate block of test trials, which has been shown to
enhance transfer of learning (Kang, McDaniel, & Pashler,
2011). Participants did not see results of previous trials, and
no summary information (e.g., in the form of graphs) was
made available. Instead, participants needed to rely on mem-
ory to make predictions. In contrast to typical function learn-
ing paradigms (e.g., McDaniel et al., 2014), we were interest-
ed in how participants predict the development of ongoing
processes rather than learn an abstract functional relation.
Data points were therefore presented in sequential order (rath-
er than random), and each data point was presented only once
(rather than multiple times).

We used variations of exponential processes for three rea-
sons. First, they are practically relevant, as many processes in
real life show exponential dynamics: The spreading of dis-
eases, tipping points in ecological systems, and population
growth can all have dramatic consequences if not anticipated
early on. Second, empirical research has shown that people
find exponential processes difficult to predict (Wagenaar &
Sagaria, 1975), but little is known about the effects of individ-
ual differences on prediction accuracy. Third, choosing a pos-
itive versus negative exponent allows manipulating whether
the process is asymptotic (increasingly linear) or accelerating
(increasingly nonlinear). Exponential processes comprise both
relatively linear regions (e.g., Fig. 2, Panel A, training region)
and highly nonlinear regions (e.g., Fig. 2, Panel B, extrapola-
tion region). Wagenaar and Sagaria (1975) described this phe-
nomenon as the cognitively Beasy part^ and Bhard part^ of
exponentiality. Using a full factorial variation of type (accel-
erating and decelerating) and direction (increasing and de-
creasing) for exponential functions allows us to investigate

how well simple linear prediction strategies perform in com-
parison to more complex strategies in different environments.

Prediction strategies can be summarized in two broad clas-
ses: rule based and exemplar based. Rule-based models as-
sume that participants abstract a global rule summarizing the
ensemble of information of the process to be predicted
(McDaniel & Busemeyer, 2005). To do so, participants use
the feedback provided to update the parameters of their rule in
order to calibrate their prediction algorithm to the training data
(Koh & Meyer, 1991). Exemplar-based models, in contrast,
assume that participants store single exemplars of cue-
criterionmappings inmemory (Nosofsky, 1988), and that only
the most similar training exemplars are retrieved for extrapo-
lation. The extrapolation association model (EXAM;
DeLosh, Busemeyer, & McDaniel 1997) and the population
of linear experts (POLE; Kalish, Lewandowsky, & Kruschke,
2004) assume that participants learn associations between x
and y values (EXAM) or between x values and a matching
linear function (POLE). Participants extrapolate linearly
through the two most similar x and associated y values
(EXAM) or use the most similar x value and its expert
(POLE). Rule-based and exemplar-based strategies differ with
respect to how much training information they use and how
well they use it. Rule-based strategies are more information
intensive in that a substantial amount of training information is
used to induce and calibrate the rule, even if the resulting rule
itself is comparatively simple. Exemplar-based strategies, in
contrast, are information frugal in that only the most similar
training exemplars are used for making a prediction. And only
rule-based, but not exemplar-based, strategies imply that par-
ticipants calibrate their cognitive prediction algorithms to the
training data.

If exemplar-based strategies use less training information
and are less calibrated, how can they ever make as accurate
predictions as complex rules? This depends on the type of the
process. In asymptotic processes, even if one abstracted the
correct function rule, this would not pay off in terms of pre-
diction accuracy because complex rule-based predictions and
simple linear predictions based on the most similar exemplars
overlap in this case (see Fig. 2, bottom panel). Moreover, rule-
induction tends to be error prone because several problem-
solving steps need to be performed in working memory
(Beilock & DeCaro, 2007), whereas simple linear extra-
polations are typically performed with near optimal
accuracy (Busemeyer, Byun, Delosh, & McDaniel, 1997).
Abstracting information-intensive rules hence cannot outper-
form simple linear strategies for predicting the later parts of
asymptotic processes and may even impair prediction. For
increasingly nonlinear processes such as accelerating func-
tions (see Fig. 1, top panel), in contrast, rule-based strategies
that capture the process’ trend should be more accurate be-
cause simple linear predictions would lead to an underestima-
tion of the trajectory.
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It seems plausible that higher WMC should lead to more
accurate predictions in processes that benefit from the
information-intensive induction of rules, that is, the accelerat-
ing processes in this experiment. Rule-induction requires
memorizing cue and criterion values, estimating their differ-
ences, and updating the rule accordingly. These processes ar-
guably encompass storage and transformation of informa-
tion—key facets of working memory (Oberauer, Süß,
Wilhelm, & Wittman, 2003). In categorization and multiple-
cue judgment, WMC indeed predicted performance in
tasks requiring rule-based strategies (Hoffmann, von
Helversen, & Rieskamp, 2014). The involvement of WMC

is particularly high when more cues need to be considered or
more complex rules need to be abstracted (Karlsson, Juslin, &
Olsson 2008; Mata et al., 2012). WMC is also associated with
accuracy in a prototypical rule-induction task—Raven’s
Progressive Matrices— particularly for items requiring com-
plex rules (D. R. Little, Lewandowsky, & Craig, 2014; Wiley,
Jarosz, Cushen, & Colflesh, 2011). Despite these compelling
connections, there is only one study directly assessing how
WMC affects the prediction of continuous processes:
McDaniel et al. (2014) suspected that higher WMC allows
participants to actively maintain a range of cue-criterion
values and to concurrently compare them over trials to abstract

Fig. 2 Processes used in the experiment: (A) accelerating increasing, (B)
accelerating decreasing, (C) asymptotic decreasing, and (D) asymptotic
increasing. Participants learned about the processes from time points 0 to
85 (training), and predicted the processes from time points 90 to 115

(extrapolation). Participants predicted exponential processes (black),
and their respective quadratic twins (gray) that run through the same
two training exemplars closest to extrapolation.

Fig. 1 Procedure of the experiment showing feedback trials (left panel)
and test trials (right panel). Participants were given a time point and
entered the predicted value of the process at that time point. During

training trials participants were given feedback in the form of the
correct value of the process, then the next time point was displayed for
the next prediction. During test trials no feedback was given.
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a functional rule. HigherWMC participants were indeed more
likely to use rule-based as opposed to exemplar-based strate-
gies and achieved higher prediction accuracy. In this study,
however, only a single type of process (V-shaped) was used,
which benefits from the application of rule-based strategies.

In cases where simple linear prediction models should per-
form optimal—asymptotic processes in the present case—
higher WMC might not pay off in terms of better predictions.
Exemplar-based predictions rely on recall of only the most
similar training exemplars. Given that in our experimental
design these are the most recently completed trials before
extrapolation, this should require very little working memory
resources. Supporting this assumption, Hoffmann et al. (2014)
found that WMC was not related to performance in exemplar-
based judgment tasks at all. It is unclear, however, whether
higher WMC participants will use simple exemplar-based
strategies if this is sufficient, or whether they will try to apply
rules even if this strategy does not pay off. Some studies found
that higher cognitive capacity fosters adaptive strategy use
(Bröder, 2003; Lewandowsky et al., 2012). Therefore, one
possibility in the case of asymptotic processes is that higher
WMC participants may use the simpler exemplar-based strat-
egies. Other studies, however, found higher WMC to be det-
rimental for performance in tasks where simple strategies are
optimal. In the classic water jug problem, a complex solution
strategy is needed for the first trials, but a simpler strategy
becomes available later on. Higher WMC participants were
less likely to switch to the simple strategy and instead
persisted in using the overly complex strategy (Beilock &
DeCaro, 2007). Similarly, in a category learning task in which
complex hypotheses testing effectively impeded learning,
higher WMC participants performed worse than lower
WMC participants (DeCaro, Thomas, & Beilock, 2008). In a
judgment task for which a simple similarity-based strategy
performed optimally, participants were more likely to use the
optimal strategy when fewer WM resources were available
under cognitive load (Hoffmann, von Helversen, &
Rieskamp, 2013). Although people generally tend to search
for rules in sequences, even if no pattern exists (Wolford,
Newman, Miller, & Wig, 2004), this tendency may be partic-
ularly pronounced for people with higher cognitive capacity.

Given these findings, we expect the following effects of
higher working memory capacity: Higher WMC should im-
prove accuracy when predicting complex, accelerating process-
es that require rule induction. Higher WMC may not pay off,
however, when predicting simple, asymptotic processes.
Instead, higher WMC participants are more likely to use com-
plex rule-based approaches, even in cases where simple
exemplar-based strategies suffice. We designed a prediction ex-
periment based on the exponential functions shown in Figure 2
to test this assumption and several hypotheses derived from it.

First, we expect an interaction of WMC and stimulus type
with respect to extrapolation accuracy. The increased use of

rule-based prediction by high WMC participants should im-
prove prediction accuracy for the increasingly nonlinear part
of accelerating functions. However, as complex rules have no
benefit for predicting the increasingly linear part of asymptotic
processes, we expect no difference between higher and lower
WMC in these conditions.

Second, we expect participants with higher WMC to
show higher accuracy during the training phase, as they
are better able to induce a rule adequately describing
the training information—that is, a rule that is better
calibrated to the training data.

Third, we expect lower WMC participants to rely more on
the most recent information available for extrapolation, while
higher WMC participants should integrate more training in-
formation. To test this hypothesis, we constructed a quadratic
Btwin^ process for each exponential stimulus (see Fig. 2). For
each point in the training phase, exponential processes and
their quadratic twins had a different value, except for the
two points just before the extrapolation region, which were
identical. For each exponential stimulus, participants complet-
ed the same training and prediction procedure with the corre-
sponding quadratic twin process. Hence, the more information
(beyond the two final points) participants use for making a
prediction, the more their predictions should differentiate be-
tween the two processes of a pair. The effect should be con-
spicuous for accelerating processes but weak or absent for
asymptotic processes because their trajectory in the extrapo-
lation region can be accurately approximated by simple linear
extrapolation. This design extends previous research by
McDaniel et al. (2014), who observed that rule-based versus
exemplar-based learners did not just differ in accuracy but also
showed different patterns of predictions.

Finally, as previous studies did not control for potential
effects of explicitly instructing participants to search for a rule
to make predictions, one group of participants was instructed
to use the feedback provided in order to find a rule describing
each processe. The other group was instructed to simply rely
on their intuition to make predictions. We hypothesized that
this may have effects comparable to the WMC-related differ-
ences in rule use described above.

Method

Following the statement of transparency proposed by
Simmons, Nelson, & Simonsohn (2012), we report how we
determined our sample size, all data exclusions, all manipula-
tions, and all measures in the study.

Design Each participant predicted two exponential pro-
cesses and their respective quadratic twins. Type of the expo-
nential processes (accelerating or asymptotic) and instruc-
tion (rule search or intuitive) were varied between
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subjects, direction of the process (increasing or decreasing)
within subjects. WMC tests were interleaved between predic-
tion tasks.

Participants In total, 295 students from Heidelberg
University participated in the study, providing 290 complete
data sets (201 female, mean age = 23.0 years, SD = 2.7). We
decided in advance of data collection to aim for 300 partici-
pants to achieve sufficient statistical power for detecting small
to medium effects. All participants gave written informed con-
sent and were rewarded with 5 Euros.

Materials Four exponential and quadratic function pairs
were constructed such that the twinned functions were
identical at the two points closest to extrapolation (time
points 80 and 85) but different at all other points (see
Fig. 1 and Table 1). Functions were constructed for a time
range (x value) from 0 to 115, increasing in steps of 5 for a
total of 24 time points.

Working memory tests WMC was assessed using two
computer-based tasks: digit span backward (DSB) and let-
ter–number sequencing (LNS; see Wechsler, 2008). We se-
lected these WMC measures as they are easy to administer
yet are closely related to more complex measures often used
in working memory research, such as operation span (Shelton,
Elliott, Hill, Calamia, & Gouvier, 2009). For DSB, increas-
ingly longer series of digits were displayed, which participants
had to repeat in reverse order using an on-screen keyboard. In
the LNS task, increasingly longer series of alternating digits
and numbers were presented. Participants had to sort the num-
bers in ascending and the letters in alphabetical order before
responding. Span lengths ranged from four to a maximum of
eight for DSB and nine for LNS with two (DSB) or three
(LNS) trials per span length. Tests were finished after failing
all trials of a span length. Individual WMC was computed as
the mean of the z-standardized scores for both subtests. Data
for the digit span forward task were also collected, but exclud-
ed from the analysis as it was the only task that did not involve
active manipulation of information.

Procedure Participants were instructed that they had to pre-
dict four different processes over time with the help of

feedback. The nature of the processes was left unspecified.
One group of participants was instructed to Buse the feedback
provided to derive a rule describing the trajectory of the
process^ and to Bpredict the value of the process at a given
time point as accurately as possible.^ The other group was
instructed to Buse the feedback provided to gain an intuition
about the trajectory of the process^ and to Buse the intuition
that you gained about the trajectory of the process to make a
prediction about the value of the process at a given time point
as accurately as possible.^

As shown in Figure 1, during each trial, participants were
shown the current time point (labeled Time) approximately in
the middle of the computer screen and entered their prediction
for that time point as a number in a textbox (labeled
Prediction) directly below. Time points then increased in steps
of 5 from 0 to 115. For each time point, participants made one
prediction. During time points 0 to 25 and 60 to 85, partici-
pants received feedback showing the correct value of the pro-
cess below the time point and their last prediction (labeled
Correct). During time points 30 to 55 in the training phase,
no feedback was given before the next time point was
displayed. This block of trials without feedback served to
enhance the learning process through an intermediate testing
phase, as previous research found that training-test conditions
constitute a more effective learning environment than
training-only conditions (Kang et al., 2011). The final block
of trials without feedback (time points 90 to 115) constituted
the main extrapolation region (see Fig. 2). In the remainder of
this text, Btraining^ refers to the last block of training trials
(time points 60 to 85) because this block contained the twin
process manipulation, and Bprediction^ refers to the final ex-
trapolation phase (time points 90 to 115).

Results

Outliers Single predictionsmore than five standard deviations
above or below the mean of a time point were excluded from
calculating individual averages per process. If less than half of
predictions remained for a process, the process was treated as
missing for this participant (2.3 % of processes). Furthermore,
35 participants received incorrect feedback not matching the
training function for the first half of two processes (asymptotic

Table 1 Stimulus functions

Type Direction Exponential function Quadratic twin function

Accelerating Increasing 3,000 + e(0.045 * x + 4.2) 0.6494 * (x + 12.355)2 - 99.13

Accelerating Decreasing 2,000+e(-0.045 * x + 8) 0.2445 * (x - 89.042)2 + 2,061

Asymptotic Increasing 1,500 - e(-0.045 * x + 7) -0.0108 * (x - 137.635)2 + 1,506.15

Asymptotic Decreasing 1,500 - e(0.045 * x + 2) -0.0491 * (x + 57.979)2 + 2,165.11
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decreasing quadratic and asymptotic increasing exponential).
As the present analysis is based only on responses in the
second half of each process, we retained these participants in
the analysis.

Dependent variables As an index of accuracy we used the
root mean relative error (RMRE). To correct for different scal-
ing, the relative error for each prediction is determined by
dividing the absolute deviation of the prediction from the cor-
rect function value at each point by the correct function value.
Then the mean of relative errors is calculated for predictions of
each process, and a square root transformation is applied to
reduce skew. To assess how much participants differentiated
predictions between the twinned processes, we calculated the
difference of mean predictions for each pair of twinned pro-
cesses divided by the standard deviation of differences.

Effects of instruction, process type, and direction on accu-
racyWe applied a linear model with instruction, process type,
and process direction as factors; WMC as continuous predic-
tor; and RMRE as dependent variable. The dedicated rule-
search versus intuitive instructions did not exert an effect on
prediction accuracy, F(1, 270) = .39, p = .53. We therefore
excluded this factor from further analyses. There were main
effects of both process type, F(1, 270) = 1674.36, p < .001, η2

= .86, and direction F(1, 270) = 356.67, p < .001, η2 = .57, and
a significant interaction of the two, F(1, 270) = 263.42, p <
.001, η2 = .49. Prediction errors were higher for accelerating
compared to asymptotic processes and higher for decreasing
compared to increasing processes. However, prediction errors
were disproportionately high for the accelerating decreasing
process (see Table 2 for descriptive statistics).

Effects of WMC on accuracy In line with our expectation,
we found an interaction of WMC and process type with re-
spect to prediction accuracy, F(1, 270) = 6.67, p = .01, η2 =
.02, but nomain effect ofWMC, F(1, 270) = 2.13, p = .15, and
no interaction with direction, F(1, 270) = 0.67, p = .42.
Specifically, high WMC was associated with lower RMREs
in the accelerating conditions, r(161) = -.18, p = .02, but not in

the asymptotic conditions, r(121) = -.03, p = .77 . We further-
more investigated whether WMC affected accuracy during
training as a sign of rule induction. There was an overall pos-
itive effect ofWMC on training accuracy, F(1, 274) = 13.45, p
< .001, η2 = .05, no statistically significant interaction of
WMC and process type (albeit close to significance), F(1,
274) = 3.54, p = .06, η2 = .01, and no interaction with direc-
tion, F(1, 274) = .90, p = .34. HighWMCwas associated with
lower training error in both accelerating, r(160) = -.19, p = .02,
and asymptotic conditions, r(125) = -.25, p < .01.

Differentiation To investigate the amount of training infor-
mation that participants integrate into their prediction strate-
gies, we calculated the difference in predictions between ex-
ponential and quadratic process twins. A differentiation score
different from zero means that participants’ predictions cannot
be explained by simple linear extrapolation based on only the
final two training points. The differentiation score was calcu-
lated such that positive values indicate a more extreme extrap-
olation of exponentially accelerating processes relative to their
quadratic twins or a less extreme extrapolation of asymptotic
processes. To allow summarizing over different numerical
ranges, differentiation scores were divided by their respective
standard deviations. In contrast to our expectation, differenti-
ation was not related toWMC overall,F(1, 265) = .08, p = .78,
and there was no interaction of WMC with process type, F(1,
265) = .52, p = .47, but with process direction, F(1, 265) =
4.61, p = .03, η2 = .02. Differentiation was only correlated
with WMC in the accelerating decreasing condition, r(153)
= .18, p = .02, but not in the other conditions, ps > .07.

Discussion

This study investigated how working memory capacity limits
are associated with accuracy and strategy use in predicting
nonlinear processes. Although it may seem intuitive that
higher WMC should always be associated with better predic-
tions, we found an interaction between WMC and the type of
the process to be predicted: For both increasing and

Table 2 Prediction accuracies and differentiation for the four exponential processes

Process Prediction
error
(RMRE)

Training
error
(RMRE)

Differentiation
Exponential-
QuadraticType Direction

Accelerating Increasing .43 (.11) .23 (.07) .01

Accelerating Decreasing .83 (.21) .15 (.03) -.12

Asymptotic Increasing .09 (.06) .25 (.10) .02

Asymptotic Decreasing .13 (.11) .28 (.11) .20

Note. Means with standard deviations in parentheses. Differentiation SD = 1.
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decreasing processes, higher WMC participants were more
accurate predicting the accelerating processes but not more
accurate predicting the asymptotic processes. Crucially, this
interaction in prediction accuracy appeared despite higher
WMC participants’ better calibration to training data in both
accelerating and asymptotic processes. Thus, higher WMC
appears to be associated with better calibrated strategies that
pay off when predicting complex accelerating processes but
do not pay off when predicting simple asymptotic processes.

To measu r e s t r a t egy use , we emp loyed two
operationalizations (calibration to training data and differenti-
ation between process twins) independent of prediction accu-
racy. We distinguish two main types of prediction strategy:
Simple linear extrapolation based on the twomost recent train-
ing exemplars only and more complex strategies requiring
information encountered prior to these two exemplars. We
treat the former as a case of exemplar-based prediction, such
as described by EXAM or POLE (DeLosh et al., 1997; Kalish
et al., 2004), and the latter as evidence for the use of more
complex, rule-based strategies. This interpretation is based on
the assumption that memory for the two most recent training
exemplars is nearly perfect and that there is no (or at best a
negligible) effect of earlier training exemplars when using
simple linear extrapolation. Even for participants with low
WMC, it seems a reasonable assumption that the two most
recently presented and most similar exemplars (or linear ex-
perts in POLE) are highly available.

WMC was positively correlated with calibration during
training, which is considered a prototypical sign of rule induc-
tion (Koh & Meyer, 1991). Importantly, calibration increased
with WMC both when predicting accelerating processes
(where this is the optimal strategy) and when predicting as-
ymptotic processes (where a simpler and equally accurate
strategy is available). Apparently, higher WMC participants
were generally better able to make use of the learning phase
provided to align their prediction strategies to the structure of
the training data. This is a particularly noteworthy result be-
cause it demonstrates that higher WMC participants did not
make better predictions for the asymptotic processes, even
though they did use better calibrated strategies during training.

Unexpectedly, the extent to which participants’ predictions
differentiated between quadratic and exponential process
twins revealed an interaction effect of WMC and process di-
rection. WMC and differentiation were significantly correlat-
ed only for the accelerating decreasing process. Applying
rules that integrate more training information than just the
two most recent training exemplars should have produced
differentiation for both accelerating processes. A plausible
explanation for this discrepancy is that the accelerating de-
creasing process deviated most from a cognitive default of
positive linearity (Busemeyer et al., 1997). It also was the
most difficult of all processes to predict, as indicated by the
large prediction errors and the high interindividual variability.

The effect of WMC may therefore have been moderated by
this difference in task difficulty with a larger benefit of WMC
in the more difficult task.

These results suggest that higher WMC does not always
lead to more accurate predictions, but does so only if the task
is sufficiently difficult and the structure of the process to be
predicted benefits from applying complex rules. This is an
important qualification of previous findings on how individual
WMC affects the accuracy of predictions that show that higher
WMC generally leads to increased use of rules and to better
predictions (McDaniel et al., 2014). Extending the approach
of McDaniel, this study employed the twin-process manipu-
lation to selectively assess the amount of learning data incor-
porated into prediction strategies. The results show that higher
WMC may in fact not provide a prediction advantage for
processes where simple exemplar-based strategies perform
optimally, but that higher WMC only provides an advantage
when rule induction is a beneficial strategy and the task is
sufficiently complex. This result is only partially in line with
recent work in the area of categorization. Although a benefit
of WMC for learning category structure is generally found,
stable individual preferences for strategy use seem mostly
unrelated to cognitive abilities such as WMC or reasoning
(Craig & Lewandowsky, 2012; J. L. Little & McDaniel,
2015). One important difference between typical categoriza-
tion tasks and most function learning or process prediction
paradigms may be that the latter strongly suggest the existence
of an underlying numerical rule. Assuming that participants
with high WMC are strategically more flexible, they may
simply be more likely to use strategies matching the perceived
demands of the task.

These results may be comparable to the phenomena of
over- and underfitting in machine learning (Hawkins, 2004;
Todd & Gigerenzer, 2000). Underfitting occurs when render-
ing a prediction algorithm more complex or improving its
calibration to the training data would pay off in terms of better
predictions. Overfitting, in contrast, occurs when higher com-
plexity and better calibration no longer pay off—that is, when
a complex compared to a simpler prediction algorithm does
not produce more accurate predictions. In this study, both
phenomena may have occurred: In the (complex) accelerating
processes, lower WMC participants’ prediction strategies
were less calibrated, and this resulted in worse predictions.
In the asymptotic processes, however, higher WMC partici-
pants’ better calibrated prediction strategies did not produce
better predictions compared to lower WMC participants’ sim-
pler strategies. Thus, lower WMC participants’ strategies
underfitted the accelerating processes, and higher WMC par-
ticipants’ strategies resulted in an inefficient overfitting of the
asymptotic processes.

Perhaps counterintuitively, higher WMC participants may
have used suboptimal strategies particularly when performing
the comparatively simple task of predicting asymptotic
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processes. What may explain this finding is that predicting
asymptotic processes is not only comparatively simple but
actually surprisingly simple. The steep training region sug-
gests structural complexity (and hence the use of more com-
plex rules), but the extrapolation region runs relatively flat
(and hence is best predicted with simple linear strategies) –
the cognitively Beasy part^ and Bhard part^ of exponentiality
described by Wagenaar and Sagaria (1975). Our results hence
suggest that in cases where Beasy parts^ directly follow Bhard
parts,^ higher WMC may not be a helpful resource. On the
contrary, higher WMCmay even impede switching to simpler
approaches. Analogous to Beilock and DeCaro (2007), who
have shown that the tendency to inflexibly persist in using
more complex approaches is especially pronounced for higher
WMC participants, we found that higher WMC participants
were prone to overlook simple yet accurate prediction
strategies.

This may also explain the seemingly contradictory finding
that higher cognitive capacity sometimes leads to more adap-
tive strategy use (Bröder, 2003; Lewandowsky et al., 2012),
but at other times to the use of overly complex, nonadaptive
strategies (Beilock & DeCaro, 2007). In the experiment by
Beilock and DeCaro (2007) and in the asymptotic processes
in this study, complex strategies were successful during earlier
trials, but a simpler solution became available later on. It was
then that higher WMC participants persisted in using their
more complex strategy. Higher WMC participants seem to
be able to construct an initially suitable, complex strategy
for a given task, but may have difficulty giving up this strategy
when a simpler strategy becomes available.

Interestingly, the manipulation of instructions introduced to
elicit the use of explicit rule-based or implicit intuitive predic-
tion strategies had no notable effect on performance, thereby
supporting previous studies that did not differentiate between
explicit and intuitive instructions (e.g., Kang et al., 2011). The
lack of a difference may either imply that the instruction ma-
nipulation was not strong enough or that the prediction strat-
egies participants use are relatively robust and little affected
by instructions in general. Supporting the second interpreta-
tion, similar instructions used in a dynamic systems control
study exerted only a small effect on performance
(Hundertmark, Holt, Fischer, Said, & Fischer, 2015). For fu-
ture research, an alternative approach would be a cognitive
load manipulation to investigate how this affects the use of
explicit and implicit prediction strategies.

Cowan (2010) suspected that the positions of working
memory capacity limits as a weakness versus as a strength
may not be incompatible, but that each one may have its
merits. With respect to predicting nonlinear dynamic process-
es, we found that whether or not higher capacity is beneficial
depends on the type of process to be predicted. Higher work-
ing memory capacity seems to be associated with the ability to
use better calibrated strategies that are more aligned with the

structure of the processes to be predicted. This leads to better
predictions of difficult, nonlinear processes, but can result in
overfitting and applying overly complex strategies when
predicting simple processes. In a word: Finding structure is
good, but finding more structure is not necessarily better.
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