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Abstract
Ambiguous causal evidence in which the covariance of the cause and effect is partially

known is pervasive in real life situations. Little is known about how people reason about

causal associations with ambiguous information and the underlying cognitive mechanisms.

This paper presents three experiments exploring the cognitive mechanisms of causal rea-

soning with ambiguous observations. Results revealed that the influence of ambiguous

observations manifested by missing information on causal reasoning depended on the

availability of cognitive resources, suggesting that processing ambiguous information may

involve deliberative cognitive processes. Experiment 1 demonstrated that subjects did not

ignore the ambiguous observations in causal reasoning. They also had a general tendency

to treat the ambiguous observations as negative evidence against the causal association.

Experiment 2 and Experiment 3 included a causal learning task requiring a high cognitive

demand in which paired stimuli were presented to subjects sequentially. Both experiments

revealed that processing ambiguous or missing observations can depend on the availability

of cognitive resources. Experiment 2 suggested that the contribution of working memory

capacity to the comprehensiveness of evidence retention was reduced when there were

ambiguous or missing observations. Experiment 3 demonstrated that an increase in cogni-

tive demand due to a change in the task format reduced subjects’ tendency to treat ambigu-

ous-missing observations as negative cues.

Introduction
Inferences about causal relations require the observation and integration of causal cues, and
rely on the quality of the observed evidence. In real life situations, information is often imper-
fect or incomplete. People are sensitive to incomplete and ambiguous information in judgment
and decision making [1,2]. People may apply their knowledge to process ambiguous informa-
tion in causal reasoning. People are able to infer causes that are not observed, and distinguish
these hidden causes from coincidences [3,4]. Some recent studies indicate that young children
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can resolve ambiguous evidence when inferring causal structures (i.e., whether there is a causal
link between a particular cause and an effect) by applying observed evidence such as the base
rate of the effect [5,6].

In the present paper, we will address ambiguous observations that may influence reasoning
about causal strength, which refers to strength of the causal link between a cause and an effect
[7]. We define ambiguous information as observations where the occurrence of cause and/or
effect is unclear in the sense that each observation has two or more possible states [8,9]. This
definition is compatible with the judgment and decision making literature’s usage (usually
referring to multiple possible values of a numerical estimate, such as a probability) and stan-
dard usage in philosophy, which can be traced back to the classical work of Black [10]. Ambi-
guity in observations can be manifested in different ways, such as a stimulus located at an
intermediate position on a continuum that nevertheless requires categorization (e.g., whether a
gray object should be classed as “dark” or “light”), or containing incomplete information that
results in it occupying multiple possible states or categories (e.g., whether “hot food” refers to
the food’s temperature or spiciness).

The crucial point here is that ambiguity is not a property of a stimulus, but instead a prop-
erty of the inferences that judges make about the stimulus. Thus, the absence of information
does not constitute ambiguity. Missing information gives rise to ambiguity only if it results in a
judge inferring multiple possible states or values on the basis of that absence.

To date, there is a lack of research on causal reasoning from covariance information involv-
ing ambiguous information. Marsh and Ahn [11] conducted pioneering work testing the effects
of different manifestations of ambiguity. Subjects in the experiments were presented with a
sequence of pairs of stimuli. Each pair consisted of a stimulus that indicated the presence or
absence of an effect, and a cause stimulus. The presence of the cause was represented by a long
line, while its absence was represented by a short line. In Experiment 1, a proportion of the
well-defined cause stimuli were replaced by ambiguous observations which were manifested in
one of two ways. The first used lines with intermediate lengths, while the second used stimuli
labelled as “unknown”. Both types of observations entailed ambiguity, as the cause could be
viewed as either present or absent.

Subjects were asked to estimate the frequencies with which cause and effect covaried, and
the strength of the causal associations in each condition. Marsh and Ahn [11] found that in the
conditions with intermediate causal stimuli, subjects’ estimates of the frequencies of covaria-
tion events were significantly higher than the frequencies of those well-defined covariation sti-
muli. However, for the “unknown” causal stimuli, subjects’ estimates of the frequencies of
covariation did not significantly differ from the well-defined stimuli. Marsh and Ahn suggested
that subjects might not explicitly incorporate the “unknown” stimuli in their causal judgments,
as a result of feeling unjustified to make the assimilation.

An alternative explanation for their results is that subjects may have interpreted their task
as estimating the frequency of covariation only when the statuses of both cause and effect were
known, thereby including stimuli with the intermediate state, but excluding stimuli labeled as
“unknown”. Thus, it is possible that subjects incorporated the unknown stimuli when inferring
causal strength. However, because there were no conditions wherein the unknown stimuli were
absent or replaced by unambiguous stimuli, it is unclear whether people treated the unknown
stimuli as positive or negative cues for the associations between cause and effect, or whether
they simply ignored those stimuli entirely.

In addition, there is still a general lack of understanding of the cognitive mechanism of
causal reasoning with “ambiguous-unknown” (AU) observations. We denote the unknown sti-
muli (those in which it is not known whether the effect is present or absent) by the label
“ambiguous-unknown” to remind readers that in our framework, absent information results in
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judges inferring ambiguous (i.e., multiple possible) states. It has been shown that cognitive
resources such as memory and computational capacities are essential to underlying reasoning
processes that involve holding and evaluating evidence [12]. Pushkarskaya, Liu, Smithson, and
Joseph [8] revealed that evaluating ambiguous information is associated with the activation of
brain areas that had previously been found to be used for sample space partitioning, probability
evaluations, and numerical information integration. They suggested that processing ambiguous
information may involve deliberative processing. This implies that causal reasoning with
ambiguous information may require additional cognitive resources to those required for rea-
soning with unambiguous information.

The studies reported here focused on ambiguous information in the form of unknown
observations, and aimed to explore how treatment of the AU observations might be influenced
by cognitive capacities. Firstly, we tested whether subjects ignore the AU (the unknown) obser-
vations in causal reasoning, as suggested by Marsh and Ahn. In Experiment 1, we compared
the causal ratings of subjects in a condition that included AU stimuli with a condition where
the AU observations were omitted. If subjects ignored AU observations in their causal strength
estimations, then the causal ratings in the AU condition should not differ from the omission
condition. In addition, we aimed to explore how subjects might treat the AU observations. We
compared subjects’ causal ratings of the AU condition with a condition where the AU observa-
tions were replaced by unambiguous observations, with the two alternative states distributed
equally.

We examined two plausible hypotheses regarding the treatment of AU observations. We
first hypothesized that subjects might regard AU observations as equally likely to possess either
of the two possible statuses. The time-honoured Principle of Indifference is one argument in
favor of this hypothesis, and so is the empirical evidence from studies of partitioning effects
[13], suggesting that people anchor their probability judgments on the number of alternative
outcomes (e.g., if there are two alternatives, people will anchor on probabilities of 1/2). The sec-
ond hypothesis was that subjects would base their probability judgments regarding the AU
observations on the base-rate of the unambiguous observations available to them at the time.
In our experimental setup, if subjects treated the AU observations as equally likely to have
either of the two possible statuses, their ratings in the AU condition should not be significantly
different from the unambiguous condition.

Both Experiment 2 and Experiment 3 examined how the processing of AU observations can
be influenced by the availability of cognitive resources for retaining, evaluating and integrating
AU observations during causal reasoning. The availability of cognitive resources can be deter-
mined both internally by one’s cognitive capacities and externally by demands from the
environment.

The quality of data acquisition and the ability to apply rule-based reasoning can be influ-
enced by subjects’ cognitive capacities for retaining and processing observations [14–17].
Working memory capacity (WMC) is a well-known indicator of cognitive capacity. WMC has
been found to be associated with the depth of evidence encoding [18] and the ability to retain
rapidly-presented evidence [19]. According to the most recent theoretical frameworks for
working memory (WM), one key element of WMC is the ability to simultaneously store and
process information [20,21,22]. Oberauer et al [21] defined simultaneous storage and process-
ing as the ability to retain new and briefly-presented information over a set period of time, and
then either transforming that information or deriving new information from it.

If processing AU observations involves deliberative processing, the capacity ofWM for simul-
taneous storage and processing may determine how well subjects maintain, process, and inte-
grate AU observations in causal judgments. Experiment 2 increased subjects’memory demand
and explored the association between ambiguity and cognitive capacities that were measured by
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two widely-usedWMmeasures: operation span task and single n-back task. We hypothesized
that under high cognitive demand conditions, subjects with lower WMC would be less likely to
integrate AU observations and that in comparison to subjects with higher WMC, their causal
ratings would be similar to ratings in which they ignored the AU information.

Finally, external constraints can increase demand on storage and online computational
resources, which in turn can affect how comprehensively subjects retain and evaluate causal
observations. In Experiment 3, we compared subjects’ causal ratings under the high cognitive
demand condition versus the low cognitive demand condition. We hypothesized that under a
high cognitive demand condition, subjects’ causal ratings would be similar to ratings wherein
they ignored AU information.

Experiment 1
The causal reasoning task in Experiment 1 asked subjects to evaluate the causal relation
between a candidate cause and effect from covariation information. The covariation informa-
tion contained the frequency of the conjunction and disjunction of a cause and an effect. We
employed the paradigm introduced by Buehner et al. [12] to control for the effects of cognitive
demand.

Method
Ethics statement. The research (that encompasses all three Experiments) has received eth-

ics approval from the Australian National University Human Research Ethics Committee.
Informed consent was obtained in writing from all participants prior to commencing their
involvement in the experiment.

Design. Experiment 1 involved a single causal reasoning task that contained nine experi-
mental blocks. These were comprised of three evidence types (Ambiguous-Unknown [AU] vs.
Unambiguous vs. Omission) and three contingency levels (Positive vs. Zero vs. Negative).
Table 1 shows how stimuli were allocated across the different trials. We presented 12.5% of the

Table 1. Experimental Stimuli: Frequencies of Covariance Events in Different Conditions.

Chemical Present Absent Based on Unambiguous Observations

Virus Inactive Active Inactive Active

UAa P(E+|C+) P(E+|C-) ΔP Causal Power

Positive 4 12 12 4 0.75 0.25 0.5 0.67

Zero 4 12 4 12 0.75 0.75 0 0

Negative 12 4 4 12 0.25 0.75 -0.5 -0.67

PCb

Positive 2 + 2A 10 + 2A 12 4 0.833 0.25 0.583 0.777

Zero 2 + 2A 10 + 2A 12 4 0.833 0.75 0.083 0.332

Negative 10 + 2A 2 + 2A 4 12 0.167 0.75 -0.583 -0.777

ACc

Positive 4 12 10 + 2A 2 + 2A 0.75 0.167 0.583 0.700

Zero 4 12 2 + 2A 10 + 2A 0.75 0.833 -0.083 0.100

Negative 12 4 2 + 2A 10 + 2A 0.25 0.833 -0.583 -0.700

aUA is the unambiguous condition,
bPC is the condition where the cause was present in unknown observations,
cAC is the condition where the cause was absent in unknown observations.

doi:10.1371/journal.pone.0140608.t001
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paired stimuli with AU effect events in the AU condition. The AU stimuli were removed from
the evidence set in the omission condition. Thus, the probability of the presence of the effect
(E) given the presence of the cause (C), P(E+|C+), based on the frequencies of the unambigu-
ous observations in the AU condition, differed from the unambiguous condition. In the unam-
biguous condition, half of the AU stimuli were replaced by the presence of the effect; the other
half were replaced by the absence of the effect. Thus, if subjects simply treated the AU informa-
tion symmetrically, i.e., regarded the effect as equally likely to be present or absent, the causal
ratings under the AU condition should not differ from those under the unambiguous
condition.

We also included the prediction of two well-known models of causal reasoning–ΔP [23] and
causal power model [24]–on the causal strength if subjects estimated the causal strength with
unambiguous information. Note that both ΔP and causal power model predict an increase in
causal strength magnitudes if subjects omit unknown information when comparing results in
the AU condition to those in the unambiguous condition.

The three contingency levels represent three different types of causal direction. A positive
contingency condition imposes a generative causal link between the cause and the effect, where
the probability of the effect increases in the presence of the cause. A negative contingency con-
dition imposes a preventive causal link between the cause and the effect, where the probability
of the effect decreases in the presence of the cause. Both the positive and negative contingency
conditions were ambiguous regarding causal strength but not regarding causal direction. That
is, it was clear whether the cause had a positive or negative effect. A zero contingency condition
imposes no link between cause and effect so that the probability of the effect is the same in the
presence and absence of the cause. If subjects believed that there was a causal link between the
cause and effect, then both the direction and strength of causal association in this condition
were unknown. Examining the effects of ambiguity in these three different contingency condi-
tions could provide insight into how subjects treat AU information, as influenced by the nature
of the link between cause and effect.

If subjects apply a single strategy across all three conditions, we should observe identical
effects of ambiguity regardless of the contingency. On the other hand, if subjects are differen-
tially sensitive to ambiguity depending on whether they believe a cause prevents or produces
an effect, we should observe the effect of ambiguity being moderated by the contingency
condition.

Participants. A total of 70 subjects were recruited via the online crowdsourcing platform
Crowdflower. Fourteen subjects failed the validation test question and were excluded from the
data analyses. The remaining 56 subjects (33 females; 54.3% had completed tertiary and above
education) had an average age of 38.64 years (SD = 11.16). Subjects were paid 30 American
cents for their participation.

Materials and procedure. Subjects were asked to pretend to be employees of a neurovirol-
ogy research institution. Their task was to evaluate the effects of a range of chemicals on certain
types of viruses which would cause neurological diseases. The subjects observed stimuli that
indicated the status of the virus and the presence or absence of the chemical, and judged
whether the chemical was an activator or inhibitor of the virus. In each experimental block 32
paired stimuli were displayed on a single screen. Subjects were shown two sets of virus samples,
of which one set had not been exposed to the testing chemical (i.e., the effect status in absence
of the cause), and the other had been exposed to the testing chemical (i.e., the effect status in
presence of the cause). The status of a sample virus was either activated or inactivated.

The composition of the stimuli is shown in Table 1. In the AU condition, the AU outcome
viruses were represented by a grayed image with a question mark in the center. The instruction
preceding the AU condition was that, “For some reason, the status of some viruses was not
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clear; they are represented by the grayed picture with a question mark on it”. In the omission
condition, these AU observations were removed from the evidence. All experimental blocks
were presented to subjects in random order.

After observing the sample viruses in each experimental block, participants were asked,
“How likely do you think it is that the chemical activates or inactivates this type of virus?” They
rated the likelihood on a scale from -100 to 100. They were told that a negative rating meant
that the chemical inactivated this type of virus; a positive rating meant that the chemical acti-
vated this type of virus; a zero rating was appropriate when they thought that there was no
causal relation between the chemical and the activation of that type of virus (see S1 Appendix
for more details). We acknowledge the possible influence that the scale may elicit either struc-
ture or strength judgments. However, in Shou and Smithson [25], we showed that subjects had
similar responses to structure judgments and strength judgments. In the current experiment,
we assumed that subjects would interpret the scale (either structure or strength) consistently.
The within-subject comparison between their responses in the AU condition and the unambig-
uous condition still indicates how they may treat AU information.

At the end of the study, subjects were asked to indicate the strategy that best described their
way to process the AU observations. They were asked to select one of the following choices:
that they (a) regarded the AU virus samples as active viruses; (b) regarded the AU virus sam-
ples as inactive viruses; (c) regarded the AU virus samples as half active viruses and half inac-
tive viruses; (d) estimated the AU observations depending on the probability of unambiguous
active viruses in the presence of the chemical; (e) estimated the AU observations depending on
a causal link between the unambiguous viruses and the chemical; or (f) ignored the AU viruses.

Data analysis. We applied beta regression analysis with Bayesian parameter estimation to
examine the effects of different factors on both the mean and variability of subjects’ causal rat-
ings [26]. The beta regression has two submodels. A location submodel models the mean and
indicates how the location of the dependent variable distribution changes as a function of the
predictors, while a precision submodel deals with the predictors of the precision and indicates
how the variability of the dependent variable changes as a function of the predictors. Because
we did not use conventional significant testing in our data analysis, we used DIC values to
determine the significance of the contribution of a factor. Analyses were performed in JAGS
(version 3.4.0). We took 4000 samples for obtaining model fitting values and parameter estima-
tion values after an initial 4000 samples. For each analysis, we selected the final model based on
ΔDIC (ΔDIC = DICmodel2 –DIC model1 is the difference between model 2 with a factor and
model 1 without that factor, indicating the DIC contribution of the factor to model 2), the con-
tribution of a factor to the model DIC [27]. ΔDIC above a value of 3 indicates a reliable contri-
bution of a factor to the model [27]. Any interaction terms which had ΔDIC value of less than
3 were not included in the final model. We reported the estimated coefficient and 95% credibil-
ity interval (95%CI) for each individual factor in either the location submodel or the precision
submodel of the beta regression model (see S2 Appendix for details).

For readers who are not familiar with Bayesian analysis, we have also included conventional
null hypothesis significance testing (NHST) results. All models were replicated by using maxi-
mum likelihood estimates (MLE). The analyses were carried out in SAS 9.4. The estimated
parameter values using the MLE method were very similar to the values obtained by Bayesian
analyses, thus we have only attached the NHST p values to each analysis.

Hypotheses
We first examined whether subjects reasoned with the unambiguous information. We hypoth-
esized that subjects’ ratings in the AU condition would not be significantly different from those
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in the omission condition if the subjects ignored the AU observations. If subjects did not ignore
the AU observations, we then examined how subjects treated the AU observations by compar-
ing the ratings in the AU condition to those in the unambiguous condition.

Our second hypothesis was that subjects’ ratings in the AU condition would not be signifi-
cantly different from those in the unambiguous condition if the subjects treated the AU obser-
vations as equally likely to have produced or not produced the effect, regardless of the
contingency. If subjects did not treat the AU observations symmetrically, we hypothesized that
the deviance between the ratings in the AU and unambiguous conditions should be in the
same direction across all three contingency conditions, and that the subjects’ causal ratings in
the AU condition should be more positive than in the unambiguous condition.

Results
Fig 1 displays the subjects’mean causal ratings in the different conditions. The ratings in the
AU condition seem to be lower than in the omission condition for the positive and zero condi-
tions, and less negative than those in the omission condition for the negative contingency con-
dition. The ratings in the AU condition appear lower than those in the unambiguous condition
for the positive condition, while being more positive than those in the omission condition for
the zero, and less negative in the negative contingency conditions. These claims and the
hypotheses are tested below.

Beta regression was conducted to examine the significance of the differences between the
various conditions. Table 2 displays the results of the final model, selected on the basis of DIC
values. There was a significant interaction between the ambiguity/omission conditions and
contingency conditions on the mean of subjects’ ratings (ΔDIC = 15).

The first hypothesis, that there would be no difference between the AU condition and the
omission condition, was rejected. The causal ratings in the omission condition were signifi-
cantly more positive than the ratings in the AU condition for the positive contingency condi-
tion (b2 = 0.43), and were slightly more positive than in the AU condition for the zero
contingency condition (b = b2 + b7 = 0.43–0.30 = 0.13). The causal ratings in the omission con-
dition were significantly more negative in the omission condition than they were in the AU
condition (b = b2 + b8 = 0.43–0.85 = -0.42).

The second hypothesis of there being no difference between the AU condition and the
unambiguous condition was also rejected. The causal ratings in the unambiguous condition
were significantly more positive than the ratings in the AU condition for the positive contin-
gency condition (b1 = 0.40), and were significantly more negative than in the AU condition for
the zero contingency condition (b = b1 + b5 = 0.40–0.81 = -0.41) and the negative contingency
condition (b = b1 + b6 = 0.40–0.76 = -0.36).

Post-hoc strategy selection. Turning to the strategies subjects might use to estimate the
AU information (see Fig 2), a majority of subjects indicated that they applied the information
in the unambiguous condition to estimate the status of the AU observations. Nearly 70% of
subjects indicated that that they applied the observed unambiguous information, including
using current causal association or the conditional probability of the virus status. In contrast,
only two subjects indicated that they ignored the AU information.

Discussion
The first hypothesis, whereby the effects of the omitted information were significantly different
from the effects of ambiguous-unknown (AU) observations on causal reasoning, was rejected,
as results indicated that subjects did not merely omit the AU observations in causal reasoning.
In addition, the post-hoc strategy classification suggests that 95% of subjects indicated that
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they applied some strategies to estimate the AU observations. Rather than applying one single
imputation method (i.e., assuming all AU observations equate active/inactive viruses), subjects
reported applying strategies reactively depending on the information available in the reasoning
context.

The second hypothesis, that subjects treated the AU observations symmetrically (i.e., treat-
ing the AU observation as equally probable for the effect to be present or absent), was also
rejected. The magnitudes of the causal ratings were significantly smaller in the AU condition
than they were in the unambiguous condition in both the positive and negative contingency

Fig 1. Mean of causal ratings in conditions in Experiment 1. Error bars are standard errors. AU is the ambiguous-unknown condition.

doi:10.1371/journal.pone.0140608.g001
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conditions, indicating that subjects perceived the causal links as weaker in the AU condition
than in the unambiguous condition. Subjects did not appear to assume that the AU observa-
tions were equally likely to be present or absent. This finding corroborates the idea that esti-
mating the probabilistic information under ambiguity is not symmetrical [28].

The final hypothesis, that subjects might tend to treat the AU observations as evidence for a
positive contingency between the cause and effect, was also rejected. We noticed that when the
direction of the causal association was not AU (i.e., in both positive and negative contingency
conditions), the perceived magnitude of causal strength reduced in comparison to that in the
unambiguous condition. As suggested by Garcia-Retamero and Rieskamp [29], people may be
more likely to treat incomplete information as negative cues when the incomplete information
is not distributed uniformly in the data. Similarly, subjects appeared to treat AU observations
as negative cues against the assumption that the chemical activated/inactivated the virus,
which resulted in a lower estimate of the causal strength. The significant differences in ratings
between the AU and unambiguous conditions across different contingency conditions suggest
that subjects treated the AU observations adaptively depending on the information available in
the reasoning context.

Experiment 2
Experiment 1 demonstrated that subjects did not merely ignore AU observations, and that they
did not treat AU observations symmetrically. Experiment 2 investigated how subjects treated
the AU information in a trial-by-trial task paradigm, in which subjects were presented with the

Table 2. Beta Regression on Causal Ratings Predicted by Evidence Types and Contingency Conditions.

Variables Parameter Coefficient SE 2.5%CI 97.5%CI p

Location Submodel

Intercept b0 1.40 0.12 1.16 1.64 < .001

Unambiguity b1 0.40 0.16 0.10 0.74 .025

Omitting b2 0.43 0.18 0.03 0.77 .020

C2 b3 -0.94 0.17 -1.04 -0.60 < .001

C3 b4 -2.77 0.17 -3.10 -2.40 < .001

Unambiguity x C2 b5 -0.81 0.22 -1.20 -0.31 .001

Unambiguity x C3 b6 -0.76 0.23 -1.29 -0.40 .002

Omitting x C2 b7 -0.30 0.25 -0.78 0.19 .230

Omitting x C3 b8 -0.90 0.23 -1.37 -0.33 < .001

Precision Submodel

Intercept d0 1.69 0.14 1.35 1.90 < .001

Unambiguity d1 0.14 0.15 -0.15 0.58 .347

Omitting d2 -0.06 0.15 -0.37 0.21 .702

C2 d3 -0.49 0.15 -0.56 0.00 .005

C3 d4 0.17 0.16 -0.13 0.47 .266

The dummy variable C2 was coded as 1 for the zero contingency condition, and 0 for the other two contingency conditions; C3 was coded as 1 for the

negative contingency condition, and 0 for the other two contingency conditions. The dummy variable Unambiguity was coded as 1 for the unambiguous

condition, and 0 for the other two conditions; Omitting was coded as 1 for the omitting condition, and 0 for the other two conditions. Parameter b are the

parameters of the variable in the location submodel, while parameter d are the parameters of the variable in the precision submodel (see S2 Appendix for

a more detailed description). A positive b value indicates that the mean of the condition coded as 1 is higher than the condition coded as 0. A positive d

value indicates that the precision of the condition coded as 1 is greater than the condition coded as 0. 2.5%CI and 97.5%CI are the lower and upper

bounds of the 95% Bayesian credibility interval.

doi:10.1371/journal.pone.0140608.t002
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observations sequentially. The sequential presentation makes greater cognitive demands on
subjects than the summary format used in Experiment 1.

We observed in Experiment 1 that subjects’ causal ratings in the unambiguous condition
generally had smaller magnitudes than in the omission condition, and generally greater magni-
tudes than in the AU condition. If treating AU observations was not influenced by cognitive
resources, then the difference between the AU and unambiguous conditions should be similar
to those observed in Experiment 1. The causal ratings in the AU condition would be less posi-
tive than those in the unambiguous condition for the positive contingency condition, and more
positive than in the unambiguous conditions for the zero and negative contingency conditions.
By contrast, if subjects were making principal-based and more cognitive demand inferences
about the AU observations in Experiment 1, we would expect the divergence between the
unambiguous and AU conditions to be reduced when the subjects lack the spare capacity to do
this additional inference.

Fig 2. Percentages of strategy selection among subjects in Experiment 1. Unambiguous: estimated the AU observations depending on the probability of
unambiguous active viruses, or the causal link between the unambiguous viruses and the chemical.Uniform: regarded the AU virus samples as equally likely
to be active or inactive viruses. Active: regarded the AU virus samples to be active viruses. Inactive: regarded the AU virus samples to be inactive viruses.
Ignore: ignored the AU samples.Others: other strategies.

doi:10.1371/journal.pone.0140608.g002
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Next, if processing AU observations requires more processing resources, WMC in simulta-
neous storage and processing may determine how well subjects maintain, process, and inte-
grate the AU observations in causal judgments. Subjects who have a lower WMCmay be more
likely to discard AU observations and more likely to have causal ratings with greater magni-
tudes in the AU condition than in the unambiguous observations.

We assessed the subjects’WMC simultaneous storage and processing capacities by adopting
twoWM tests: the n-back task and the operation span task. Both tasks have been shown to have
sound validity and reliability [20,30,31]. Both tasks also appear to capture simultaneous storage
and processing, and their overlap in the cognitive processes is also reflected in brain imaging
studies [32,33]. We hypothesized that subjects who scored lower in the twoWM tasks would be
more likely to ignore the AU observations and produce causal ratings with greater magnitudes,
whereas subjects who scored higher in the twoWM tasks would be more likely to integrate the
AU observations as negative cues which, in turn, would lead to lower causal ratings.

Method
Participants and design. A total of 72 subjects, who were first-year psychology students at

Australian National University, participated in the experiment for course credit. The experi-
ment involved a causal reasoning task and twoWM tasks. We excluded one participant who
pressed the wrong key in the WM test, and one participant who did not successfully complete
the WM tests. The remaining 70 subjects (44 females) had an average age of 21.33 years
(SD = 4.21). The causal reasoning task comprised of two ambiguity conditions (Ambiguous vs.
Unambiguous) and three levels of contingency, a total of 12 within-subject conditions. All
tasks were computer-based, and were programmed using Inquisit 4.0.

Materials. Causal reasoning task: The cover story of the task was the same as in Experi-
ment 1. Subjects were asked to evaluate the effects of a range of chemicals on certain types of
viruses. Each experimental block contained 32 pairs of stimuli which described the effects of
one type of chemical on one type of virus. Each stimulus consisted of a picture of a virus on the
right side of the screen with information indicating whether the virus had or had not been
exposed to the testing chemical. The color of the virus was either red (activated) or blue (inacti-
vated). If the virus had been exposed to the chemical, a chemical structure picture was dis-
played on the left side of the screen. If it had not been exposed to the chemical, a capitalized
text stating “NO TESTING CHEMICAL” was displayed. The paired stimuli were presented
sequentially. Each pair was shown onscreen for two seconds, followed by a blank screen for a
one-second interval.

After observing the first 16 paired results, participants were asked to make their first judg-
ment of the causal relation between the virus and the chemical. They were asked, “How likely
do you think it is that the chemical activates or inactivates this type of virus?” The then pro-
ceeded to observe the remaining 16 paired stimuli. After observing all 32 sample viruses, the
subjects rated their beliefs of the causal relations. The three blocks in each AU/unambiguous
condition section were randomly presented to subjects. The order of the AU and unambiguous
conditions was counter-balanced.

Single n-back task: The n-back test has been associated with a wide range of reasoning abil-
ities [31]. Subjects are required to hold a representation of an item in mind while tracking sti-
muli which need to be compared with the representation stored in memory. Subjects need to
actively update the representation after each match takes place. Attention, selection, inhibition,
and memory updating are all involved in the task [30].

We applied the single n-back task as developed by Jaeggi, Studer-Luethi, et al. [31]. In each
experimental trial, subjects were presented with a sequence of 20 letters. Subjects were required
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to press “A” on the keyboard when the current letter matched the one from n-steps earlier in
the sequence. We tested 1-back, 2-back, and 3-back. Subjects were given three practice trials
(one for each n-back) with feedback provided on their overall performance. After completing
the practice trials, subjects then completed nine experimental trials: three for each n-back con-
dition. The scoring of the n-back task depended on the total number of correct responses and
the number of false alarm responses (subjects pressing the button when they should not have
done so). The final score was calculated by subtracting the total number of false alarms from
the total number of hits, averaged over the nine blocks.

Operation span task: The operation span (Ospan) task requires subjects to remember a
sequence of letters while solving a range of mathematical problems. Focused attention, memory
span, and active arithmetic information processing are assessed in the task [20]. The Ospan
task has been demonstrated to have reasonable test-retest reliability, as well as good conver-
gence validity with other WMmeasures and higher order cognition tasks [20].

We used the Ospan task as developed by Unsworth, Heitz, Schrock, and Engle [34]. At the
beginning of the task, subjects were instructed to go through three practice blocks: one where
they only recalled the task, one in which they only solved a mathematical question, and a final
block in which they performed both tasks simultaneously. After completion of the practice
blocks, the experimental trials ran combining both tasks. The length of the letter sequence ran-
ged from 3 to 7 letters long. There were three trials for each of these sequence lengths, making
15 trials altogether using 75 letters in total. The final score used in later analysis was the total
number of correctly-recalled elements from trials in which all letters were recalled in correct
serial order with a simultaneous accuracy of more than 85% in solving the mathematical
problems.

Procedure. The experimental sessions were conducted in small groups. The group sizes
ranged from 5 to 12 subjects. Each subject worked individually on a computer individually. At
the beginning of the experiment, the experimenter instructed the group of subjects. For the
causal reasoning tasks, each subject was provided with a worksheet on which they could write
down their answers and notes. Subjects were allowed to write on the worksheets only after they
had observed all the stimuli in one block. Subjects first went through a self-paced practice block
in which they pressed the space bar to proceed with paired stimuli. Subjects then completed the
six experimental blocks, in which each pair of stimuli remained onscreen for two seconds
before being automatically followed by the next pair of stimuli. After completing the causal rea-
soning task, participants were required to take a 5–10 minute break. They then performed the
twoWM tasks. There was also a 5–10 minute break between each of the two WM tasks.

Results
The means, standardized deviations and correlations of the two WMmeasures are shown in
Table 3. Fig 3 displays subjects’mean causal ratings across different conditions. The pattern of
the differences in the causal ratings between the AU and unambiguous condition was similar
to the results found in Experiment 1, but with much smaller magnitudes.

The causal ratings received after the 32 observations for both the unambiguous and AU con-
ditions were analyzed using beta regressions. Results of the final model are shown in Table 4.
Ambiguity did not have a significant main effect on the mean or the precision of causal ratings
($Delta$ΔDICs $<$< 3). Ambiguity also did not have a significant interaction in the contin-
gency condition ($Delta$ΔDICs $<$< 3).

The magnitudes of causal ratings in the AU condition were not greater than those in the
unambiguous condition in any of the contingency conditions, suggesting that subjects may not
ignore AU observations even when they have limited cognitive resources.
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Regarding the hypothesis on the relationship between WMC and ambiguity, we did not find
significant interaction effects between either of the WMmeasures or the ambiguity on the
mean of causal ratings on each level of contingency. This suggests that there is no evidence that
a lower WM is associated with a greater tendency to ignore AU observations and perceive
stronger causal associations between cause and effect. However, we found a significant interac-
tion between Ospan and ambiguity on the precision of causal ratings ($Delta$ΔDIC = 7.1).
The higher Ospan scores were associated with more homogeneous causal ratings in the unam-
biguous conditions (d = d5 + (-1)� d6 = 0.09 + 0.16 = 0.25). In contrast, the positive association
between Ospan and the precision of causal ratings diminished in the AU condition (d = d5 +
(1)� d6 = 0.09–0.16 = -0.07), suggesting that there was an increase in individual differences
between subjects with a higher Ospan in the AU condition as compared to those in the unam-
biguous condition.

The effects of sample size. Finally, we examined the effects of sample size on the causal
ratings. The causal ratings after 16 and 32 observations in the unambiguous condition were
included in the analysis. Sample size did not significantly contribute to either the mean or the
dispersion of the causal ratings (ΔDICs< 3). Neither n-back nor Ospan was associated with
the mean of the causal ratings (ΔDICs< 3), but both were positively associated with the preci-
sion of the ratings (ΔDIC = 4.9 and 2.9 for contribution of n-back and Ospan, respectively).
Neither n-back nor Ospan had significant interactions with sample size in the location
submodel.

Discussion
Regarding the first hypothesis, the pattern of differences between the rating results within both
AU and unambiguous conditions, the results of Experiment 2 were similar to those of Experi-
ment 1, but with substantially smaller effect sizes and thus not significant. This difference in
results across the two experiments suggests that the way subjects integrated AU observations
could be influenced by the level of cognitive demand required during causal reasoning. Experi-
ment 1 indicated that subjects were more likely to treat AU observations as negative cues
against causal links. However, such an evaluation requires subjects to make a decision after
they have been able to appraise the causal links suggested by the unambiguous observations,
after which they can then integrate their appraisals with the unambiguous observations.

Table 3. Mean, Standard Deviations and Correlations of Working Memory Measures.

M SD Range A-Ospana T-Ospanb

Experiment 2

n-back 3.91 0.66 1.89–5.00 .33** .24*

Absolute Ospan 45.59 15.55 11–75 .92***

Total Ospan 60.59 10.19 30–75

Experiment 3

n-back 3.48 0.70 1.75–4.88 .34** .25

Absolute Ospan 27.46 10.43 4–50 .92***

Total Ospan 39.13 7.53 11–50

aA-Ospan: the absolute scoring of the Ospan task, the number of recalled items of the corrected recalled sequences.
bT-Ospan: the total scoring of the Ospan task, the total number of items recalled across all trials.

*p < .05,

**p < .01,

***p < .001

doi:10.1371/journal.pone.0140608.t003
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Experiment 2 presented subjects with causal cues sequentially, placing a substantial cognitive
demand on the subjects. Subjects were left with limited resources available for the retention
and integration of the AU stimuli in estimating causal strength. Instead of applying more cog-
nitively demanding strategies, such as summarizing the previous observations, subjects might
have been more likely to choose a simpler heuristic approach, such as treating each ambiguous
observation as equally likely to have the effect or not. A more direct test will be presented in
Experiment 3.

Fig 3. Mean causal ratings across conditions in Experiment 2. Error bars are standard errors.

doi:10.1371/journal.pone.0140608.g003
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Regarding the second hypothesis, although there was no significant interaction between
WM and ambiguity on the magnitudes of causal ratings, the association between cognitive
demand and treatment of AU observations was evident in the significant interaction between
Ospan and the effects of ambiguity on the variability of causal ratings. Subjects with a higher
Ospan had more homogenous causal ratings (i.e., more similar to each other) in the unambigu-
ous condition than those who had lower an Ospan. The greater homogeneity in causal ratings
may be a result of similar levels of evidence retention among subjects with a higher Ospan.
Meanwhile, subjects with a lower Ospan may have had a more heterogeneous evidence reten-
tion, depending on whether they selectively retained the evidence [35,36] or relied solely on the
evidence presented in the most recent trials [37]. The positive association between Ospan and
the homogeneity of ratings diminished in the AU condition, which might be a result of greater
cognitive demand when evaluating AU observations.

We did not find a significant interaction between ambiguity and n-back. One possibility is
that processing AU observations requires more computational processing, which was not
assessed in the n-back test. The n-back test applies the single task paradigm, and does not assess
divided attention, dual task processing capacity and computation, which Ospan does [20,32].
The differences in the relationship between n-back and Ospan also suggest that processing AU
observations might be a process parallel to causal reasoning, and may involve computation.

It is also interesting that subjects’ causal ratings after 16 observations were similar to their rat-
ings after 32 observations, suggesting that the sample size did not influence the causal strength
ratings. Similar results were also observed in previous studies [38,39], where the estimates of
causal strength were not sensitive to the change in observed sample sizes. The insignificant effect
of sample size in combination with the results received for the AU observations in Experiments
1 and 2 suggest that the difference between causal reasoning in the AU and unambiguous condi-
tions cannot be explained by the differences in sample size between these conditions.

Table 4. Effects of Ambiguity andWMmeasures on Causal Ratings in Experiment 2.

Variables Parameter Estimated SE 2.5%CI 97.5%CI p

Location Submodel

Intercept b0 0.16 0.04 0.09 0.24 < .001

Ambiguity b1 -0.02 0.04 -0.10 0.08 .546

C2 b2 0.12 0.05 0.02 0.22 .015

C3 b3 -0.96 0.06 -1.09 -0.85 < .001

n-back b4 0.00 0.04 -0.08 0.08 .982

Ospan b5 0.01 0.04 -0.07 0.08 .802

Precision Submodel

Intercept d0 1.84 0.06 1.70 1.96 < .001

Ambiguity d1 -0.00 0.06 -0.12 0.12 .988

C2 d2 0.20 0.09 0.02 0.38 .020

C3 d3 -0.32 0.09 -0.50 -0.14 < .001

n-back d4 0.10 0.08 -0.04 0.24 .237

Ospan d5 0.09 0.08 -0.06 0.24 .227

Ospan x Ambiguity d6 -0.16 0.07 -0.28 -0.01 .026

The dummy variable C2 was coded as 1 for the zero contingency condition, -1 for the positive condition, and 0 for the negative condition; C3 was coded

as 1 for the negative contingency condition, -1 for the positive condition, and 0 for the zero condition. The dummy variable Ambiguity was coded as 1 for

the AU condition and -1 for the unambiguous conditions.

Ospan and n-back are standardized scores.

doi:10.1371/journal.pone.0140608.t004
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Experiment 3
Experiment 2 provided evidence that the homogeneity of subjects’ ratings with AU observa-
tions may depend on their cognitive capacities. However, the limited findings regarding the
association between the twoWMmeasures and ambiguity may be due to the limited variability
of WM among college students. Experiment 3 was conducted to address the hypothesis that
the choice of strategies for evaluating AU observations depends on the availability of cognitive
resources that varies across different task formats. Experiment 3 used both task paradigms
used in Experiments 1 and 2. The summary format of presenting evidence in Experiment 1
minimized cognitive demand (we will refer to this task format as the “low cognitive demand”
format), while the trial-by-trial task in Experiment 2 required more cognitive effort to retain
and online manipulate evidence (we will refer to the trial-by-trial task format as the “high cog-
nitive demand” format).

We have discussed that one possibility for the reduced difference in the mean of the causal
ratings between the AU and unambiguous conditions in Experiment 2 resulted from the
increase in cognitive demand. We wished to test this hypothesis through a within-subject com-
parison in the current study. We hypothesized that the effects of ambiguity on causal ratings
would be moderated by cognitive demand varied across the task formats. As a higher propor-
tion of subjects would treat the AU observations as negative cues when estimating causal asso-
ciations, more so under the low cognitive demand condition than the high cognitive demand
condition, we hypothesized that (1) the difference between the means of the causal ratings in
the AU and unambiguous conditions would be greater in the low cognitive demand condition
than the high cognitive demand condition.

Based on Experiment 2, we suggested that the decline in the positive association between
Ospan and the homogeneity of causal ratings in the AU condition might be due to the
increased heterogeneity in evidence retention among subjects with a higher Ospan. If the
homogeneity of causal ratings is associated with greater cognitive capacity, then (2) subjects’
causal ratings should be more homogenous in the low cognitive demand condition than in the
high cognitive demand condition. Finally, if the presence of the AU observations can decrease
similarity in evidence retention due to increased cognitive demand, (3) subjects’ causal ratings
should be more homogenous in the unambiguous condition than in the AU condition.

We also examined the association between Ospan and the effects of ambiguity. If the dimin-
ished positive relationship between Ospan and the precision of the causal ratings in Experi-
ment 2 were due to the increased cognitive demand in the AU condition, we may observe a
similar result in Experiment 3. We hypothesized that (4) the association between the Ospan
and the causal rating precision should be more strongly positive in the low cognitive demand
condition than in the high cognitive demand condition, while the association between the
Ospan and the causal rating precision should be more strongly positive in the AU condition
than in the unambiguous condition.

Finally, one possible argument regarding the effects of ambiguity is that subjects might rea-
son about the causal relations by comparing the frequencies of different observations, rather
than by computing conditional probabilities. For example, the “outcome density effect” has
previously been reported upon, in which causal ratings increase with the more frequent occur-
rence of the cause and effect [40]. Despite self-reports to the contrary, it is possible that subjects
omitted the AU observations which resulted in a smaller number of both active and inactive
virus samples when the cause was present than when it was absent. This, in turn, would result
in a smaller magnitude of causal ratings in the AU condition. To address this, an additional
condition was included in Experiment 3, wherein subjects were presented with AU observa-
tions when the cause was absent. As shown in Table 1, if subjects estimated the causal links by
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tallying the frequency of information, we hypothesized that (5) there would be a higher abso-
lute causal strength rating in the AU condition than in the unambiguous condition.

Method
Participants and design. A total of 126 subjects (68.3% females, mean age = 19.89,

SD = 5.76) who were first-year psychology students at Australian National University partici-
pated in the experiment for course credit. Subjects were randomly assigned to one of the AU
location conditions (N = 59 for AU in absence of the cause condition [AC], and N = 67 for AU
in presence of the cause condition [PC]). Six subjects were excluded from the data analysis:
three subjects pressed the wrong key during the n-back task, two subjects attended only one
single task in Ospan, and one subject mistook the direction of the causal rating scales. The
causal reasoning task included six experimental blocks comprised of two evidence types (AU
vs. Unambiguous) by three contingency levels (Positive vs. Zero vs. Negative) of within-subject
conditions.

Materials. Causal reasoning task (High cognitive demand & Low cognitive demand):
The causal reasoning task with high cognitive demand had the same setting as the one in
Experiment 2. Subjects were presented with paired stimuli sequentially. As assessing the effect
of observational quantity on judgments was not the purpose of the current experiment, subjects
rated causal estimates only after observing all 32 paired stimuli instead of rating them after
only 16 observations. The causal reasoning task with the low cognitive demand applied the par-
adigm used in Experiment 1, in which subjects observed all evidence in one experimental block
on a single screen. Subjects observed the evidence and retained the information until the next
page, on which they rated the causal relations between the cause and the effect. The AU effect
stimuli were presented in cases where the chemical was absent for the AU in absence of the
cause condition (AC), as well as where the chemical was present for the AU in presence of the
cause condition (PC).

N-back and Ospan tasks: Experiment 2 revealed that the section of 1- to 3-back set sizes for
that select sample resulted in skewed test results, indicating that the norm of the n-back test
scores of the university students was higher than the general norm reported in previous
research which used more general test populations. To avoid this ceiling effect, Experiment 3
selected 2-back and 3-back trials only, each of which was repeated for four trials. To reduce
cognitive fatigue we reduced the total number of trials in the Ospan task to two trials for each
set size, resulting in a total Ospan score of 50 instead of 75.

Results
Effects of cognitive demand related to task formats. Fig 4 summarizes the mean causal

ratings and confidence ratings for the different conditions. Beta GLMs were first applied to
model the effects of cognitive demand related to task format, contingency, and ambiguity on
causal ratings. The final model was based on 119 subjects, as two influential cases were deleted
through cross-validation via case-wise deletion. Cognitive demand had significant main effects
on the causal ratings in both the mean and the precision submodels (ΔDIC = 18.91 and 15.11),
while ambiguity did not have significant main effects in either submodel (ΔDICs< 3). How-
ever, there was a significant interaction between ambiguity and cognitive demand on the mean
of the causal ratings ($Delta$ΔDIC = 16.58). This interaction effect was also significantly mod-
erated by the contingency levels ($Delta$ΔDIC = 19.28 for the three-way interaction effect). To
disentangle the complex interaction effects, we assessed the effects of ambiguity and cognitive
demand for each of the contingency levels.
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Positive contingency condition: Table 5 shows the results of the best model for the causal
ratings of the positive contingency condition. Both cognitive demand and ambiguity had sub-
stantial effects on the mean of the causal ratings in the positive contingency condition ($Delta
$ΔDIC = 11.53 and 11.51, respectively). The ratings of the high cognitive demand condition
were significantly lower than those of the low condition ($d$b = -0.13, $95%CI = [0.02, 0.49]
$95%CI = [-0.20, -0.07]), while the ratings in the AU condition were also significantly lower
than those of the unambiguous condition ($d$b = -0.13, $95%CI = [0.02, 0.49]$95%CI =

Fig 4. Mean causal ratings across conditions in Experiment 3. Error bars are standard errors.

doi:10.1371/journal.pone.0140608.g004
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[-0.20, -0.06]). There was an interaction between ambiguity and cognitive demand ($Delta
$ΔDIC = 5.52, b = 0.07, $95%CI = [0.02, 0.49]$95%CI = [0.01, 0.13]). In line with our first
hypothesis, the magnitude of the effect of ambiguity in the high cognitive demand condition
was significantly smaller than in the low cognitive demand condition ($b$b = -0.06 for effects
of ambiguity in the high load and $b$b = -0.20 for effects of ambiguity in the low load).

Negative contingency condition: Table 6 shows the results of the best model for the causal
ratings in the negative contingency condition. Both ambiguity and cognitive demand had sub-
stantial effects on the mean of the causal ratings ($Delta$ΔDIC = 33.45 and 26.91). The ratings
in the AU condition were significantly more positive than those in the unambiguous condition
($d$b = 0.22, $95%CI = [0.02, 0.49]$95%CI = [0.15, 0.28]), while the ratings in the high cogni-
tive demand condition were significantly more positive than those in the low cognitive demand
condition ($d$b = 0.19, $95%CI = [0.02, 0.49]$95%CI = [0.12, 0.26]). There was also a signifi-
cant interaction between ambiguity and cognitive demand ($Delta$ΔDIC = 4, b = -0.09, $95%
CI = [0.02, 0.49]$95%CI = [-0.15, -0.02]). Again, in line with the first hypothesis, the increase
in the AU condition in the high cognitive demand condition was smaller than in the low

Table 5. Effects of Ambiguity on Causal Ratings of the Positive Contingency in Experiment 3.

Variables Coefficient SE 2.5%CI 97.5%CI p

Random Intercept 0.96 0.11 0.71 1.19

Location Submodel

Intercept 1.30 0.05 1.20 1.39 < .001

Ambiguity -0.13 0.03 -0.19 -0.07 .001

Cognitive Demand -0.12 0.03 -0.18 -0.06 < .001

Ambiguity x Cognitive Demand 0.07 0.03 0.01 0.13 .003

Precision Submodel

Intercept 2.51 0.07 2.36 2.55 < .001

Ambiguity -0.07 0.06 -0.20 0.05 .764

Cognitive Demand -0.31 0.08 -0.47 -0.16 < .001

Ambiguity was coded as 1 for the AU and -1 for the unambiguous conditions. Cognitive demand was coded as 1 for the high cognitive demand and -1 for

the low cognitive demand conditions.

doi:10.1371/journal.pone.0140608.t005

Table 6. Effects of Ambiguity in Presence of the Cause on Causal Ratings of the Negative Contingency in Experiment 3.

Variables Coefficient SE 2.5%CI 97.5%CI p

Random Intercept 1.04 0.13 0.81 1.34

Location Submodel

Intercept -1.34 0.05 -1.44 -1.17 < .001

Ambiguity 0.12 0.03 0.11 0.28 < .001

Cognitive Demand 0.17 0.03 0.11 0.26 < .001

Ambiguity x Cognitive Demand -0.08 0.03 -0.15 -0.02 .023

Precision Submodel

Intercept 2.54 0.07 2.11 2.68 < .001

Ambiguity -0.10 0.07 -0.25 0.04 .159

Cognitive Demand -0.30 0.08 -0.45 -0.14 < .001

Ambiguity was coded as 1 for the AU and -1 for the unambiguous condition. Cognitive Demand was coded as 1 for the high cognitive demand and -1 for

the low conditions.

doi:10.1371/journal.pone.0140608.t006
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cognitive demand condition ($b$b = 0.13 for effects of ambiguity under the high load and $b
$b = 0.31 for effects of ambiguity under the low load).

Cognitive demand also had a substantial effect on the variability of causal ratings ($Delta
$ΔDIC = 9, respectively). The ratings were more heterogeneous in the high cognitive demand
condition than they were in the low cognitive demand condition ($Delta$d = -0.30, $95%CI =
[0.02, 0.49]$95%CI = [-0.45, -0.14]).

Zero contingency condition: Because there were a substantial number of zero values in the
zero contingency condition, we applied a mixture model to model the zero and non-zero com-
ponents simultaneously. The mixture model first recruits the binomial distribution to assess
the likelihood of a case to be in the zero versus non-zero component. It then applies the beta
distribution to model the non-zero component. The results of the final model are shown in
Table 7. Results showed that both ambiguity and cognitive demand made substantial contribu-
tions to the tendency of subjects to rate zero in the zero contingency condition ($Delta
$ΔDIC = 25.28 and 92.65, respectively). The ratings were significantly less likely to be zero in
the AU condition than they were in the unambiguous condition ($theta$θ = -0.56, 95%CI =
[-0.78, -0.66], $95%CI = [-0.94, -0.25]$odds ratio = 0.57), and also significantly less likely to be
zero in the high cognitive demand conditions than in the low cognitive demand condition
($theta$θ = -1.05, 95%CI = [-1.29, -0.81], $95%CI = [-1.57, -0.86]$odds ratio = 0.35).

There was a significant interaction between cognitive demand and ambiguity
(ΔDIC = 27.74, $theta$θ = 0.61, 95%CI = [0.37, 0.86]), as the ratings were similarly likely to be
zero in both the AU and unambiguous conditions in the high cognitive demand condition
($theta$θ = 0.05 for effects of ambiguity under the high load, and $theta$θ = -1.17 for effects of
ambiguity under the low load). Neither of the two WMmeasures nor their interactions with
ambiguity or cognitive demand made significant contributions to the model (ΔDICs< 3).
Turning to the non-zero component, cognitive demand affected the mean of the causal ratings,
whereby the ratings in the non-zero component were substantially higher in the high cognitive
demand condition than they were in the low cognitive demand condition.

Interim summary:Hypothesis 1, that the effects of ambiguity depend on the availability of
cognitive resources, was supported, as a significant interaction between ambiguity and cogni-
tive demand was found across all contingency conditions. The difference in the mean causal
ratings between the AU condition and the unambiguous AU condition was greater in the low

Table 7. Effects of Ambiguity on Causal Ratings of the Zero Contingency in Experiment 3.

Variables Coefficient SE 2.5%CI 97.5%CI p

Non-Zero Location Submodel

Intercept 0.48 0.05 0.38 0.58 < .001

Cognitive Demand 0.12 0.05 0.01 0.22 .040

Non-Zero Precision Submodel

Intercept 1.72 0.09 1.49 1.88 < .001

Ambiguity 0.20 0.08 0.05 0.37 .015

Zero Component

Intercept -0.07 0.12 -0.32 0.14 .600

Ambiguity -0.56 0.11 -0.78 -0.33 < .001

Cognitive Demand -1.05 0.12 -1.29 -0.81 < .001

Ambiguity x Cognitive Demand 0.61 0.12 0.37 0.83 < .001

Ambiguity was coded as 1 for the AU and -1 for the unambiguous conditions. Cognitive Demand was coded as 1 for the high cognitive demand and -1 for

the low cognitive demand conditions.

doi:10.1371/journal.pone.0140608.t007
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cognitive demand condition than in the high cognitive demand condition. Hypothesis 2 was
supported by the significant effect of cognitive demand on the homogeneity of causal ratings.
Subjects had substantially more homogenous causal ratings in the low cognitive demand con-
dition than they did in the high cognitive demand condition. Hypothesis 3 was partially sup-
ported, whereby subjects’ causal ratings in the AU condition were significantly more
heterogeneous than they were in the unambiguous condition in the negative contingency con-
dition. The other two hypotheses are examined in the following section.

Effects of internal capacity. To test Hypothesis 4, beta GLMs were applied to examine the
interaction effects between ambiguity, cognitive demand, and the twoWMmeasures on causal
ratings of all three contingency conditions. The best model selected via DIC values is shown in
Table 8. Higher Ospan was associated with greater homogeneity in causal ratings (d5 = 0.17).
In support of the fourth hypothesis, there was a significant interaction between Ospan and cog-
nitive demand in the precision submodel (ΔDIC = 16.0, d6 = -0.14, 95%CI = [-0.21, -0.08]).
Higher Ospan was associated with lower variability in the low cognitive demand condition (d =
d5 + (-1) � d6 = 0.17 + (-1) � (-0.14) = 0.31). The positive association diminished in the high
cognitive demand condition (d = d5 + (1) � d7 = 0.17 + (1) � (-0.14) = 0.03). However, we did
not find a significant interaction between Ospan and ambiguity (ΔDIC< 3).

Effects of AU stimuli location. A separate model was constructed to examine the effects
of the location of AU information on the causal ratings in the AU condition. The distribution
of the AU information did not have significant main effects on either the mean or the precision
of causal ratings (ΔDICs< 3). However, there was a significant interaction between contin-
gency and the distribution of ambiguity (ΔDIC = 12.03). The post hoc repeated comparison
suggests that subjects in the AC condition had substantially more positive causal ratings than
those in the PC condition for the positive contingency condition (b = 0.17, 95%CI = [0.07,
0.27]), and substantially more negative causal ratings than those in the PC condition for the
negative contingency condition (b = -0.11, 95%CI = [-0.21, -0.01]). There was no significant

Table 8. Beta Regression on Causal Ratings Predicted by Experimental Factors andWMC.

Variables Parameter Coefficient SE 2.5%CI 97.5%CI p

Location Submodel

Intercept b0 0.06 0.02 0.02 0.09 .014

C2 b1 0.18 0.03 0.15 0.24 < .001

C3 b2 -1.40 0.03 -1.46 -1.36 < .001

Cognitive Demand b3 0.09 0.02 0.05 0.10 < .001

Ambiguity b4 0.02 0.02 -0.02 0.05 .081

Precision Submodel

Intercept d0 2.24 0.04 2.16 2.31 < .001

C2 d1 0.07 0.05 0.08 0.10 .002

C3 d2 -0.05 0.05 -0.22 -0.02 .939

Ambiguity d3 -0.00 0.04 -0.07 0.07 .824

Cognitive Demand d4 -0.37 0.04 -0.31 -0.20 < .001

Ospana d5 0.17 0.04 0.10 0.24 .001

Ospan x Cognitive Demand d6 -0.14 0.04 -0.22 -0.08 < .001

The dummy variable C2 was coded 1 for the zero contingency condition, -1 for the positive condition and 0 for the negative condition. C3 was coded 1 for

the negative contingency condition, -1 for the positive condition and 0 for the zero condition. Ambiguity was coded 1 for the AU condition and -1 for the

unambiguous conditions. Cognitive Demand was coded 1 for the high cognitive demand condition and -1 for the low conditions.
aOspan is standardized.

doi:10.1371/journal.pone.0140608.t008
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difference between the two conditions in the ratings of the zero contingency conditions
(b = 0.06, 95%CI = [-0.03, 0.13]). No other significant interactions were found.

Discussion
Ambiguity had significant main effects on the mean of the causal ratings in each of the contin-
gency conditions. Consistent with the results of Experiment 1, the direction of the effects for both
positive and negative contingency conditions were opposite to those predicted by the assumption
that subjects omitted the AU observations. In support of the first hypothesis, the effects of ambi-
guity depended on the cognitive demand involved in the task. The difference between the AU
condition and the unambiguous condition was greater under the low cognitive demand condi-
tion (summary format task paradigm) than under the high cognitive demand condition (trial-by-
trial task paradigm). In addition, the results of the precision submodel suggest that the precision
of the causal ratings may be associated with the homogeneity of evidence retention (Hypothesis
2), and that the presence of AU observations decreases such homogeneity (Hypothesis 3). Evalu-
ating AU information, possibly a deliberative process, requires extra cognitive resources in addi-
tion to those used to evaluate causal relations. Subjects may process AU information adaptively
depending on their environment [41]. When time and cognitive resources were restricted, causal
reasoning with AU observations were compromised by the adoption of more heuristic strategies,
such as treating each AU observation as equally likely for the effect to be present or absent.

With regard to Hypothesis 4, we found that higher Ospan is associated with higher homoge-
neity of causal ratings in the low cognitive demand condition. The relationship diminished in
the high cognitive demand condition. In the low cognitive demand condition, subjects with
higher Ospan may have had the advantage of being able to retain more evidence while reason-
ing, with similarity in evidence retention accounting for the homogeneity in causal ratings. In
the high cognitive demand condition, the demand on memory and the online computation
may have exceeded the limit of the type of WM capacity assessed by Ospan (e.g., given the
maximum set size was seven). If so, then subjects with higher Ospan did not have a greater
advantage in evaluating the evidence at the end of each trial over those who had lower Ospan.
The interaction between Ospan and ambiguity conditions also diminished, and was not
observed in the high cognitive demand condition. It is possible that the cognitive demand in
Experiment 3 was higher than in Experiment 2 due to the removal of the stop-point after the
initial 16 observations. Subjects with higher Ospan did not have an advantage in evaluating
observations in unambiguous conditions, and they became insensitive to the increased cogni-
tive demand demanded by the AU condition.

Finally, presenting AU observations, regardless of whether the cause was present or absent,
reduced causal strength estimates when the causal directions were unambiguous resulted in a
tendency for positive ratings when the causal direction was unknown (i.e., the zero contingency
condition). This suggests that the results in Experiment 2 were not due to subjects judging
causal strength by relying on the frequency of the observations in which the effect was present.
However, we did find effects of the distribution of AU observations on causal ratings. Subjects
perceived the causal strength between the candidate cause and the effect as being stronger
when the AU observations were presented in absence of the cause. One possible explanation
for this is that the effect status in absence of the cause provided indications of the causal
strength between the background causes (the causes other than the candidate cause). The AU
observations as negative cues reduced the estimated causal strength between the background
causes and effects. This further resulted in an increase in the estimates of the causal strength of
the candidate cause, given that the probability of the effect in the presence of the candidate
cause was unchanged.
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General Discussion
The studies reported here investigated the mechanisms of causal reasoning with ambiguous
information due to partially-known observations. First, all experiments demonstrated that peo-
ple do not simply ignore ambiguous-unknown (AU) observations in causal reasoning. Experi-
ments 1 and 3 demonstrated that the effects of ambiguity on causal strength ratings differed
systematically from the effects predicted by assuming that people ignore AU evidence. Our
results suggest that the findings of Marsh and Ahn [11], that subjects might exclude AU evi-
dence when they do not have the frequency estimates of unknown stimuli. Subjects did not
imply that they excluded these stimuli when reasoning about causal associations. Observations
with incomplete information (i.e., where only the status of one variable is known) are sources
of ambiguity, and may influence estimates of probabilities [42,43] that are used for estimating
the contingency between cause and effect.

Second, we explored how limitations on cognitive resources could influence processing and
integrating AU information. We explored the impacts of external cognitive demand and inter-
nal cognitive capacities on subjects’ behaviors under ambiguity. Both Experiment 2 and Experi-
ment 3 demonstrated that the effects of ambiguity on causal ratings diminishes substantially
when external cognitive demand is high. As suggested in the previous study, processing ambi-
guity may involve evaluating probabilities related to each possible outcome as well as arithme-
tic operations [8]. The current results imply that causal reasoning with AU information could
involve deliberative processes, including the evaluation of available evidence, estimating AU
information and integrating observations in updating beliefs about causal strength.

Regarding the relationships between the twoWMmeasures and ambiguity, we found there
to be a significant interaction between Ospan and ambiguity on the variability in causal ratings
in the AU condition in Experiment 2. It is possible that subjects with higher Ospan have the
capacity to enable the process of dealing with AU observations. Greater variability in ratings
may indicate a greater variability in strategy choice.

Strategies for treating AU observations
This paper presented an investigation into the strategies subjects may adopt in processing AU
observations. In general, when the direction of the causation was unambiguous (i.e., in the pos-
itive and negative contingency conditions), subjects’ ratings regarding the strength of the causal
associations diminished when there was AU information. Garcia-Retamero and Rieskamp [2]
used a forced two-alternative-choice task and found that subjects were more likely to treat
missing cues as negative cues when these missing cues were distributed unequally across two
alternative choices. In our three experiments, the unknown observations were not equally dis-
tributed across the four types of covariation observations; (i.e., they were all distributed in the
presence of the cause, or in the absence of the cause in Experiment 3). It is possible that subjects
who treat AU observations as evidence are less likely to endorse the hypothesis that the cause
has an effect. This in turn would result in a weaker estimation of causal strength than if the AU
observations were seen as equally likely to have the effect present or absent. In the AU zero
contingency condition the deviance of causal ratings from zero, again, suggested that subjects
might not treat the AU observations as symmetrically distributed. That is, they did not perceive
the AU viruses as equally likely to be active or inactive. The general positive ratings suggest
subjects were more likely to perceive a positive association when the direction of the causation
was unknown.

However, it is unclear whether the general tendency to perceive a positive causal association
is due to one’s prior beliefs or to the nature of the evidence. A recent study conducted by John-
son and Keil [44] suggested that causal reasoning under ambiguous situations is modulated by
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the base rate of the effects in evidence, i.e., the proportion of the effect-present events out of the
total observations. The current three experiments presented a high base rate of effect in the
zero contingency condition, and it is possible that subjects dealt with the ambiguity in causal
direction relying on this base rate.

Furthermore, we found that the distribution of AU information had significant effects on
subjects’ causal ratings under the AU condition. The inequality between the probabilities when
the cause was absent versus present resulted in a perceived positive contingency between the
cause and the effect. The results show that participants were sensitive to how missing informa-
tion was distributed in an environment, and might have frequently selected a strategy respon-
sively. However, the means of the causal ratings for the zero contingency condition were
similar in the AU and unambiguous conditions when cognitive demand was high, suggesting
that subjects may have been more likely to adopt the symmetric imputation strategy when cog-
nitive resources were restricted.

Future Directions
Several questions remain to be addressed in this line of research. First, it is unclear whether
WM functions, other than simultaneous storage and processing, are contributing to processing
ambiguous observations. Recent theories of WM regard it as a multifaceted construct
[20,21,22], which comprise of a range of domain-generic executive functions. The unique WM
functions involved in Ospan independent from n-back also include divided attention. The role
of divided attention control in evaluating ambiguous stimuli may inform the relationship
between ambiguity processing and causal reasoning. An association between divided attention
and causal reasoning under ambiguity suggests that processing ambiguous observations can
occur parallel to the process of causal reasoning. Future studies may include tasks that sepa-
rately measure divided attention (e.g., reading span task) and computation [21].

It is also still unclear whether the choice of strategy in processing ambiguous observations is
associated with WMC or cognitive resources. Studies in developmental psychology suggest that
the strategies selected by children when assessing ambiguous observations may depend on the
extent that the children acknowledge the possible states or alternative hypotheses of the obser-
vations [45,46]. The capacity for holding and evaluating multiple hypotheses, therefore, can
also influence strategy selection. If the selection of a strategy depends on WMC, this may be
due to strategies differing in their cognitive demands. Subjects may adaptively choose a strategy
depending on the available cognitive resources. On the other hand, if the strategy is indepen-
dent of cognitive capacity, the treatment of ambiguous observations may be a result of individ-
ual differences such as ambiguity aversion or seeking.

The higher dispersion of causal ratings among subjects with higher Ospan may also be due
to factors relating to individual differences other than cognitive processes. Pushkarskaya et al.
[8] observed that the activation of the inferior parietal lobe is moderated by individual differ-
ences in the tolerance of ambiguity. Pushkarskaya et al. [8] found that subjects who were more
ambiguity averse had a greater activation in the face of ambiguity than those who were less
ambiguity averse. They suggested that subjects who were more ambiguity averse were more
likely to employ deliberative processing when presented with ambiguous stimuli. Future study
may integrate individual difference assessments such as the ambiguity-probability tradeoff task
[47] and ambiguity tolerance scale [48] to better understand the mechanisms of ambiguity pro-
cessing in causal reasoning.

There is also some evidence that the format of presentation of causal evidence may influence
the underlying causal inferences, and that the summary format may enhance the detection of
contingency in data [49]. It is possible that the way in which subjects process ambiguous
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information may also be influenced by the task formats in addition to the cognitive demand.
Future studies may manipulate cognitive load by adding a second task to the summary format
to better understand how cognitive demand can influence ambiguity processing.

Finally, we note that in this paper we have investigated only one way of inducing ambiguity:
through the absence of information. Ambiguity has been operationalized in a variety of ways
throughout psychology, ranging from bi-stable visual stimuli to probability intervals. Likewise,
there are several ways of presenting causal evidence, including verbal descriptions as well as
numeric information about frequencies or conditional probabilities [49]. Future studies may
investigate alternative methods for inducing ambiguity in cause-effect information, such as
through multifarious descriptions or vague probabilities, to extend our understanding of causal
reasoning under ambiguity.
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