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Abstract—Providing decision makers with more information is
often expected to result in more informed and superior decisions.
This is especially true when leveraging artificial intelligence (AI)
to explore and find complex patterns in vast amounts of data.
Although AI can enable an “information advantage,” truly intelli-
gent systems should buffer scarce human cognitive resources from
information overload and be well adapted to the environment in
which they are deployed. Paradoxically, some practitioners have
conflated AI’s information processing superiority with a contradic-
tory decision-support goal: to provide human decision makers with
more, higher quality, or more novel courses of action, regardless
of context, than they could generate without AI. In this article, I
review the evidence examining the costs and benefits of providing
decision makers with more or less choice and identify the factors
that moderate the relationship between the amount of choice and
decision effectiveness. Although providing more information and
choice increases confidence and certainty in one’s decision, it can
make decision making more difficult, decrease satisfaction, and
result in poorer decision outcomes. The research indicates that
such negative effects are influenced by the level of entropy and
variety provided and can be reduced with increased familiarity but
are further compounded when decisions are increasingly effort-
ful, difficult, or complex. The review concludes with guidance on
how designers might leverage knowledge of choice overload and
associated moderator effects to create more adaptive and effective
decision support systems.

Index Terms—Artificial intelligence (AI), choice, complexity,
decision making, decision superiority, decision support, difficulty,
effort, entropy, familiarity, information, overload, uncertainty,
variety.

I. INTRODUCTION

A DEEPLY rooted view in modern society is that more
information equates to more informed decision making,

which, in turn, leads to better decisions [1], [2]. Some have
argued that decision makers should consider all available infor-
mation unless they can demonstrate that information is undoubt-
edly irrelevant and does not impact the decision outcome (i.e.,
principle of total evidence) [3]. These views are consistent with
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the rational perspective that more information is better than less
when operating under conditions of certainty, unless the cost of
obtaining information outweighs its value [4].

From a technological standpoint, this rational perspective has
manifested itself in the deployment of more sensors, collection
of more data, and the development of more technologies that
promise to translate data into more useful information and better
decisions. Today, artificial intelligence (AI) methods, such as
machine learning (ML), are highly effective and disproportion-
ately more efficient than humans at exploring vast amounts of
data and finding complex, multifactorial, and/or nonlinear sta-
tistical relationships within that data [5]. The logical conclusion,
one could argue, is that the cost of obtaining more information
in many instances may no longer outweigh its value.

Recent U.S. policy on decision advantage exemplifies this
technologically-oriented rational perspective [6], [7], [8]. This
concept is built on the premise of technologically-enabled infor-
mation superiority, that is, coordinated access to and better use
of an uninterrupted and more voluminous data flow, to which
an adversary’s access is limited [9], [10]. Although most would
agree that high technology can enable an information advantage
(compared to those who do not have access to similar capabili-
ties), one of the founders of AI and Nobel Laureate, H. A. Simon
[11], described the purpose of any intelligent system as one that
also “buffers … the scarcity of human attention … from the over
rich information in which it swims” (p. 44) and is well adapted to
the environment in which it is deployed. Paradoxically, some AI
engineers have conflated AI’s superiority in processing volumi-
nous data with a pragmatic yet contradictory goal: To generate
more, higher quality, or more novel courses of action (COAs),
irrespective of context in which they are generated, than humans
could generate without AI [12] (also see [13]). Although some
designers of decision support systems are guided by a domain
culture concerned with information overload,1 many express a
preference for providing more AI-enabled choice with the belief
that this will improve decision outcomes. Designers often justify
these preferences based on the assumptions that: 1) AI generated
options are of higher quality than those generated without AI;

1Information or cognitive load refers to a finite, yet not necessarily fixed, set
of available cognitive resources required to process and assimilate information
during any given unit of time. Exceeding these limits (i.e., information overload)
typically results in a tradeoff in the ability to process the available information
and/or perform related tasks, ultimately, resulting in a negative effect on asso-
ciated performance [15] (also see [113]).
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2) providing more options reduces the uncertainty inherent in
complex decisions; or 3) providing more choice promotes the
exploration of otherwise overlooked alternatives [13]. These
preferences and assumptions are echoed by practitioners, for
instance, military leaders discussing human–machine teaming
requirements for multidomain operations [14].

Consistent with the belief that more choice is better, research
indicates that people prefer more choice (and information) for
many reasons: it increases confidence in one’s decision and
certainty about decision accuracy [15], [16], [17], increases
perceived freedom of choice [18] and choice flexibility [19], and
increases enjoyment in the decision making process [20]. More-
over, having more information supports post hoc justification of
a decision better than having less, which facilitates defensive
decision making [21]. Yet a preference for more choice does not
necessarily result in better decisions. An important question to
ask, therefore, is: what is the value of providing human decision
makers with more, technologically-supported choice? This is
especially pertinent if one assumes that AI is better equipped
than humans to identify important relationships and/or present
novel options without incurring additional cost to the decision
maker.

In contrast to rational arguments and human preferences for
more information, numerous researchers have demonstrated that
humans can make effective decisions without access to all of the
available information or by ignoring some of it when available
[22], [23]. While some have shown that more information or
choice can have negative consequences for decision quality, e.g.,
[24], others have shown that less complex models can perform
at least as well as information-heavy complex models under
conditions of uncertainty [2], [25]. The common message is
that, in some situations, less is more. Although many of the
studies reviewed below examined relatively simple decisions
compared to those made in high-consequence domains (e.g.,
military decision making), the research indicates that the in-
creased complexity, difficulty, or uncertainty associated with
high-consequence domains only compound the observed effects.

In this article, I review the scientific evidence across a range
of disciplines, domains, and contexts on the effects of providing
decision makers with more or less information or choice. In
Section II, I review research examining the information and
choice overload2 effects and their impacts on decision making.
This section is divided into six sections: First, as a prelude to
the choice overload effect, I examine the effect of providing
more or less information to decision makers in Section II-A.
Then I highlight how subjectivity in the model development
process impacts the amount of choice presented to decision
makers in Section II-B. Then, in Section II-C, I review the
potential costs and benefits of providing decision makers with
more or less choice, and highlight the factors that moderate
choice overload in Section II-D. In Section II-E, I review the
effect of providing more information or choice on uncertainty,
and in Section II-F, I examine how perceived variety and entropy

2The choice overload effect refers to the negative process-related attitudes and
outcome-based behaviors, such as experiencing difficulties in making decisions
and being less satisfied with the choices made, when presented with extensive
or too much choice [54], [55].

influence the relationship between the amount of choice and
decision effectiveness. In Section III, I provide guidance on
how designers and developers might leverage this research and
knowledge of these empirical effects to create more adaptive
and effective decision support systems. Section IV concludes
this article.

II. HOW MUCH INFORMATION OR CHOICE SHOULD BE

PROVIDED TO DECISION MAKERS?

A. Information Overload Effect

In many situations, access to minimal essential information
is better than having no information, which can lead to negative
consequences or poor outcomes [15]. However, providing more
information may be useful only up until a point. Thereafter,
it may have diminishing returns [15], [26], [27]. Too much
information—referred to as the information overload effect—
can result in negative outcomes, including increased information
search costs and reduced decision accuracy [15], [16], [21], [28].

Numerous studies have documented these effects. In a classic
study, Jacoby et al. [15] presented university students with 2, 4,
or 6 pieces of information about multiple retail brands, and asked
them to select the one that most closely approximated their ideal
brand. Their data showed an inverted-U relationship between the
ability to select the best brand and the amount of information
considered: Worse decisions were made with the least (8 pieces)
or most (74 pieces) information, whereas the best decisions were
made with a moderate amount (e.g., 24–48 pieces) (for similar
effects in accounting, see [29]). These authors also observed
an information by choice interaction effect (for a discussion
of Choice Overload, see Section II-C). When participants were
presented with four brands to choose from, they made better
decisions when given more compared to less information about
each brand. But when presented with 12 brands, decision making
was generally poor irrespective of the amount of information
provided. In general, when minimum information was coupled
with minimal choice, or maximum information was coupled
with maximum choice, decision making suffered. In contrast,
decision making was best when the effects of providing more
information about each choice were considerably dampened by
fewer choices.

Despite demonstrating a decrease in decision quality with
more information (or choice), participants in the Jacoby et al.
[15] study were more certain that they had made the best choice
when given more information. Slovic [17] observed a similar
increase in certainty with more compared to less information,
without any improvement in actual decision quality. Expert
horse-race handicappers were asked to identify 5, 10, 20, or
40 variables (from a list of 88 variables describing a horse’s
past performance) they would use to handicap a race if access to
all information was limited. Handicappers subsequently judged
40 horse races. As the number of variables they considered
increased from 5 to 40, decision confidence increased. However,
judgment accuracy remained unchanged and judgments became
more inconsistent. The smaller variable sets (e.g., 5, 10) meant
handicappers made their decisions with fewer cues that, on aver-
age, were more predictive. However, their increased confidence
with more variables suggests that they expected the additional
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information to have some, if not more, predictive value. This
expectation is consistent with the finding that more confident
decision makers prefer more information [30].

A study on command-and-control decision making in a simu-
lated fire chief decision making task further examined the effect
of using additional information that was relevant to the task at
hand [31]. Experienced fire fighter commanders were tasked
with deploying resources to control the spread of fire. Varying
degrees of information (i.e., incomplete versus detailed) was
provided under a range of constraints (i.e., more/less reliabil-
ity, more/less control over resource deployment, and in/ability
to communicate with subordinates). When additional relevant
information was made available (i.e., landscape features, wind
details, fire warnings), commanders were compelled to use it
and seek it when not available. While consistent with prior work
showing that information seeking increases decision confidence
[32], [33], the desire to use or seek additional relevant informa-
tion proved costly. Participants saved significantly more assets
when less information was available or sought, even when it was
highly relevant to the task (also see [24]). Similar information
seeking costs have been shown in other domains. For instance,
in a spatial prediction task, Wickens et al. [34] demonstrated
that although participants could identify better deals (i.e., when
information was more useful), they were biased toward obtaining
more information even when its cost exceeded its expected
value. In a related study, Shields [35] observed an inverted-U
relationship between judgment accuracy and the amount of
information extracted from a report used to judge organizational
performance. Beyond a moderate amount of information, ex-
tracting additional relevant information impeded accuracy.

Collectively, this research indicates that decision making
effectiveness increases in a curvilinear manner with more in-
formation. After a moderate amount of information, decision
makers may confound the feelings (e.g., confidence, certainty)
associated with receiving (or seeking out) more information
with the ability to make a good decision and overlook in-
formation search costs, negative return, and related overload
effects. Several authors [2], [21], [36] have conjectured that
more information is likely to be beneficial in situations where
an optimal COA can be calculated: when uncertainty is low,
the environment is stable, and when judgment requires only
few risk factors to be estimated. Under these conditions, they
argued that large amounts of data or information are likely to
be enormously helpful for estimating risk and consequences
and determining optimal choice. However, these authors argued
that optimization may not be possible when uncertainty is high.
Section II-B highlights how subjective processes in decision
model development can impact the amount of choice provided
to decision makers.

B. Subjectivity in Decision Modeling and Its Effect on Choice

One of the primary purposes of decision support systems is to
increase the accuracy of human decisions, in part, by easing the
cognitive burden on decision makers when decisions are diffi-
cult, complex, or unfamiliar. Decision support systems are often
perceived as objective, especially when enabled by AI or ML.
This may be due to their highly quantitative and computational

nature, which can increase confidence in the accuracy of their
decisions. However, many ostensibly objective processes are
based on subjective assumptions or decisions that can influence
the amount of choice provided to decision makers.

In AI recommender systems, for instance, the approach de-
veloped to score, rank order, and select potential options is
typically based on the developer’s specific goals or objectives.
Different objectives or associated scoring functions could result
in different recommendations, reprioritization of options, or an
increase or decrease in the final number of options provided
[37]. Likewise, in reinforcement learning, decision options are
generated and rank ordered based on the probability of maxi-
mizing reward. However, rather than rewarded behaviors being
determined empirically, they are usually based on subjective
preferences for specific behaviors and subjective assumptions
about how they should be measured [38]. If different rewards
are maximized or measured differently, different options may
be generated [39]. In unsupervised learning methods, such
as K-means clustering, different similarity metrics (e.g., Eu-
clidean distance, cosine, correlation)—used to determine cluster
quality—can result in different values of K being optimal [40],
[41]. Although the value of K can be optimized statistically,
subsequent validation of generated clusters with subject-matter
experts has given little consideration to the (mis)match between
the model and expert’s bases for categorization, how experience
or context might influence that judgment, or the extent to which
experts may disagree [42], [43], [44].

Arguably, the greatest impact of human subjectivity on the
number of decision options generated is on cut-off placement.
That is, once a rank-ordered list of options has been generated,
where do developers draw the line (i.e., under the top-3, -7,
or -n)? At present, the basis for specifying this threshold or
modifying it under different conditions is largely based on sub-
jective choices made in model development. In some instances,
such as principal components analysis—an unsupervised ML
technique—a statistical norm is used to determine the threshold
for selecting components (i.e., Kaiser–Guttman rule: Retain
components with eigenvalues greater than one) [45], [46], [47].
This common practice is preferred despite the acceptance of
multiple other objective cut-off methods that could change the
number of components (e.g., scree test; minimum average partial
method; parallel analysis). A primary determinant of which
method is implemented is not the objectivity or suitability of
each one but rather the default setting within the modeling
software being used [48], [49].

These are just a handful of examples of the subjective factors
that can impact the amount of choice provided to decision
makers. Counter to Peirce’s [50] recommendation to base such
decisions on science, many decisions are based on subjective
developer preferences for presenting more or less options or
domain cultures with different values (e.g., fewer COAs [51]
versus more alternatives/exploration [52]). In Section II-C, I
examine the assumption that more choice is better.

C. Effects of Too Much Choice on Decision Making

Much like too much information, which often results in
negative outcomes (e.g., increased information search costs and
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reduced decision accuracy), too much choice often results in
decision-making difficulties and reduced satisfaction with a
choice. Paradoxically, however, people enjoy or are attracted
to more extensive choice [53]. The negative process-related
attitudes and outcome-based behaviors associated with too much
choice have been termed the choice overload effect [54], [55].

A meta-analysis of 50 experiments found that choice overload
effects were sometimes but not always observed, and con-
cluded that there was no reliable choice overload effect (d =
0.02) [54]. However, considerable heterogeneity was reported
in this data (I2 = 68%), indicating that the absence of a choice
overload effect could be explained by unidentified moderators.
In a subsequent meta-analysis examining 99 choice overload
experiments (including 78% of the 55 observations analyzed in
[54]), Chernev et al. [55] found a significant and negative choice
overload effect in studies without a moderator and a significant
moderating effect of four variables on choice overload. The
influence of these moderators is discussed below. First, I describe
the typical effects of providing more or less choice.

In a seminal series of studies on consumer and student de-
cision making, Iyengar and Lepper [20] provided grocery store
customers with either a limited (n = 6) or extensive (n = 24)
choice of flavors of jam. Although visitors were more attracted
to the more extensive display, significantly more people made
a purchase when given limited (30%) compared to extensive
choice (3%). In a follow-on experiment, participants given a
more extensive choice of chocolates (i.e., 30) enjoyed the selec-
tion process more. But, compared to those given less choice (i.e.,
6), they also felt they were given too many options, found the
choice more difficult, and were more frustrated and less satisfied
with their choice.

Several researchers have examined whether similar effects are
observed in more consequential tasks. For instance, Iyengar et
al. [56] analyzed thousands of employee records across multiple
industries to examine the effect of choice on 401(k) retirement
plan participation. They demonstrated that employee participa-
tion in any retirement plan reduced when given too much choice.
For instance, plan participation reduced from 75% when two
funds were offered to around 60% with 59 plans (also see [57]).
Likewise, Johnson et al. [58] investigated whether presenting
decision makers with more or less health plans impacted the
quality of plan choice for themselves, a partner, and a child, af-
ter considering copayments, yearly premiums, deductibles, and
out-of-pocket expenses. When provided with four (compared to
eight) plans, participants chose the best plan more often (42%
compared to 21%) and, on average, incurred lower choice costs
(i.e., ∼$200 compared to ∼$250 overpayment).

In a related study, Schram and Sonnemans [59] simulated the
choice between more or less health care plans and examined the
plan choice and the cost of switching given changes in health
risk profiles over time. When provided with four (compared
to ten) health plans, participants were more likely to choose
the optimum plan. Although those given more choice digested
more information in total than those given less, they considered
a smaller proportion of the available information. More choice
led to higher search costs, longer decision times, an increased
likelihood of switching between plans (when there was no

switching cost) but a decreased likelihood of switching to a
better plan (for similar effects, see [60]). Similar effects have
been observed in other medical contexts. For instance, when
physicians were presented with a more extensive choice of drugs
that could be prescribed to their patients, they were less likely to
prescribe any of them compared to when given less choice [61],
[62].

Two studies of abstract decision-making suggest that the
choice overload effect may also depend on how stringently de-
cision effectiveness is defined (e.g., optimal versus near-optimal
versus good enough) [63], [64]. As in previous studies, providing
more choice reduced the likelihood of selecting the optimal or
a near-optimal option (i.e., within 10% of optimal). However,
participants’ ability to select a good-enough option (i.e., in the
top 25%) increased from 46% with 4 options to 66% with 8
options and remained relatively stable with 12 options [64]. This
apparent contradiction—worse optimal but better good-enough
option selection—was explained by participants’ use of more
appropriate heuristic methods that reduce the cognitive effort
associated with a decision. With 4 options, participants relied on
a tallying heuristic (i.e., count the number of cues favoring each
option), whereas with 8–12 options, they used lexicographic
(i.e., prioritize options based on the most important attribute) and
undominated heuristics (i.e., eliminate least desirable options)
that work better under uncertainty.

Although decision support systems are not designed to leave
human decision makers to their own devices, the observed neg-
ative impact of too much choice on decision outcomes mirrors
the findings on option generation, where participants have to
generate their own options without assistance. For instance,
Johnson and Raab [65] asked intermediate-level handball play-
ers to generate conceivable COAs and then choose the best one
after viewing excerpts from handball games. Decision makers
generated relatively few options and generated better options
first. Consistent with the choice overload effect, as the number
of generated options increased, the likelihood of selecting the
best option decreased (for similar results, see [66]). In a similar
study, Ward, et al. [67] asked skilled and novice soccer players
to make decisions about their opponents’—rather than their
own—COAs. As in the previous study, relatively few options
were generated with better options first. This time, decision
effectiveness declined as the number of bad options generated
increased. These results have been replicated under various
constraints (e.g., with/out time-pressure) and in other complex
domains (e.g., [68], [69], [70], [71]).

Much like information overload, the research on choice over-
load demonstrates that people are attracted to more choice.
But more choice increases decision making difficulty and re-
duces satisfaction. More importantly, it leads to poorer decision
outcomes on average in both abstract and real-world decision
making tasks, including greater search costs, longer decision
times, worse and more costly decisions, and a decreased likeli-
hood of switching to better options. However, some evidence
suggests that while decision effectiveness generally declines
with more information, people can continue to satisfice (i.e.,
make a good-enough choice) when they use ecologically fit and
effort-reducing cognitive heuristics. In Section II-D, I highlight
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the constraints that moderate the relationship between amount
of choice and the associated overload effects.

D. Moderators of the Choice Overload Effect

Meta-analytic research has identified several moderators of
the relationship between the number of options and choice
overload effects. For instance, Scheibehenne et al. [54] identified
two significant moderators. First, they showed that, for those
studies using consumption quantity as the dependent variable,
more choice resulted in greater consumption. Consuming more,
however, is not a useful proxy for effective decision making
and is more analogous to searching for more information than
choosing a good option [31], [35], [59], [72].

Scheibehenne et al. [54] also showed that when more options
were presented to participants who were proficient or familiar
with the decision, or who had a strong preference for more
options, they were more satisfied with their choice or more
likely to make a choice. Chernev et al.’s [55] first moderator,
preference uncertainty, exemplified this effect. Negative effects
were greater when preference uncertainty was high, such as
when decision makers did not have a meaningful basis for
making a decision (i.e., limited expertise, knowledge, or cri-
teria for making choice, or did not have a strong preference).
This resulted in greater switching, more choice deferral, poorer
option selection, and decreased satisfaction (Mean Cohen’s
d = 0.4 approx.3) (see also [73]; for similar effects, see [25]).
However, the choice overload effect largely disappeared or was
reversed (Mean Cohen’s d = −0.2 approx.) when preference
uncertainty was low [55]. That is, more rather than less choice
was facilitative when expertise, task familiarity, or preference
for a large choice set size was high.

Chernev et al.’s [55] analysis also demonstrated that more
choice coupled with more complex choice sets resulted in more
negative overload effects (Mean Cohen’s d = 0.2 approx.). The
complexity moderator captured the contextual factors associ-
ated with the value-based relationships between options. When
provided with more choice but without a dominant or attractive
option, when options were not complementary, or their attributes
easily aligned, decisions were more likely to be deferred or were
less effective. However, when complexity was low, the effect
was reversed (Mean Cohen’s d = −0.9 approx.). These data
are consistent with the claim that less is more as the level of
complexity increases [2], [36].

Decision difficulty also moderated the choice overload effect
[55]. When more choice was provided under more severe time
constraints, with more attributes per option, or with greater levels
of accountability, the result was a greater likelihood of deferring
the choice, poorer option selection, decreased satisfaction, or
increased regret (Mean Cohen’s d= 0.5 approx.) [55]. However,
when decision difficulty was low, the trend was reversed (Mean
Cohen’s d = −0.2 approx.). These findings are consistent with
those who have shown how the number of options interacts with
or is mediated by task-related difficulty factors, such as time
pressure (e.g., [74], [75], [76]).

3Mean Cohen’s d was estimated from [55, Fig. 3a–3d].

Finally, more cognitively effortful goals, such as buying rather
than browsing or choosing a specific option rather than a partic-
ular choice set, moderated the choice overload effect [55]. The
choice overload effect was greatest with more effortful decision
goals. However, more rather than less choice was preferred
when decisions were less effortful (Mean Cohen’s d = −1.6
approx.). Although this effect was considerably tempered with
more effortful decisions, more choice was still favored (Mean
Cohen’s d = −0.6 approx.) (see also [26], [73], [77]). The
negative impacts of increased information processing demands
are consistent with the claim that a reduction in choice may
be facilitative when decisions impose considerable burden on
limited cognitive capacity (e.g., [2]). Since the amount of effort
imposed is highly contingent on one’s level of proficiency, these
effects may be offset by preference uncertainty or option famil-
iarity when individuals have the necessary expertise to make a
meaningful choice [78].

While this section provides empirical and meta-analytic in-
sights into some of the factors known to moderate the relation-
ship between the amount of choice provided and choice overload
effects, this list is unlikely to be exhaustive. For instance, a range
of factors that have been shown to impact decision making more
generally may also affect this relationship, including the level
of risk posed, the criticality of the impending decision, the need
to be adaptive and/or resilient, or the trust one may have in the
decision support system. To the best of our knowledge, however,
research has not explicitly or directly examined the moderating
influence of such variables on the relationship between the
number of options and choice overload. In the next two sections,
I examine the effect of increased uncertainty and variety on
choice overload.

E. Effect of More Information or Choice on Uncertainty

Many modern-day work contexts and decisions are character-
ized by varying degrees of uncertainty. A popular misconception
is that more information or choice may reduce uncertainty [13].
On face value, this is consistent with a preference for more
information and the illusion of certainty that conveys [15], [16],
[17]. It is also consistent with reasons why people delay their
decision making until receiving more information or choice.
That is, more information or choice increases a decision maker’s
perception they are choosing from the full spectrum of possible
options, including the best option [79]. However, providing more
or all possible options is not equivalent to reducing uncertainty.

Van Herpen and Pieters [80] argued that decision makers
make worse choices when those choices are high in information-
theoretic entropy, which is a function of the information con-
veyed by an option (i.e., the number of bits4) and the level of
uncertainty associated with each option (measured by its known
probability [p]) [81]. In uncertain situations, for instance, when
decision options are equally likely, entropy or the amount of
information conveyed (i.e., the degree of uncertainty) increases
logarithmically with the number of equally probable options

4A bit (binary logarithm) is a typical unit of measurement but others have
been used to measure entropy. In simple terms, bits can be thought of as the
number of binary choices needed to obtain certainty given an n-sized choice set.
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presented. In contrast, when armed with the knowledge that
some options are more likely than others (e.g., four options
with p = 0.5, 0.25, 0.15, 0.1, respectively) compared to the
same number of equally likely options (e.g., four options each
with p = 0.25), inherently, there is less uncertainty and less
information conveyed in the unequal probability choice set
(i.e., 1.74 bits compared to 2 bits in the case of four options,
equal probability set). In sum, when options are equally likely,
adding more options increases uncertainty. The extent to which
uncertainty increases with each option can be dampened by
making additional options more or less likely or, for instance, by
increasing or decreasing the number or probability of attributes
for any given option.

Numerous studies have demonstrated information and choice
overload effects on decision outcomes in entropy terms. For
example, Lurie [76] asked undergraduate students to choose the
best calculator from 18 or 27 different options within a 2-min
time period. Entropy was manipulated by providing ratings of
each calculator on seven different attributes (e.g., versatility,
ease of use, battery life) whose probability was either evenly
or unevenly distributed. The probability of choosing the best
option reduced from 0.96 when presented with less choice with
an uneven attribute distribution (i.e., where entropy was lowest;
36.28 bits) to 0.65 when given more choice with an even at-
tribute distribution (i.e., where entropy was highest; 52.75 bits).
Moreover, their analyses showed that entropy mediated the rela-
tionship between the number of alternatives and choice quality.
That is, when more choice contained less information (measured
in terms of entropy), the quality of choice was better than when
presented with fewer choices containing more information.

In a subsequent simulation study, Lurie [76] examined the
interactive effects of choice set size and entropy on choice
quality under two time-pressure conditions. Their results showed
that as entropy increased (either by providing more attributes or a
more even probability distribution), decision quality decreased.
However, they also showed that this relationship was mediated
by the decision strategy used and the amount of information
processing or mental effort involved. The level of effort required
(which increased as entropy increased) to make a choice under
normal conditions (i.e., without time pressure) mediated the
relationship between the number of options and decision quality
under time pressure.

Using a variation of Lurie’s [76] simulation, Fasolo et al. [82]
examined whether similar effects would be observed in a more
naturalistic context. They simulated decision making in large
and small grocery stores and found that decision making strate-
gies were substantially more effortful in the large store—where
choice was more extensive, and entropy was high—compared to
the small store—where choice was limited and entropy was low.
In addition, they found that when customers chose a product with
few competing brands, lower effort strategies used in the small
store typically led to more accurate decisions compared to when
making a choice in a large store. Even when choosing from a
product with more competing brands, low effort strategies used
in the small store resulted in comparable levels of accuracy to
those used in the larger store. Only when choosing from very
large product categories with an extensive range of competing

brands, the strategies employed in the small stores typically
result in lower levels of accuracy than more effortful strategies
used in large stores.

Collectively, this research suggests that more choice or infor-
mation increases rather than decreases uncertainty. Additionally,
entropy mediates the relationship between the number of options
and decision effectiveness. That is, the negative effects resulting
from too much choice can be explained, at least in part, by the
higher level of entropy in the choice provided. Since cognitive ef-
fort has typically been shown to increase when entropy increases,
these effects may be explained by the moderating effect of task
effortfulness [55]. That is, effort may moderate the relationship
between choice and decision because of the mediating effect of
entropy.

It is worth noting that in each of the aforementioned studies,
entropy was increased or decreased by changing the probabilities
of events, options, or attributes. However, in many real-world,
high-consequence domains, such probabilities may be unknown
or even unknowable, which may increase uncertainty, and further
compound the negative effects of more information or choice.
In Section II-F, I examine the related issue of how more choice,
with more or less entropy, impacts variety.

F. Effect of Variety on Choice Overload

One argument for providing decision makers with more
AI-enabled options is that it may add more novel options to
the option set; options the decision maker would not or could
not generate themselves. More novel options could provide an
opportunity to explore new parts of the option space and/or
facilitate useful contrast between alternative options [19], [83].
Rather than being based on the number of novel options pre-
sented, the ability to compare options or choose the best one is
partially determined by the variety of choice provided (i.e., the
dis/similarity between options) and the degree to which a choice
can be justified [84], [85], [86]. When options differ markedly
on some utilitarian attribute, decision makers find it easier to
decide [82], [87]. In contrast, when attractive options become
increasingly similar, the ability to differentiate between them
and to justify one’s choice becomes more difficult and can result
in deferred choice [87].

Structural aspects of the choice set, including the number of
options, level of entropy, and choice set organization, have been
shown to influence perceived variety [80], [88], [89]. However,
differing perspectives exist on what constitutes variety. For
instance, Hoch et al. [88] proposed a product- or option-based
approach in which variety is viewed as a function of the dissimi-
larity between pairs of options, often measured as the number of
attributes on which they differ (i.e., Hamming measure). Option
pairs with more attributes that differ from each other are consid-
ered more varied. Using a related option-based measure, Hwang
and Lin [28] conducted a meta-analysis of 31 experiments to
examine the effect of presenting varied information (i.e., the
number of different measures of financial performance provided
for each option) on predictions about whether a company would
go bankrupt. When variety was defined in option-based terms,
prediction accuracy was significantly lower when participants
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received more (Mean = 0.672) compared to less varied choice
(Mean = 0.767).

In contrast, Van Herpen and Pieters [80] proposed an attribute-
based approach in which variety is a function of the entropy
conveyed by options and attributes (i.e., described as dispersion)
and the degree to which attributes are dissimilar (i.e., described
as dissociation, measured as 1- Lambda). From this perspec-
tive, an option set is considered more varied when dispersion
and dissociation are greater. The authors presented participants
with either 8 or 16 products, each with either less (i.e., evenly
distributed; high entropy) or more dispersed (i.e., unevenly dis-
tributed, low entropy) attributes, and with either a high, partial,
or low level of attribute dissociation. Their results indicated
that option-based measures (e.g., Hamming measure) were poor
predictors of perceived variety (i.e., 3.4% variance explained),
albeit were highly correlated with the number of options
(r = 0.99). Attribute-based measures (i.e., dispersion, dissocia-
tion), on the other hand, were much stronger predictors of variety
(i.e., 62.5% variance explained). Dispersion and dissociation
were only moderately correlated with the number of options
(r = 0.55, 0.48, respectively) and were not correlated with each
other (r = 0.06), indicating that each one captured a unique
aspect of variety.

In a study examining the structural aspects of variety, Kahn
and Wansink [89] demonstrated that the level of entropy and
organization of options (i.e., in a way that makes their variety
more perceptible) moderated the relationship between actual va-
riety and perceived variety. They demonstrated that perceptions
of variety increased more so when attributes were unevenly
(i.e., dispersed; low entropy) rather than evenly distributed,
and when options were presented in an organized compared to
disorganized manner. In other words, when cues were available
that made variety more apparent (i.e., more organized, unevenly
distributed), desired behaviors increased. Unfortunately, these
studies did not examine the effect of perceived variety on de-
cision effectiveness. However, the research examining entropy
effects suggests that decisions are less effective when more
choice is accompanied with higher entropy.

The decision difficulty and choice complexity moderators
identified by Chernev et al. [55] capture several elements of the
structural aspects of choice associated with variety. For instance,
components of decision difficulty (e.g., number of attributes
per option, presentation format) have been used as measures
of variety, entropy, or organization (e.g., [88], [89]). Similarly,
components of choice complexity (e.g., attribute alignment,
option complementarity) have been used as measures of en-
tropy or dissociation [80]. Hence, the moderating effects of
task difficulty and choice complexity may further be explained,
at least in part, by the aforementioned influence of structural
aspects of choice [72], [76], [82], [89]. That is, the negative
effects of more choice are compounded by increased difficulty
or complexity when there is no attempt to dampen these effects
by decreasing entropy, increasing organization, or dissociating
attributes.

In sum, the research on variety of choice indicates that struc-
tural information can be used to increase perceptible variety and
moderate choice overload effects. These findings are consistent

with a range of cognitive science research, which suggests that
structural, functional, and conceptual dissimilarities between
options (not just their similarities) provide useful opportunities
for sensemaking, comparison, and evaluation, and can encour-
age decision makers to restructure their own thinking or change
their perspective, which can lead to a better solution [90], [91],
[92], [93], [94]. Without structure, increasing the amount of
choice or information as a means to add variety will likely have
unintended and undesirable effects (e.g., [28]).

III. GUIDANCE FOR AI-ENABLED DECISION SUPPORT

What does this research mean for developers of decision
support systems? While AI may be an integral component of
an advanced information superiority strategy, intelligent tech-
nologies should also buffer humans from information or choice
overload and adapt the amount of choice based on the contextual
constraints [11]. Although some have argued that the need for
information superiority may increase as the complexity of the
environment and scope of the mission challenge increases [95],
[96], it is precisely these conditions where less is more. A design
principle based on “the more information the better” ([11], p.
44)—which is often reflected in a decision maker’s preference
for receiving, and an engineer’s preference for providing more
choice—is likely to negate the potentially beneficial effects of
AI-enabled decision support. Counterintuitively, the empirical
evidence reviewed in this article indicates that developers should
heed Simon’s [11] warning—that human “attention is scarce
and must be preserved” (p. 44)—by erring toward providing
less rather than more choice to human decision makers, except
when the context suggests otherwise. Table I summarizes advice,
derived from the current review of the state-of-the-science, about
when and how much choice should be provided to decision
makers during decision support under a range of constraints.

To instantiate this advice, at least one question remains: How
much, exactly, is less, more, or the right amount of choice?
Anecdotally, some designers have used Miller’s [97] limits of
short-term memory (i.e., 7+/−2) as a guide to the amount of
choice to provide [13]. However, this estimate is based on the
cognitive limits associated with passive storage in human mem-
ory rather than active processing of that information. Others have
proposed more conservative estimates of human working mem-
ory limits that take both information storage and processing into
account (e.g., 4+/−1; [98]). Whether intentional or otherwise,
Chernev et al.’s [55] meta-analysis indicates that researchers
who investigated the effect of providing less versus more choice
on decision making used similar estimates in the “less choice”
conditions (∼6+/2 options), especially in those studies that
explicitly examined difficult or complex decisions (∼4+/−2) or
examined the effect of choice on decision outcomes (∼3+/−1).

Although these numbers are consistent with estimates of
working memory limits, Miller and Cowan’s estimates are only
directly applicable to certain types of situations: tasks that are
entirely mental (e.g., where there is no opportunity to use exter-
nal memory aids to offload cognitive work; cf., [99]) or tasks that
are novel or unfamiliar (cf., [100]). Effective decision support
systems, by definition, provide external support and so, in most
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TABLE I
ADVICE FOR PROVIDING MORE OR LESS CHOICE VIA DECISION SUPPORT

situations, decision makers can circumvent these cognitive limits
through intuitive or ecological design [1], [101], [102].

Further, in situations that are not novel or unfamiliar (e.g.,
where the information or choices are meaningful), the size of
a unit of information is largely determined by one’s level of
proficiency and decision-related knowledge. Hence, decision

makers routinely circumvent the working memory limits via
alternative cognitive mechanisms developed with expertise (e.g.,
long-term working memory, retrieval structures) [78], [103],
[104]. In sum, these limits provide a quantitative guide but are
highly context-dependent and are relevant to only a subset of
situations (e.g., low familiarity or proficiency, high effort) [54],
[55].

The fact that these limits can be circumvented with effec-
tive mechanisms should not be considered a license to provide
more skilled decision makers with ever increasing amounts of
choice. Despite the general advice provided in Table I that
more choice may be beneficial when familiarity is high but
uncertainty, complexity, and difficulty are low, generating more
options has been shown to negatively affect expert performance
in complex and dynamic tasks, and when skilled decisions are
based on intuition (e.g., perceptually automated motor actions
or recognition-primed decisions) [65], [67], [69], [105]. The
decision to exceed these limits should be context dependent
and deliberate, such as to make situational complexity visible,
or to encourage exploration, divergent thinking, or a shift in
perspective [106]. For instance, more exploration may provide
a better picture of the risk distribution across the option space
or help decision makers anticipate future surprises or flexibly
shift between options as conditions change [19], [107]. How-
ever, research suggests that a better mechanism for increasing
complexity visibility or promoting exploration and comparison
between options is to increase variety (and reduce entropy) by
manipulating the informational structure of choices rather than
to provide more choice or information (see Table I) [11], [21],
[80], [106], [107].

Using parsimony as a guide (i.e., as simple as possible to
explain the phenomena in question rather than the simplest pos-
sible explanation), one way to address the “how much?” question
is to state the answer in general, albeit context-dependent terms:
just enough choice to allow the current goal to be achieved under
the current constraints without oversimplification. A growing
body of research on ecological rationality suggests that under
uncertainty where anomaly, surprise, and complexity are the
norm, simpler decision strategies that rely on relatively few
information cues and minimal choice may be as effective as
more complex strategies that rely on large amounts of data.
For instance, in an often cited example, DeMiguel et al. [108]
demonstrated that, in the uncertain world of financial invest-
ing, 14 different complex optimal asset allocation models (e.g.,
sample-based mean-variance, minimum-variance, and Bayesian
models) performed no better than a statistical model based
on a simple investing heuristic that needs no data (i.e., 1/N:
divide assets equally across investments) (for other examples,
see [109]). In contrast, in well-defined, stable and more certain
environments where the future rarely deviates from the past,
more historical information is likely to be of much greater utility
in predicting future behavior (also see [2], [25]).

The advice presented in Table I is based on the current state
of the science summarized in this review of empirical and
meta-analytic research. As a result, advice is absent on how
the relationship between the number of options and decision
outcomes is moderated by other equally important factors. For
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instance, research has not explicitly or directly examined the
moderating influence of the level of risk posed, the criticality
of the impending decision, the need to be agile, innovative,
and/or resilient, or the trust one may have in the decision support
system. Future research should prioritize examination of these
and related effects. For instance, although trust may increase
with greater freedom of choice and increased confidence gained
from more choice or information, especially when it is more
relevant or reliable, the concomitant degradation in decision
making from overwhelming amounts of information may erode
that trust (e.g., [110], [111]).

IV. CONCLUSION

In summary, research suggests that, on average, decision
makers find more choice (and information) more attractive, are
often more confident in their decision making, and more certain
in the accuracy of their decisions compared to when receiving
less choice. Given human preferences, such as the desire for
more information or choice, or the subjective decisions made
throughout the model development process, it is easy to see
why some decision support systems engineers may err toward
providing more choice. However, research also indicates that,
on average, more choice results in more difficult decisions, less
choice satisfaction in hindsight, and poorer decision outcomes.
These effects are mediated by the level of entropy contained
within a choice and can be mitigated by the amount of perceptible
variety provided.

Previous meta-analytic research questioned the reliability of
choice overload effects [54]. However, subsequent meta-analytic
research demonstrated that this observed heterogeneity can be
explained by moderators of these effects [55]. This research
showed that the negative effects of more choice can be reduced
when participants are in a position to make a meaningful de-
cision. In contrast, negative effects are typically compounded
when decisions are more effortful, and when both decision com-
plexity and difficulty are increased. These findings are consistent
with the observation that “less is more” when uncertainty is high
and suggests that more choice should be limited to conditions
where complexity, difficulty, entropy, and/or cognitive burden
are low, or when familiarity is high. Always favoring less choice
or information irrespective of the circumstances may bias de-
cision makers toward a narrow, oversimplified, and potentially
inaccurate view of the decision space. Likewise, always favoring
more choice or information irrespective of the circumstances
may result in more variable, inferior, or more effortful decision
making, especially in information-rich, uncertain environments
(e.g., [109], [112]). Hence, to support the goal of decision supe-
riority, developers of decision support systems should consider
the impacts of more or less choice on decision effectiveness and
the contextual factors that influence that relationship.

More research is needed on the moderating and mediating ef-
fects of other critical features of adaptive decision making, such
as innovation, resilience, perceived risk, and trust. Likewise,
more research is needed on the effect of more or less choice
on the kinds of decisions typical of decision making in very

complex and uncertain environments (cf., compound, concur-
rent, and interactive option generation versus discrete option
selection/forced choice). Such research would provide valuable
insight into the question of whether more or less choice during
AI-enabled and other technologically aided decision support is
better.

ACKNOWLEDGMENT

Paul Ward’s affiliation with The MITRE Corporation is pro-
vided for identification purposes only, and is not intended to
convey or imply MITRE’s concurrence with, or support for,
the positions, opinions, or viewpoints expressed by the author.
Approved for Public Release; Distribution Unlimited. Public
Release Case Number 22-3324.

REFERENCES

[1] G. Gigerenzer, Gut Feelings: The Intelligence of the Unconscious. Lon-
don, U.K.: Penguin Books, 2007.

[2] R. Hertwig and P. Todd, “More is not always better: The benefit of
cognitive limits,” in Thinking: Psychological perspectives on Reason-
ing, Judgment and Decision Making. Hoboken, NJ, USA: Wiley, 2003,
pp. 213–231.

[3] R. Carnap, “On the application of inductive logic,” Philosophy Phe-
nomenological Res., vol. 8, no. 1, pp. 133–148, 1947.

[4] J. G. Stigler, “The economics of information,” J. Polit. Econ., vol. 69,
no. 3, pp. 213–225, 1961.

[5] OECD, Artificial Intelligence in Society. Paris, France: OECD Publish-
ing, 2019.

[6] U. S. Joint Chiefs of Staff, “Joint concept for operating in the information
environment,” U.S. Chiefs of Staff, Washington, DC, USA, 2018.

[7] U.S. Department of Defense, “Strategy for operations in the information
environment,” U.S. Dept. Defense, Washington, DC, USA, 2016.

[8] U.S. Department of Defense, “Summary of the 2018 national defense
strategy of the United States of America: Sharpening the American
military’s competitive edge,” U.S. Dept. Defense, Washington, DC, USA,
2018.

[9] J. A. S. Ardis and S. D. Keene, Maintaining Information Dominance
in Complex Environments. Carlisle Barracks, PA, USA: U.S. Army War
College Press, 2018.

[10] C. Paul, “Understanding and pursuing information advantage,” in The
Cyber Defense Review (July 27). Fort Gordon, GA, USA: Army Cyber
Institute, 2020, pp. 109–123.

[11] H. A. Simon, “Designing organizations in an information-rich world,” in
Computers, Communications, and the Public Interest, M. Greenberger,
Ed. Baltimore, MD, USA: Johns Hopkin Press, 1971, pp. 37–72.

[12] M. Rodriguez, “Decision science innovation area strategy,” The MITRE
corporation, McLean, VA, USA, 2020.

[13] P. Ward, “AI-enabled decision support and the Goldilocks’ choice prin-
ciple: When is more or less choice ‘just right’?,” MITRE Corporation,
McLean, VA, USA, MITRE Tech. Rep. MTR210453, 2001.

[14] P. Ward, “Human-machine teaming requirements for JADC2,” MITRE
Corporation, McLean, VA, USA, 2022.

[15] J. Jacoby, D. E. Speller, and C. A. Kohn, “Brand choice behavior as a
function of information load,” J. Marketing Res., vol. 11, no. 1, pp. 63–69,
1974.

[16] J. Jacoby, D. E. Speller, and C. K. Berning, “Brand choice behavior as
a function of information load: Replication and extension,” J. Consum.
Res., vol. 2, no. 1, pp. 33–42, 1974.

[17] P. Slovic, “Behavioral problems of adhering to a decision policy,” in
Proc. Inst. Quantitative Res. Finance Conf., 1973. [Online]. Available:
https://scholarsbank.uoregon.edu/xmlui/bitstream/handle/1794/23607/928.
pdf?sequence=3&isAllowed=y

[18] B. E. Kahn, W. L. Moore, and R. Glazer, “Experiments in constrained
choice,” J. Consum. Res., vol. 14, pp. 96–113, 1987.

[19] B. E. Kahn and D. R. Lehmann, “Modeling choice among assortments,”
J. Retailing, vol. 67, pp. 274–299, 1991.

[20] S. S. Iyengar and M. R. Lepper, “When choice is demotivating: Can one
desire too much of a good thing?,” J. Pers. Social Psychol., vol. 79, no. 6,
pp. 995–1006, 2000.

https://scholarsbank.uoregon.edu/xmlui/bitstream/handle/1794/23607/928.pdf?sequence=3&isAllowed=y
https://scholarsbank.uoregon.edu/xmlui/bitstream/handle/1794/23607/928.pdf?sequence=3&isAllowed=y


790 IEEE TRANSACTIONS ON HUMAN-MACHINE SYSTEMS, VOL. 53, NO. 4, AUGUST 2023

[21] G. Gigerenzer, “Axiomatic rationality and ecological rationality,” Syn-
these, vol. 198, pp. 3547–3564, 2021.

[22] H. A. Simon, Models of Bounded Rationality. Volume 1: Economic and
Public Policy. Cambridge, MA, USA: MIT Press, 1983.

[23] G. Gigerenzer and R. Selten, Eds., Bounded Rationality: The Adaptive
Toolbox. Cambridge, MA, USA: MIT Press, 2001.

[24] R. M. Hogarth, “On ignoring scientific evidence: The bumpy road to
enlightenment,” 2006. [Online]. Available: https://ssrn.com/abstract=
1002512

[25] D. G. Goldstein and G. Gigerenzer, “Models of ecological rationality: The
recognition heuristic,” Psychol. Rev., vol. 109, no. 1, pp. 75–90, 2002.

[26] A. Chernev and R. Hamilton, “Assortment size and option attractiveness
in consumer choice among retailers,” J. Marketing Res., vol. 46, no. 3,
pp. 410–420, 2009.

[27] H. Oppewal and K. Koelemeijer, “More choice is better: Effects of
assortment size and composition on assortment evaluation,” Int. J. Res.
Marketing, vol. 22, pp. 45–60, 2005.

[28] M. I. Hwang and J. W. Lin, “Information dimension, information over-
load, and decision quality,” J. Inf. Sci., vol. 25, no. 3, pp. 213–218,
1998.

[29] E. G. Chewning and A. M. Harrell, “The effect of information load on
decision makers’ cue utilization levels and decision quality in a financial
distress decision task,” Accounting, Org. Soc., vol. 15, no. 6, pp. 527–542,
1990.

[30] A. E. Reed, J. A. Mikels, and C. E. Lockenhoff, “Choosing with confi-
dence: Self-efficacy and preferences for choice,” Judgment Decis. Mak.,
vol. 7, no. 2, pp. 173–180, 2012.

[31] M. M. Omodei, J. McLennan, G. C. Elliott, A. J. Wearing, and J. M.
Clancy, “More is better? A bias toward overuse of resources in naturalistic
decision-making settings,” in Proc. How Professionals Make Decisions,
2005, pp. 29–40.

[32] N. Harvey and F. Bolger, “Collecting information: Optimizing outcomes,
screening options, or facilitating discrimination,” Quart. J. Exp. Psychol.,
vol. 54A, pp. 269–301, 2001.

[33] N. Herdener, C. D. Wickens, B. A. Clegg, and C. A. P. Smith, “Overconfi-
dence in projecting uncertain spatial trajectories,” Hum. Factors, vol. 58,
no. 6, pp. 899–914, 2016.

[34] C. D. Wickens, C. Smith, B. A. Clegg, and N. Herdener, “Paying a price
for information: Non-optimal decision making and preference for infor-
mation over expected value outcomes,” in Proc. Hum. Factors Ergonom.
Soc. Annu. Meeting, 2019, pp. 1394–1398.

[35] M. D. Shields, “Effects of information supply and demand on judgment
accuracy: Evidence from corporate managers,” Accounting Rev., vol. 58,
pp. 285–203, 1983.

[36] G. Gigerenzer, Risk Savvy: How to Make Good Decisions. London, U.K.:
Penguin Books, 2014.

[37] V. N. Gadepally, B. J. Hancock, K. B. Greenfield, J. P. Campbell, W. M.
Campbell, and A. I. Reuther, “Recommender systems for the department
of defense and intelligence community,” Lincoln Lab. J., vol. 22, no. 1,
pp. 74–89, 2016.

[38] A. Y. Ng and S. J. Russell, “Algorithms for inverse reinforcement learn-
ing,” in Proc. 17th Int. Conf. Mach. Learn., 2000, vol. 1, p. 2. [Online].
Available: https://ai.stanford.edu/∼ang/papers/icml00-irl.pdf

[39] J. D. Sorg, “The optimal reward problem: Designing effective reward for
bounded agents,” Ph.D. dissertation, Dept. Comput. Sci. Eng., Univ. of
Michigan, Ann Arbor, MI, USA, 2011.

[40] A. Saxena et al., “A review of clustering techniques and developments,”
Neurocomputing, vol. 67, pp. 664–681, 2017.

[41] D. Xu and Y. Tian, “A comprehensive survey of clustering algorithms,”
Ann. Data Sci., vol. 2, no. 2, pp. 165–193, 2015.

[42] M. Halkidi, Y. Batistakis, and M. Vazirgiannis, “On clustering validation
techniques,” J. Intell. Inf. Syst., vol. 17, no. 2/3, pp. 107–145, 2001.

[43] J. Han, M. Kamber, and J. Pei, Data Mining: Concepts and Techniques.
New York, NY, USA: Elsevier, 2012.

[44] G. Klein, B. Schneiderman, R. R. Hoffman, and K. Ford, “Why expertise
matters: A response to the challenges,” IEEE Intell. Syst., vol. 32, no. 6,
pp. 67–73, Nov./Dec. 2017.

[45] L. Guttman, “Some necessary conditions for common factor analysis,”
Psychometrika, vol. 19, pp. 149–161, 1954.

[46] H. F. Kaiser, “The application of electronic computers to factor analysis,”
Educ. Psychol. Meas., vol. 20, pp. 141–151, 1960.

[47] H. F. Kaiser, “A second generation little Jiffy,” Psychometrika, vol. 35,
pp. 401–417, 1970.

[48] P. Wilson and C. Cooper, “Finding the magic number,” Psychologist,
vol. 21, no. 10, pp. 866–867, 2008.

[49] W. R. Zwick and W. F. Velicer, “Comparison of five rules for determining
the number of components to retain,” Psychol. Bull., vol. 99, pp. 432–442,
1986.

[50] C. Peirce, “The fixation of belief,” Popular Sci. Monthly, vol. 12,
pp. 1–15, 1877.

[51] U.S. Army, “Military decision making process (MDMP): Lessons and
best practices (No. 15-06, March 2015),” U.S. Army Center for Army
Lessons Learned, Fort Leavenworth, KS, USA, 2015.

[52] R. Heuer, Psychology of Intelligence Analysis. Washington, DC, USA:
Center for the study of intelligence, 1999.

[53] B. Schwartz, The Paradox of Choice: Why More is Less. New York, NY,
USA: Harper Collins, 2004.

[54] B. Scheibehenne, R. Greifeneder, and P. M. Todd, “Can there ever be too
many options? A meta-analytic review of choice overload,” J. Consum.
Res., vol. 37, pp. 409–425, 2010.

[55] A. Chernev, U. Böckenholt, and J. Goodman, “Choice overload: A
conceptual review and meta-analysis,” J. Consum. Psychol., vol. 2,
pp. 333–358, 2015.

[56] S. S. Iyengar, G. Huberman, and W. Jiang, “How much choice is too
much? Contributions to 401(k) retirement plans,” in Pension Design and
Structure: New Lessons From Behavioral Finance. London, U.K.: Oxford
Univ. Press, 2004, pp. 83–95.

[57] J. R. Agnew and L. R. Szykman, “Asset allocation and information
overload: The influence of information display, asset choice and investor
experience,” J. Behav. Finance, vol. 6, no. 2, pp. 57–70, 2005.

[58] E. J. Johnson, R. Hassin, T. Baker, A. T. Bajger, and G. Treuer, “Can
consumers make affordable care affordable? The value of choice archi-
tecture,” PLoS One, vol. 8, no. 12, 2013, Art. no. e81521.

[59] A. Schram and J. Sonnemans, “How individuals choose health insurance:
An experimental analysis,” Eur. Econ. Rev., vol. 55, no. 6, pp. 799–819,
2011.

[60] J. D. Ketcham, C. Lucarelli, and C. A. Powers, “Paying attention or paying
too much in medicare part D,” Amer. Econ. Rev., vol. 105, pp. 204–233,
2015.

[61] D. A. Redelmeier and E. Shafir, “Medical decision making in situations
that offer multiple alternatives,” J. Amer. Med. Assoc., vol. 273, no. 4,
pp. 302–305, 1995.

[62] T. E. Roswarski and M. D. Murray, “Supervision of students may protect
academic physicians from cognitive bias: A study of decision-making and
multiple treatment alternatives in medicine,” Med. Decis. Mak., vol. 26,
no. 2, pp. 154–161, 2006.

[63] T. Besedesš, C. Deck, S. Sarangi, and M. Shor, “Age effects and heuristics
in decision making,” Rev. Econ. Statist., vol. 94, no. 2, pp. 580–595, 2012.

[64] T. Besedesš, C. Deck, S. Sarangi, and M. Shor, “Decision-making strate-
gies and performance among seniors,” J. Econ. Behav. Org., vol. 81,
pp. 524–533, 2012.

[65] J. G. Johnson and M. Raab, “Take the first: Option-generation and
resulting choices,” Organizational Behav. Hum. Decis. Processes, vol. 91,
pp. 215–229, 2003.

[66] M. Raab and J. G. Johnson, “Expertise-based differences in search and op-
tion generation strategies,” J. Exp. Psychol.: Appl., vol. 13, pp. 158–170,
2007.

[67] P. Ward, K. A. Ericsson, and A. M. Williams, “Complex perceptual-
cognitive expertise in a simulated task environment,” J. Cogn. Eng. Decis.
Mak., vol. 7, pp. 231–254, 2013.

[68] G. A. Klein and K. J. Peio, “Use of a prediction paradigm to evaluate
proficient decision making,” Amer. J. Psychol., vol. 102, pp. 321–331,
1989.

[69] G. A. Klein, S. Wolf, L. Militello, and C. Zsambok, “Characteristics of
skilled option generation in chess,” Organizational Behav. Hum. Decis.
Processes, vol. 62, pp. 63–69, 1995.

[70] J. Suss and P. Ward, “Revealing perceptual–cognitive expertise in
law enforcement: An iterative approach using verbal-report, temporal-
occlusion, and option-generation methods,” Cogn., Technol., Work,
vol. 20, no. 4, pp. 585–596, 2018.

[71] P. Ward, J. Suss, D. W. Eccles, A. M. Williams, and K. R. Harris,
“Skill-based differences in option generation in a complex task: A ver-
bal protocol analysis,” Cogn. Process., Int. Quart. Cogn. Sci., vol. 12,
pp. 289–300, 2011.

[72] D. Bollen, B. P. Knijnenburg, M. C. Willemsen, and M. Graus, “Under-
standing choice overload in recommender systems,” in Proc. 4th ACM
Conf. Recommender Syst., 2010, pp. 63–70.

[73] A. Chernev, “When more is less and less is more: The role of ideal point
availability and assortment in consumer choice,” J. Consum. Res., vol. 30,
pp. 170–183, 2003.

https://ssrn.com/abstract=1002512
https://ssrn.com/abstract=1002512
https://ai.stanford.edu/ang/papers/icml00-irl.pdf


WARD: CHOICE, UNCERTAINTY, AND DECISION SUPERIORITY: IS LESS AI-ENABLED DECISION SUPPORT MORE? 791

[74] G. A. Haynes, “Testing the boundaries of the choice overload phe-
nomenon: The effect of number of options and time pressure on decision
difficulty and satisfaction,” Psychol. Marketing, vol. 26, pp. 204–212,
2009.

[75] Y. Inbar, S. Botti, and K. Hanko, “Decision speed and choice regret: When
haste feels like waste,” J. Exp. Social Psychol., vol. 47, pp. 533–540,
2011.

[76] N. H. Lurie, “Decision making in information-rich environments: The
role of information structure,” J. Consum. Res., vol. 30, pp. 473–486,
2004.

[77] A. Chernev, “Product assortment and individual decision processes,” J.
Pers. Social Psychol., vol. 85, pp. 151–162, 2003.

[78] P. Ward, J. M. Schraagen, J. Gore, and E. Roth, Oxford Handbook of
Expertise. London, U.K.: Oxford Univ. Press, 2020.

[79] E. A. Greenleaf and D. R. Lehmann, “Reasons for substantial delay in
consumer decision making,” J. Consum. Res., vol. 22, pp. 186–199, 1995.

[80] E. Van Herpen and R. Pieters, “The variety of an assortment: An ex-
tension to the attribute-based approach,” Marketing Sci., vol. 21, no. 3,
pp. 331–341, 2002.

[81] C. E. Shannon, “A mathematical theory of communication,” Bell Syst.
Tech. J., vol. 27, no. 3, pp. 379–423, 1948.

[82] B. Fasolo, R. Hertwig, M. Huber, and M. Ludwig, “Size, entropy, and
density: What is the difference that makes the difference between small
and large real-world assortments?,” Psychol. Marketing, vol. 26, no. 3,
pp. 254–279, 2009.

[83] D. M. Kreps, “A representation theorem for preference for flexibility,”
Econometrica, vol. 47, pp. 565–577, 1979.

[84] E. Shafir, I. Simonson, and A. Tversky, “Reason-based choice,” Cogni-
tion, vol. 49, no. 1/2, pp. 11–36, 1993.

[85] I. Simonson, “Choice based on reasons: The case of attraction and
compromise effects source,” J. Consum. Res., vol. 16, pp. 158–174, 1989.

[86] I. Simonson, “The influence of anticipating regret and responsibility on
purchase decisions,” J. Consum. Res., vol. 19, pp. 105–118, 1992.

[87] A. Sela, J. A. Berger, and L. Wiu, “Variety, vice, and virtue: How
assortment size influences option choice,” J. Consum. Res., vol. 35, no. 6,
pp. 941–951, 2009.

[88] S. J. Hoch, E. T. Bradlow, and B. Wansink, “The variety of an assortment,”
Marketing Sci., vol. 18, pp. 527–546, 1999.

[89] B. E. Kahn and B. Wansink, “The influence of assortment structure on
perceived variety and consumption qualities,” J. Consum. Res., vol. 30,
no. 4, pp. 519–533, 2004.

[90] K. Duncker, “On problem-solving (L. S. Lees, Trans.),” Psychol. Mono-
graphs, vol. 58, no. 5, pp. 1–113, 1935.

[91] C. A. Kaplan and H. A. Simon, “In search of insight,” Cogn. Psychol.,
vol. 22, no. 3, pp. 374–419, 1970.

[92] G. Klein, J. K. Phillips, E. L. Rall, and D. A. Peluso, “A data-frame
theory of sensemaking,” in Proc. Expertise Out Context, 6th Int. Conf.
Naturalistic Decis. Mak., 2007, pp. 113–155.

[93] R. J. Spiro et al., “Cognitive flexibility theory and the accelerated de-
velopment of adaptive readiness and adaptive response to novelty,” in
Oxford Handbook of Expertise. London, U.K., Oxford Univ. Press, 2020,
pp. 951–976.

[94] D. D. Wickens, R. E. Dalezman, and F. T. Eggemeier, “Multiple encodings
of word attributes in memory,” Memory Cogn., vol. 4, pp. 307–310, 1976.

[95] B. Johnson, “Artificial intelligence: An enabler of naval tactical decision
superiority,” AI Mag., vol. 40, pp. 63–78, 2019.

[96] B. Johnson, “Predictive analytics in the naval maritime domain,” in Proc.
AAAI Symp. 2nd Workshop Deep Models Artif. Intell. Defense Appl.,
Potentials, Theories, Practices, Tools, Risks, 2020, pp. 69–77.

[97] G. A. Miller, “The magical number seven, plus or minus two: Some limits
on our capacity for processing information,” Psychol. Rev., vol. 63, no. 2,
pp. 81–97, 1956.

[98] N. Cowan, “The magical number 4 in short-term memory: A reconsider-
ation of mental storage capacity,” Behav. Brain Sci., vol. 1, pp. 87–114,
2001.

[99] E. Hutchins, “How a cockpit remembers its speed,” Cogn. Sci., vol. 19,
pp. 265–288, 1995.

[100] H. A. Simon and W. G. Chase, “Skill in chess,” Amer. Scientist, vol. 61,
pp. 394–403, 1973.

[101] C. M. Burns and J. R. Hajdukiewicz, Ecological Interface Design. Boca
Raton, FL, USA: CRC Press, 2004.

[102] D. Norman, “Cognition in the head and in the world: An introduction to
the special issue on situated action,” Cogn. Sci., vol. 17, no. 1, pp. 1–6,
1993.

[103] K. A. Ericsson and P. Ward, “Capturing the naturally-occurring superior
performance of experts in the laboratory: Toward a science of expert and
exceptional performance,” Curr. Directions Psychol. Sci., vol. 16, no. 6,
pp. 346–350, 2007.

[104] R. R. Hoffman, P. Ward, P. J. Feltovich, L. DiBello, S. M. Fiore, and
D. Andrews, Accelerated Expertise: Training for High Proficiency in a
Complex World. London, U.K.: Psychology Press, 2014.

[105] S. Beilock and T. H. Carr, “On the fragility of skilled performance: What
governs choking under pressure?,” J. Exp. Psychol., Gen., vol. 130, no. 4,
pp. 701–725, 2001.

[106] E. Hollnagel and D. D. Woods, Joint Cognitive Systems: Foundations
of Cognitive Systems Engineering. Boca Raton, FL, USA: CRC Press,
2005.

[107] P. Ward, J. Gore, R. Hutton, G. Conway, and R. R. Hoffman, “Adaptive
skill as the conditio sine qua non of expertise,” J. Appl. Res. Memory
Cogn., vol. 7, no. 1, pp. 35–50, 2018.

[108] V. DeMiguel, L. Garlappi, and R. Uppal, “Optimal versus naive diversi-
fication: How inefficient is the 1/N portfolio strategy?,” Rev. Financial
Stud., vol. 22, no. 5, pp. 1915–1953, 2009.

[109] K. V. Konstantinos, Ö. Simsek, M. Buckmann, and G. Gigerenzer,
Classification in the Wild: The Science and Art of Transparent Decision
Making. Cambridge, MA, USA: MIT Press, 2020.

[110] J. Y. C. Chen, S. G. Lakhmani, K. Stowers, A. R. Selkowitz, J. L.
Wright, and M. Barnes, “Situation awareness-based agent transparency
and human-autonomy teaming effectiveness,” Theor. Issues Ergonom.
Sci., vol. 19, no. 3, pp. 259–282, 2018.

[111] H. Yu, Z. Shen, C. Miao, C. Leung, V. R. Lesser, and Q. Yang, “Building
ethics into artificial intelligence,” in Proc. 27th Int. Joint Conf. Artif.
Intell., 2018, pp. 5527–5533.

[112] H. Brighton and G. Gigerenzer, “The bias bias,” J. Bus. Res., vol. 68,
pp. 1772–1784, 2015.

[113] D. Kahneman. Attention and Effort. Englewood Cliffs, NJ, USA:
Prentice-Hall, 1973.

Paul Ward received the Ph.D. degree in applied experimental psychology from
Liverpool John Moores University, Liverpool, U.K., in 2002. Between 2002–
2006, he was a Postdoctoral Research Associate of human factors psychology
and applied cognitive science with the University of Central Florida, Orlando,
FL, USA and Florida State University, Tallahassee, FL, USA, respectively.

From 2006 to 2019, he held various faculty appointments in U.K. and USA,
with the last six years as a Full Professor of applied cognitive science. He is
currently the Chief Scientist with Social and Behavioral Sciences Department,
The MITRE Corporation, McLean, VA, USA, and an Adjunct Professor of
applied cognitive science with Michigan Technological University, Houghton,
MI, USA. He has authored or coauthored three books, including The Oxford
Handbook of Expertise (Oxford University Press, 2020) and Accelerated Exper-
tise (Psychology Press, 2014), and has written more than 200 scientific papers
and book chapters on related topics. His research interests include expertise
and skilled adaptation to real-world complexity and uncertainty, augmenting
and enhancing decision making and sensemaking in human-machine systems,
and issues related to human-machine teaming, AI-enabled decision support, and
human-centered AI.

Dr. Ward was the past recipient of the American Psychological Association
(Division 21: Applied Experimental and Engineering Psychology), George E.
Briggs Dissertation Award. He is also a Chartered Scientist, Chartered Psy-
chologist, and Chartered Human Factors Specialist, Fellow of the Chartered
Institute of Ergonomics and Human Factors, and Associate Fellow of the British
Psychological Society.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


