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Abstract

We present the Maximization Inventory, which consists of three separate scales: decision difficulty, alternative search,
and satisficing. We show that the items of the Maximization Inventory have much better psychometric properties when
compared to the original Maximization Scale (Schwartz et al., 2002). The satisficing scale is a new addition to the study
of maximization behavior, and we demonstrate that this scale is positively correlated with positive adaptation, whereas
the decision difficulty and alternative search scales are positively correlated with nonproductive decisional behavior.
The Maximization Inventory was then compared to previous maximization scales and, while the decision difficulty and
alternative search scales are positively correlated with similar previous constructs, the satisficing scale offers a dimension

entirely different from maximization.
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1 Introduction

One of the most interesting variables in decision mak-
ing research is the tendency toward “maximizing” versus
“satisficing.” Based originally on Simon’s (1955, 1956)
theory of bounded rationality, Schwartz (2000) suggested
that there may be individual differences in the degree to
which an individual is a “maximizer,” who attempts to
find the absolute best solution, versus a “satisficer,” who
is comfortable with a satisfactory, or “good enough,” so-
Iution. Schwartz argued that not only could such tenden-
cies influence the outcome(s) of the decision but also that
maximizing could reduce psychological well-being. For
example, maximizers may worry that an unforeseen op-
tion will turn out to be the best one, and as a consequence,
they will try to collect as much information as possible
when making even the simplest of decisions.

To examine the relationship between maximizing ten-
dencies and well-being and mental health, measures of
maximization behavior were developed. The first and
most widely used measure was the 13-item Maximization
Scale developed by Schwartz et al. (2002). Nenkov, Mor-
rin, Ward, Schwartz, and Hulland (2008) subsequently
examined the factor structure of the Maximization Scale
and found three factors, which they labeled “alternative
search,” “decision difficulty” and “high standards” (pp.
377-378; Nenkov et al., 2008). The “alternative search”
category consisted of six items measuring the tendency to
expend resources in exploring all possible opportunities
(e.g., “When I watch TV, I channel surf, often scanning
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through the available options even while attempting to
watch one program.”). The “decision difficulty” category
consisted of four items representing the degree of diffi-
culty experienced when making choices among abundant
options (e.g., “I often find it difficult to shop for a gift for
a friend.”). The “high standards” category consisted of
three items reflecting decision makers’ tendency to hold
high standards for themselves and things in general (e.g.,
“No matter what I do, I have the highest standards for
myself.”).

By contrast, Diab, Gillespie, and Highhouse (2008) ar-
gued that the multidimensional nature of the Maximiza-
tion Scale is contradictory to the definition of maximiza-
tion tendency. Defining the maximization tendency as “a
general tendency to pursue the identification of the opti-
mal alternative” (p. 365; Diab et al., 2008), Diab et al.
developed the Maximization Tendency Scale. The Maxi-
mization Tendency Scale was constructed using the three
high standards items from the Maximization Scale and
adding six new items mainly focusing on the goal of max-
imizers to optimize the outcomes of decisions. In all of
this scale development, satisficing—the theoretical oppo-
site of maximizing—has never been directly measured
and is only rarely mentioned in the literature.

In research on these scales, Schwartz’s hypothesis con-
cerning relationships to well-being received differential
support depending on whether total scores or subscales
were used. Schwartz et al. (2002) reported the results of
several studies, all of which supported the hypothesized
adverse relationships of maximization to psychological
well-being. In their Study 1, maximization was nega-
tively correlated with happiness, optimism, self esteem,
and life satisfaction and positively correlated with depres-
sion, regret, and perfectionism. Four additional studies


https://doi.org/10.1017/S1930297500001820

Judgment and Decision Making, Vol. 7, No. 1, January 2012

showed that Maximization Scale total scores were pos-
itively correlated with depression and negatively corre-
lated with subjective happiness. Schwartz et al. explained
that maximizers tend to engage in extensive alternative
search to increase the possibility of finding the best op-
tion, but this extensive search process may induce more
anticipated regret and decrease pleasure once a choice has
been made. In related studies, Nenkov et al. (2008) used
2-item measures of each of the three factors. They found
that scores on the high standards category were positively
correlated with optimism, negatively correlated with de-
pression, and uncorrelated with subjective happiness. De-
cision difficulty showed the opposite pattern, being nega-
tively correlated with subjective happiness and optimism
and positively correlated with depression.

Lai (2010) concluded that the decision difficulty cat-
egory is the key factor leading to negative correlations
with well-being outcomes, which supports the findings
of Nenkov et al. (2008). By contrast, Diab et al.
(2008) found evidence suggesting that the high standards
category was responsible for this relationship, because
smaller correlations were found when maladaptive per-
sonality traits were compared to the Maximization Ten-
dency Scale rather than the Maximization Scale.

Thus, previous studies have suggested that maximiza-
tion measures consist of several components, and that the
relationships with well-being indices were heavily influ-
enced by the method of measurement. To clarify the
nature of the maximization construct and the degree to
which its elements were related to measures of psycho-
logical well-being, the Maximization Scale and the Max-
imization Tendency Scale were examined in four stud-
ies conducted by Rim, Turner, Betz, and Nygren (2011).
Rim et al. concluded that the Maximization Scale mea-
sures three separate factors as postulated by its authors,
but only the alternative search and decisional difficulty
factors are both positively correlated with each other and
negatively correlated with indices of well-being. High
standards correlated strongly with the Maximization Ten-
dency Scale (consisting of mainly high standards items)
and was strongly correlated with positive indices of well-
being (e.g., optimism and happiness) and functioning
(e.g., self-esteem and self-efficacy). The high standards
subscale and Maximization Tendency Scale were pos-
itively correlated with the analytical decision making
style, while the alternative search and decision difficulty
subscales were positively correlated with the regret-based
decision making style and with procrastination.

The item-response theory analysis in Rim et al. (2011)
indicated serious weaknesses in the psychometric prop-
erties of the items of the existing scales. In addition,
their experimental study confirmed that alternative search
and decision difficulty were positively correlated with
the maximization behavior while high standards and the
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Maximization Tendency Scale were not. These findings
have serious implications for the measurement of max-
imization behavior. First, although “high standards” is
a useful construct, it does not seem to fit with the con-
cept of maximization as postulated by Schwartz and col-
leagues. Conceptually, the “alternative search” dimen-
sion seems closest to the construct of maximizing origi-
nally postulated by Schwartz (2000). However, the sim-
ilarity in the pattern of correlations between the decision
difficulty scale, the alternative search scale, and the crite-
rion variables suggests similar consequences if not sim-
ilar meanings. Thus, we propose that items focusing on
the behavioral aspects (e.g., alternative search) and the
emotional features (e.g., perceived decisional difficulty)
should be included in the nomological network, but items
not closely aligned with these aspects should be discarded
(e.g., high standards).

All previous classical test theory analyses and the item-
response theory analyses conducted by Rim et al. (2011)
suggest poor psychometric properties. For the former
analyses, most subscale alphas were below 0.70, the min-
imum usually considered acceptable in research. Al-
though this may be attributed to the length of the scales,
the item-response theory analyses suggest that the items
themselves are not very discriminating. Also, the content
of some of the items may undermine the content valid-
ity of the scale. For example, the Maximization Scale
describes some maximization behaviors in specific situ-
ations that may not be universal to all respondents (e.g.,
“Renting videos is really difficult. I'm always struggling
to pick the best ones.”). Items that are too specific might
confound the degree of maximization with the inexperi-
ence of the participant with the event. New items which
reflect more general maximization tendencies (e.g., buy-
ing a car is more specific than buying groceries), may
prove useful.

Finally, all of the alternative search and decision dif-
ficulty items on the Maximization Scale are stated in the
same direction (i.e., more searching and greater perceived
decision difficulty, respectively), which means that satis-
ficing is measured only indirectly, as the presumed lower
end of the maximization dimension. Direct examination
of the satisficing construct would contribute to the under-
standing of the maximization behavior.

Based on this previous research on the nature, mea-
surement, and correlates of the maximization behavior,
the present series of studies was designed to develop and
evaluate new measures of the decision difficulty and alter-
native search dimensions. In addition, we develop a mea-
sure of satisficing and examine its relationships to other
maximizing dimensions and to indices of well-being and
decision making styles.

In Study 1, we use classical test theory, factor analyses,
and item-response theory to determine the best items for
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each of the three scales from a larger item pool. Our goal
was to develop separate scales of 10-12 items each, and
collectively these separate scales form the Maximization
Inventory, intended to measure the maximization con-
struct holistically. After selecting the best items for each
scale, we report values of coefficient alpha for each scale,
the resulting factor structure, and the estimated parameter
values from an item-response theory analysis.

Study 2 was designed to investigate the relationship
between the newly developed inventory and measures of
well-being. The content of the new scales can be vali-
dated through their relationship to the criterion measures
as demonstrated in Rim et al. (2011). Study 3 examined
the relationships of the new scales to the two major maxi-
mization scales studied to date—the Maximization Scale
and Maximization Tendency Scale.

2 Study 1: Scale development and
psychometric examination

The purpose of Study 1 was to develop a maximiza-
tion inventory consisting of separate scales that mea-
sure proper aspects of maximization behavior, specifi-
cally the decision difficulty and alternative search dimen-
sions. While these dimensions are consistent in the liter-
ature, to date no studies have examined satisficing behav-
ior and its relationship to the dimensions of the maximiz-
ing construct. Consequently, we also attempt to construct
a satisficing scale in this study.

2.1 Method
2.1.1 Scale development

Based on psychometric findings from our previous stud-
ies (Rim et al., 2011), we constructed a large item set
containing items related to four concepts: decision dif-
ficulty, alternative search, high standards and satisficing.
Our strategy was to first write 20-30 items reflecting the
content for each concept. We would then select the best
10-12 items based on the results of classical test theory
analyses, factor analyses, and item response theory analy-
ses. This method of scale construction combines the best
of construct-based and empirically evaluated scale items.

2.1.2 Participants

Participants were 828 undergraduate students from an in-
troductory psychology course at the Ohio State Univer-
sity. They received course credit for their participation.
Twelve of the participants were removed because they re-
sponded to fewer than 25% of the items.
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2.1.3 Procedures

Participants rated the degree of agreement to 104 items
by using a standard 5-point scale with anchors. We split
the data in half, so that Data Set 1 consisted of 446 partic-
ipants whose data contained missing values, and Data Set
2 consisted of 370 participants who responded to every
item.

2.2 Analyses
2.2.1 Factor analyses

Because the scale was originally constructed on the basis
of four presumably distinct factors, we began our anal-
ysis assuming four factors. However, for a comprehen-
sive examination, we wished to investigate models rang-
ing from one to five factors. As mentioned in the in-
troduction, there is considerable debate as to the exact
number of factors comprising the maximization behav-
ior (see, e.g., Rim et al. 2011). To analyze the data,
we performed an exploratory factor analysis on Data Set
1 using both “comprehensive exploratory factor analy-
sis” (CEFA; Browne, Cudeck, Tateneni, & Mels, 2008)
and a Bayesian framework in WinBUGS (Lunn, Thomas,
Best, & Spiegelhalter, 2000). The Bayesian framework
allowed us to incorporate uncertainty in the parameters
by evaluation of the posterior distribution. Among other
things, this approach is robust in the face of missing data.
Following correct model specification, WinBUGS simply
ignores missing cases, but uses any information available
to improve the estimate of the parameter (the posterior
distribution). The technical details of the Bayesian ex-
ploratory factor analysis are provided in Appendix A. We
adhered to common rules for the root mean squared er-
ror of approximation (RMSEA) for the exploratory fac-
tor analysis (Browne & Cudeck, 1992) followed by close
inspection of the factor loadings. We then used LISREL
(Joreskog & Sorbom, 2004) to perform a confirmatory
factor analysis (CFA) on Data Set 2, using the models
developed in the exploratory factor analysis on Data Set
1.

2.2.2 TItem and scale parameters

Item parameters were obtained using both classical test
theory and item-response theory. For classical test the-
ory, we obtained the item means, corrected item-total cor-
relations, scale means and standard deviations, and val-
ues of Cronbach’s alpha for each subscale. For the item-
response theory analysis, we obtained parameters relating
to item discrimination, item endorsement, and latent trait
estimates (maximization tendency) by using the graded
response model (Samejima, 1969). We used MULTILOG
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(Thissen, Chen, & Bock, 2003) to estimate the parame-
ters of this model. Appendix B provides the technical
details of the item-response theory analysis. Once these
parameters were estimated, we computed the item infor-
mation functions and the test information function by us-
ing the estimates obtained for each item parameter. These
functions are useful because they estimate the amount of
information the item (item-information function) or scale
(test-information function) provides as a function of the
latent trait 6, assumed for each participant (see Appendix
B).

2.3 Results
2.3.1 Factor Analyses

To develop the set of scales, an exploratory factor analy-
sis was performed on the first data set, consisting of 446
responses to 104 items. We expected either a three or four
factor model would be most suitable for our data. To be
sure, we fit models ranging from one to five factors. In
developing the scales, our strategy was to purify the item
pool iteratively. That is, we would perform an exploratory
factor analysis, determine which items to remove (on the
basis of factor loadings and classical test theory results),
and continue on the resulting set of items. To fit these
models, we first used a Bayesian analysis to estimate the
factor loadings for Data Set 1, as described in Appendix
A. The first exploratory factor analysis started with 104
items. Upon close inspection of the factor loadings, scree
plot, and the RMSEAs, we determined that a two, three,
and a four factor model provided the best fit to the data.

After the initial exploratory factor analysis, we jointly
examined the factor loadings for all three models. From
these factor loadings, it was clear that several items did
not provide high enough loadings onto a single factor, or
they provided loadings onto multiple factors. The former
group of items were eliminated due to a lack of contri-
bution to the scale. The latter group of items was deleted
to preserve the unidimensionality assumption required by
item-response theory. After these items were deleted, 57
items remained for the inventory.

Another exploratory factor analysis was performed on
the remaining 57 items using models ranging from two
to four factors. To fit these models, we used Crawford-
Ferguson Varimax oblique rotations with ordinary least
squares as the discrepancy function using CEFA (Browne
et al., 2008) on a small partition of the data containing no
missing responses. The two factor model fit the data well
(€ =0.057,90% CI = (0.052, 0.062)), and provided clear
interpretations for the factor loadings. However, a few of
the items failed to load onto either of the factors. The
three factor model fit the data well (¢ = 0.050, 90% CI =
(0.045, 0.055)), and possessed fewer items that failed to
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load onto any of the factors. Additionally, the three fac-
tor model provided factors which were representative of a
three factor structure consisting of decision difficulty, al-
ternative search, and satisficing. The four factor model fit
the data very well (¢ = 0.045, 90% CI = (0.043, 0.046)),
but contained a much less interpretable factor structure.
These factors were similar to the three factor model, but
had a few items that made the overall content of each fac-
tor difficult to pinpoint.

We then reduced the inventory to 34 items on the basis
of their factor loadings as well as their classical test the-
ory estimates. We then tested this model’s fit to Data Set
2 in a CFA using LISREL (Joreskog & Sorbom, 2004).
To do so, the three factor model was restricted such that
each item loaded onto a single factor, namely the factor
that the item loaded highest on from the exploratory fac-
tor analysis. The three factor model fit the data very well
(€ = 0.063, 90% CI = (0.058, 0.067)), and the factor
loadings for this model are provided in Table 1. If an en-
try in the factor loading matrix is not available (indicated
by a “-” symbol), then it was constrained to be zero. Ta-
ble 1 shows that each item loads highly onto its respective
factor.

As mentioned, we believe that the maximization be-
havior should not contain a high standards dimension.
This hypothesis was confirmed in the data by means of
the exploratory factor analysis, classical test theory and
CFA analyses. In the exploratory factor analysis, we no-
ticed that while the other three factors possessed items
with high factor loadings and high Cronbach’s alphas, the
high standards factor had items that did not load highly.
Additionally, the highest Cronbach’s alpha we could ob-
tain for a high standards scale was 0.68. Finally, the re-
sults of the CFA suggested that a three factor model con-
sisting of decision difficulty, alternative search, and sat-
isficing fit the data well. Because these three factors are
quite different, we treat them as separate scales within the
Maximization Inventory.

2.3.2 Item analyses

An item-response theory analysis was then performed
on each of the three factors using MULTILOG on Data
Set 2. Table 1 shows the item parameter estimates for
the item discriminability parameters a, and each of the
item endorsement parameters b;, where j = {1,2,3,4}.
Items with higher discriminability parameters should be
favored to items with lower values. Although no sim-
ple cutoff criterion exists for the discriminability param-
eter, Zickar, Russel, Smith, Bohle, and Tilley (2002) sug-
gested that all parameters greater than 1 indicated ac-
ceptable discriminability between persons. For our 34
items, 12 items have discriminability parameters lower
than 1.0. However, each scale contains several items
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Table 1: Estimates for item and scale parameters. Note: ); is the loading for Factor ¢, a is the discriminability
parameter, b; are the item endorsement parameters, ITC is the item total correlation, and agejeteq i the resuling
Cronbach’s « if that item were deleted.

Item A1 X A3 a b1 ba bs by ITC Qqetetea ©
1 032 - - 117 -5.02 -2.63 -1.57 2.62 0.38 0.70

2 039 - - 192 -4.05 -3.00 -1.99 0.33 0.50 0.69

3 038 - - 149 421 -293 -1.71 094 045 0.69

4 036 - - 117 -442 -2.80 -1.24 2.04 041 0.70

5 027 - - 086 -11.07 -3.27 -1.79 2.69 028 0.72 0.73
6 040 - - 1.80 -4.18 -2.64 -1.66 0.99 049 0.69

7 025 - - 075 -6.80 -3.24 -1.54 3.00 0.28 0.72

8 040 - - 135 -5.02 -2.67 -1.95 040 041 0.70

9 027 - - 0.68 -694 -230 -0.17 5.14 0.27 0.72

10 037 - - 143 430 -2.88 -1.98 0.81 044 0.69

11 - 076 - 124 -355 -0.27 0.69 394 0.61 0.83

12 - 047 - 127 -480 -1.60 -0.51 3.36 0.59 0.83

13 - 054 - 117 -515 -1.83 -049 3.18 0.56 0.83

14 - 073 - 091 -6.04 -1.72 -0.29 3.75 048 0.84

15 - 046 - 078 -6.11 -058 126 542 042 0.84

16 - 068 - 138 -569 -1.52 -033 3.70 0.59 0.83 0.85
17 - 043 - 087 -544 -147 041 537 049 0.84

18 - 050 - 1.12 -592 -2.09 -097 235 0.52 0.83

19 - 063 - 103 -7.16 -296 -1.30 3.76 0.46 0.84

20 - 046 - 100 -6.46 -2.69 -145 348 048 0.84

21 - 063 - 085 -7.74 -2.35 -046 475 044 0.84

22 - 057 - 105 -562 -1.77 -048 3.31 049 0.84

23 - - 0.61 097 -6.12 -1.98 -0.20 4.53 0.53 0.81

24 - - 040 059 -6.80 -1.06 0.15 6.30 0.31 0.83

25 - - 040 156 -5.00 -1.44 -0.10 3.73 0.61 0.81

26 - - 050 144 -6.22 -2.61 -1.15 3.50 0.55 0.81

27 - - 050 1.22 404 -059 046 424 0.61 0.81

28 - - 043 131 -6.70 -3.27 -195 3.07 0.51 0.82 0.83
29 - - 035 1.07 -5.53 -1.58 -0.53 3.64 0.53 0.81

30 - - 0.62 1.04 -3.57 -0.67 030 4.28 048 0.82

31 - - 048 1.03 -6.57 -3.15 -1.20 4.00 0.51 0.82

32 - - 041 095 -7.78 -2.94 -1.54 3.15 042 0.82

33 - - 0.63 099 -736 -4.28 -1.88 4.25 045 0.82

34 - - 064 091 -7.75 -391 -1.66 392 042 0.82

that demonstrate high discriminability, indicating that we

could shorten our scale further, if desired.

Table 1 also shows that the estimates for the endorse-
ment parameters are sometimes extreme. This can hap-
pen if response categories are not endorsed very often.
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While it is true that we could have collapsed the response
categories for these infrequent responses, we argue that
this may distort the interpretation of these parameters.
Once the item parameters were estimated, we exam-
ined the item-information functions for each item. These
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functions supply the amount of information across the
trait continuum for each item. As a general rule, items
with high discriminability tend to have tall, narrow item-
information functions, which tend to span a narrow range.
By contrast, items with low discriminability tend to pro-
vide less information, but do so across a larger span of
the trait continuum. Figure 1 shows the cumulative item-
information functions for the items of each scale. For
example, the fifth highest line for the first factor shows
the amount of information provided by the first five items
in the first factor. Because item-response theory assumes
local independence, we can show the contribution of each
item cumulatively. We continue this process until all
items have been added. Thus, the highest line for each
plot shows the TIF for that scale.

For comparison, we also performed an item-response
theory analysis on the original data provided by Schwartz
et al. (2002). On average, we found that the items com-
prising the Maximization Scale were not as discriminable
as the items of the Maximization Inventory, but the Maxi-
mization Scale did demonstrate reasonably good psycho-
metric properties (see Rim et al., 2011). Figure 1 shows
the cumulative item-information functions for each of the
items of the Maximization Scale (gray, dashed lines, bot-
tom and middle panels). For comparison, we chose to
plot these items along the same continuum as the fac-
tors employed by the Maximization Inventory, although
these factors may not be equivalent. Figure 1 shows that
the Maximization Inventory provides much more infor-
mation than the Maximization Scale, and provides more
information along a greater range of the continuum. This
is especially useful for detecting extreme maximization
(or extreme satisficing) behavior.

We also performed a classical test theory analysis on
Data Set 2. We computed the mean and standard devi-
ations for each item. We then computed the item total
correlations and the Cronbach’s alpha for each scale. The
item-total correlations and the Cronbach’s alpha are re-
ported in Table 1. The item-total correlations are quite
high, which suggests that these items are highly related.
The Cronbach’s alpha for the satisficing scale was 0.73,
for decision difficulty was 0.85, and for alternative search
was 0.83. Currently, these values are the highest al-
phas for any maximization scale that have been reported.
We then determined the resulting alphas for each fac-
tor when each item was removed from the scale (de-
noted Qugejeteq).- This procedure is useful in determin-
ing which items could be removed to improve the overall
Cronbach’s alpha. Table 1 shows qgejeteq for each item.
Clearly, deleting any of the items from the scale would
result in a deterioration of Cronbach’s alpha.
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Figure 1: The scaled TIF (test information function) for
the three scales of the Maximization Inventory along the
latent trait continuum. For each scale, the lines show
the cumulative IIFs (item information functions) for each
item, taken in turn. Thus, the highest line represents
the TIF for that particular scale. The black lines repre-
sent scales of the Maximization Inventory and the gray,
dashed lines represent the items for the Maximization
Scale (middle and bottom panels).

g
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Decision Difficulty
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s
|
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2.4 Conclusions

In Study 1, we used a series of factor analyses and clas-
sical test theory to construct three highly reliable scales
representing the decision difficulty, alternative search,
and satisficing dimensions. Both the decision difficulty
and alternative search scales consisted of 12 items and
the satisficing scale consisted of 10 items. We also pro-
vided evidence that the high standards factor is not part
of the maximization behavior. Specifically, the high stan-
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dards items we developed did not load highly onto a
single factor nor did they show high item total correla-
tions. Additionally, we found that the satisficing con-
struct is unidimensional and is not assimilated by other
maximization factors (e.g., decision difficulty or alterna-
tive search). This is intriguing because satisficing has
been previously assumed to be on the same dimension
as the maximization behavior, but on the other end of
the continuum. These findings suggest that the satisfic-
ing dimension should instead be treated as a separate, in-
dependent construct. The item-response theory analysis
showed that our Maximization Inventory scale provides
more information along a greater range of the continuum
than the Maximization Scale. That is, our scale is bet-
ter able to detect extreme maximization behavior than the
Maximization Scale.

3 Study 2: Correlation study with
the new scale

The purpose of Study 2 was to examine the correlations
of the three new scales with the criterion behaviors used
in previous research. We hypothesized that our decision
difficulty and alternative search scales should be nega-
tively correlated with measures of well being; however,
our satisficing scale should be positively correlated with
measures of well being. Given that this is consistent with
previous research, confirming this hypothesis will consti-
tute evidence for the construct validity of our new mea-
sures.

Previous studies of the relationship between the maxi-
mization behavior and measures of well-being included
criterion variables measuring regret, decision making
styles, subjective happiness and optimism scales (Diab
et al., 2008; Nenkov et al., 2008; Parker, Bruin, & Fis-
chhoff, 2007; Schwartz et al., 2002). In an attempt
to replicate this previous research for our new scales,
we included the Decision Making Style Inventory (Ny-
gren, 2000; Nygren & White, 2002), the Life Orienta-
tion Test as a measure of optimism (Scheier, Carver, &
Bridges, 1994), the General Self-efficacy Scale (Sherer
et al., 1982), the Unconditional Self-regard Scale (Betz,
Wohlgemuth, Serling, Harshbarger, & Klein, 1995), and
the Subjective Happiness Scale (Lyubomirsky & Lepper,
1999). Based on the findings of Parker et al. (2007) and
Rim et al. (2011), we postulated that maximizers (i.e.,
participants with higher scores on decision difficulty and
alternative search) would score highly on maladaptive de-
cision making styles, whereas satificers (i.e., participants
scoring highly on our new satisficing scale) would score
more highly on positive adaptive decision making styles
and in particular, the analytical decision making style.
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3.1 Method
3.1.1 Measures

Maximization The Maximization Inventory consists of
34 items that measure three components of maximization,
which are presented in their respective order in Table 3:
satisficing (10 items), decision difficulty (12 items), and
alternative search (12 items).

Decision making styles The Decision Making Style In-
ventory (Nygren, 2000; Nygren & White, 2002), com-
posed of three 15-item scales, was used to measure de-
cision making styles. Analytical decision making is the
propensity to engage in effortful deliberation in choice
situations (e.g., “In making decisions I try to evaluate the
importance of each piece of information in the decision
process.”). The intuitive decision making style is the ten-
dency to follow feelings and simple heuristics (e.g., “A
quick, intuitive decision rule usually works best for me.”).
The regret-based decision making style defines the desire
to minimize the anticipated regret associated with mak-
ing decisions (e.g., “I tend to be someone who worries a
lot over decisions I’ve made.”). Responses are obtained
on a six-point scale with response options ranging from
“Strongly Agree” (6) to “Strongly disagree” (1). In Ny-
gren and White (2005), the values of Cronbach’s alpha in
the development sample were 0.89 (analytical), 0.86 (in-
tuitive) and 0.86 (regret) and in Rim et al. (2011), the val-
ues were 0.90 (analytical), 0.85 (intuitive) and 0.90 (re-
gret).

Optimism Optimism was measured by the Life Orien-
tation Test (LOT-R; Scheier et al., 1994). The Life Ori-
entation Test uses six items to measure individual dif-
ferences in generalized expectancies for positive versus
negative outcomes. A sample item includes “In uncertain
times I usually expect the best.” Responses are obtained
on a six-point scale with response options ranging from
“Strongly Agree” (6) to “Strongly disagree” (1). The
value of Cronbach’s alpha was 0.78 (Scheier et al., 1994).
In our sample, the value of Cronbach’s alpha was 0.86.

Self-Efficacy and Self-Regard Generalized self-
efficacy and global self-esteem have both been shown
to be positively related to healthy functioning and to
the absence of depressive symptoms (Smith & Betz,
2002). More generally, Bandura (1997, 2001) has argued
the importance of self-efficacy in overall psychological
adjustment, including relative freedom from depression
and anxieties. This argument has been buttressed by
considerable research (e.g., Bandura, Pastorelli, Bar-
baranelli, & Caprara, 1999). Accordingly, we included
both of these constructs as criteria of well-being.
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The Generalized Self-Efficacy Scale (Sherer et al.,
1982) is comprised of 17 self-report items designed to
measure an individual’s generalized beliefs about his/her
ability to perform tasks required of everyday adaptation
and problem solving. For example, “Failure just makes
me try harder” is positively worded, whereas “I give up
easily” is negatively worded. Responses are obtained on
a six-point scale ranging from “Strongly agree” (6) to
“Strongly disagree” (1). Chen, Gully, and Eden (2001)
summarized values of Cronbach’s alpha obtained over a
number of studies and characterized them as adequate to
strong, ranging from 0.76 to 0.89. In our sample, the
value of Cronbach’s alpha for the 17 items was 0.91.

The Unconditional Self-Regard Scale (Betz et al.,
1995), which contains 15 items, was designed to assess
global self-esteem and unconditional self-acceptance.
For example, the item “Even though I make mistakes I
feel good about myself as a person” is positively worded
whereas the item “I can never quite measure up to my
own standards” is negatively worded. Responses are ob-
tained on a six-point scale with response options rang-
ing from “Strongly Agree” (6) to “Strongly disagree” (1).
Values of Cronbach’s alpha in two samples of college stu-
dents were 0.87 and 0.90 (Betz et al., 1995). In our sam-
ple, the value of Cronbach’s alpha was 0.93.

Subjective Happiness Subjective happiness was mea-
sured by Lyubomirsky and Lepper’s (1999) 4-item Sub-
jective Happiness Scale using a seven-point scale. A sam-
ple item is “Compared to most of my peers, I consider
myself ‘more happy’ (7) to ‘less happy’ (1).” The range
of Cronbach’s alpha across 14 samples was 0.79 to 0.94
(M = .86; Lyubomirsky & Lepper 1999). In our sample,
Cronbach’s alpha was 0.88.

3.1.2 Participants

Participants were 370 undergraduate students from sev-
eral sessions of an introductory psychology course, who
each received course credit for their participation.

3.1.3 Procedures

Participants were administered the Maximization Inven-
tory, the Decision Making Style Inventory, the Life Ori-
entation Test, the General Self-efficacy Scale, the Uncon-
ditional Self-regard Scale, and the Subjective Happiness
Scale.

3.2 Results

Once our inventory consisting of three scales was devel-
oped, we investigated the relationships of each of the fac-
tors to other measures. To do this, we computed the sum
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of the responses for each scale by participant for the first
data set. We then computed the Pearson correlations be-
tween the scores. Table 2 shows the results of this analy-
sis. Cohen (1988) and others have urged for the practical
importance of interpretation, which should be gauged by
the percentage of variance accounted for (r2) or effect
size. Correlations between 0.10 and 0.30 are considered
small effects.

Consistent with previous findings, decision difficulty
and alternative search are moderately positively corre-
lated (r = 0.35). Alternative search is modestly related
to satisficing. Decision difficulty and satisficing are unre-
lated (r = 0.08).

Table 2 also presents correlations between the three
new scales and other related measures. We postulated
that alternative search and decision difficulty would be
positively correlated with maladaptive decision making
styles and negatively correlated with indices of well-
being whereas the reverse would be true for the satisficing
scale. These hypotheses are mostly supported by the data.
Compared to decision difficulty, the satisficing and alter-
native search scales showed moderate positive correla-
tions with the analytical decision making style (r = 0.62
for the former and r = 0.44 for the latter). The decision
difficulty showed a small correlation with analytical style
(r = 0.23). The analytical decision style can be consid-
ered adaptive because it likely results in evidence-based
decisions. None of the correlations of the maximization
scales with the intuitive decision making style were of
practical importance.

The most striking relationships were between the
regret-based decision making style and the maximization
scales. The decision difficulty scale was highly related to
regret (r = 0.80), the alternative search scale was moder-
ately related to regret (r = 0.36), and the satisficing scale
was unrelated to regret (r = 0.04). Thus, the results sug-
gest that a major component of perceived decision diffi-
culty is the expectation that a decision will be followed by
regret. Consistent with an aversion to future regret, Rim
et al. (2011) found that decision difficulty was highly cor-
related with procrastination, which was not measured in
this study.

Patterns of correlations of the new maximization scales
with the direct well-being indices were even more in-
teresting. The satisficing scale was positively correlated
with most of these indices, including subjective happiness
(r = .44), optimism (r = 0.31), self-efficacy (r = 0.47),
and self- regard (r = 0.44). The alternative search scale
was uncorrelated with the well-being indices, and de-
cision difficulty was negatively correlated to optimism
(r = —0.41), self-efficacy (r = —0.33), and self-regard
(r = —0.38). Decision difficulty was uncorrelated with
happiness, which was also found in Rim et al. (2011).
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Table 2: Correlations of the three scales of the Maximization Inventory with measures of well-being. For N = 370,
values of 7 > 0.12 and r > 0.15 are significant with p < 0.01 and p < 0.001, respectively. However, values of
7 < 0.30 correspond to a small effect size (Cohen, 1988). DMI is the Decision Making Style Inventory.

Satisficing Decision difficulty Alternative Search

Satisficing 1.00 0.08 0.28
Decision difficulty 0.08 1.00 0.35
Alternative Search 0.28 0.35 1.00
Happiness scale 0.44 0.05 0.12
Life Orientation Test 0.31 -0.41 -0.07
Unconditional Self Regard 0.44 -0.38 -0.07
Generalized Self Efficacy 0.45 -0.39 0.12
DMI analytical 0.44 0.23 0.62
DMI intuitive 0.20 -0.16 -0.11
DMI regret 0.04 0.80 0.36
Maximization Scale 0.12 0.48 0.35
Maximization Tendency Scale 0.24 0.04 0.38

3.3 Conclusions

In summary, intercorrelations of the new scales and the
criterion measures clearly indicate that satisficing can be
reliably measured separately from decision difficulty and
alternative search, and that it is positively correlated with
indices of well-being and decision making styles. The
patterns of correlations suggest that satisficing is a posi-
tive behavior whereas decision difficulty is a negative be-
havior. Thus, the data suggest that the alternative search
and decision difficulty components of the maximization
behavior support the theory that maximizers engage in
non-productive decisional behavior, whereas the satisfic-
ing scale is positively correlated with positive adaptation.

4 Study 3: Convergent validity

The final study in this series was designed to evaluate the
convergent validity of our new scales with the major ex-
tant measures of maximization, the Maximization Scale
and the Maximization Tendency Scale.

4.1 Method
4.1.1 Measures

Maximization Inventory The Maximization Inventory
consists of 34 items that measure three components of
maximization, which are are presented in their respective
order in Table 3: satisficing (10 items), decision difficulty
(12 items), and alternative search (12 items).
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The Maximization Scale The 13-item Maximization
Scale developed by Schwartz et al. (2002) was con-
structed using four samples of introductory psychology
students and three samples of adults. Based on the analy-
ses of Nenkov et al. (2008), the items can be organized
into three factors, “alternative search,” ‘“decision diffi-
culty” and “high standards” (pp. 377-378). The alter-
native search category consists of six items measuring
the tendency to expend resources to explore all possible
opportunities (e.g., “When I watch TV, I channel surf,
often scanning through the available options even while
attempting to watch one program.”) The four items cat-
egorized as “decision difficulty” represent experiencing
difficulty when making choices among abundant options
(e.g., “I often find it difficult to shop for a gift for a
friend.”) The three “high standards” items reflect deci-
sion makers’ tendencies to hold “high standards for them-
selves and things in general” (p. 374) and include “No
matter what I do, I have the highest standards for my-
self.” Values of Cronbach’s alpha in Rim et al. (2011)
were 0.65 (alternative search), 0.69 (decision difficulty),
0.67 (high standards), and 0.74 (Maximization Scale total
score).

The Maximization Tendency Scale Diab et al. (2008)
argued that multidimensionality is contrary to the defi-
nition of maximization tendency, defined the maximiza-
tion tendency as “a general tendency to pursue the iden-
tification of the optimal alternative” (p. 365, Diab et al.,
2008). In an attempt to incorporate this definition into a
scale, the Maximization Tendency Scale was constructed
by adding six new items to the three high standards items
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Table 3: Items of the Maximization Inventory

Number

Satisficing Items

1

O 00 J O L B~ W N

—
)

I usually try to find a couple of good options and then choose between them.

At some point you need to make a decision about things.

In life I try to make the most of whatever path I take.

There are usually several good options in a decision situation.

I try to gain plenty of information before I make a decision, but then I go ahead and make it.
Good things can happen even when things don’t go right at first.

I can’t possibly know everything before making a decision.

All decisions have pros and cons.

I know that if I make a mistake in a decision that I can go “back to the drawing board.”

I accept that life often has uncertainty.

Number

Decision Difficulty Items

11
12
13
14
15
16
17

18
19
20
21
22

I usually have a hard time making even simple decisions.

I am usually worried about making a wrong decision.

I often wonder why decisions can’t be more easy.

I often put off making a difficult decision until a deadline.

I often experience buyer’s remorse.

I often think about changing my mind after I have already made my decision.

The hardest part of making a decision is knowing I will have to leave the item I didn’t choose
behind.

I often change my mind several times before making a decision.

It’s hard for me to choose between two good alternatives.

Sometimes I procrastinate in deciding even if I have a good idea of what decision I will make.
I find myself often faced with difficult decisions.

I do not agonize over decisions.

Number

Alternative Search Items

23
24
25
26
27
28
29
30
31
32
33
34

I can’t come to a decision unless I have carefully considered all of my options.

I take time to read the whole menu when dining out.

I will continue shopping for an item until it reaches all of my criteria.

I usually continue to search for an item until it reaches my expectations.

When shopping, I plan on spending a lot of time looking for something.

When shopping, if I can’t find exactly what I’'m looking for, I will continue to search for it.
I find myself going to many different stores before finding the thing I want.

When shopping for something, I don’t mind spending several hours looking for it.

I take the time to consider all alternatives before making a decision.

When I see something that I want, I always try to find the best deal before purchasing it.
If a store doesn’t have exactly what I’'m shopping for, then I will go somewhere else.

I just won’t make a decision until I am comfortable with the process.

of the Maximization Scale. These new items mainly fo- 4.1.2 Participants

cus on the goal of maximizers to optimize the outcomes

of decisions. Rim et al. (2011) estimated Cronbach’s al-  QOne hundred eighty undergraduate students (61% fe-
pha to be 0.80. males; average participant age = 20.41) from several in-

troductory psychology courses at The Ohio State Uni-
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versity participated in the study in exchange for course
credit.

4.1.3 Procedures

The Maximization Inventory, the Maximization Scale
and the Maximization Tendency Scale were administered
to the participants. Because three items from the Maxi-
mization Scale are duplicated in the Maximization Ten-
dency Scale, they were not administered twice. Re-
sponses were obtained on a 6-point scale ranging from
“Strongly Disagree” (1) to “Strongly Agree” (6).

4.2 Results

For the Maximization Inventory, values of Cronbach’s al-
pha were 0.89 for decision difficulty, 0.82 for alterna-
tive search and 0.72 for satisficing. For the Maximiza-
tion Scale and Maximization Tendency Scale, values of
Cronbach’s alpha were 0.76 and 0.84, respectively. Table
2 shows the intercorrelations of the Maximization Inven-
tory scales with the Maximization Scale and Maximiza-
tion Tendency Scale. As shown, our decision difficulty
scale is most highly correlated with the Maximization
Scale, which is to be expected because decision difficulty
is one of the two most salient components the Maximiza-
tion Scale (along with alternative search). Our alternative
search scale is moderately positively correlated with both
the Maximization Scale and the Maximization Tendency
Scale. Satisficing is not correlated with the Maximiza-
tion Scale and has only a small correlation with the Max-
imization Tendency Scale. This pattern of correlations
strengthens our contention that with the satisficing scale
we are measuring a dimension of behavior that has not
previously been included in maximization measurement,
even though it has been implicitly assumed to be the op-
posite of the maximizing behavior.

4.3 Conclusions

Investigating correlations between our Maximization In-
ventory and the major extant maximization scales, Study
3 provided evidence that the Maximization Inventory has
sufficient convergent validity. The decision difficulty
scale and the alternative search scale of the Maximiza-
tion Inventory were positively correlated with the Max-
imization Scale. The finding that the satisficing scale
was not correlated with the Maximization Scale and only
weakly correlated with the Maximization Tendency Scale
strengthens our contention that the satisficing scale is
measuring a dimension of behavior that has not previ-
ously been included in maximization measurement, even
though it has been implicitly assumed to be on the oppo-
site end of the maximization behavior.
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5 General Discussion

The present series of studies were designed to develop
and evaluate new measures of the maximization con-
struct. These studies, like those presented in Rim et al.
(2011), provide strong evidence that when maximizing is
defined as alternative search and decision difficulty, it is
negatively related to indices of psychological well-being.
Further, alternative search and decision difficulty are pos-
itively related to maladaptive decision making styles. By
contrast, our new measure of satisficing was positively
related to indices of good mental health and adaptive de-
cision making. This was the first attempt to measure the
satisficing behavior, which is a central construct in Si-
mon’s original concept of satisficing in decision making,
defined as being comfortable with a satisfactory, or “good
enough,” solution. The newly developed satisficing scale
is a reliable 10-item scale that adds to the measurement
of the maximization tendency. While satisficing has been
previously assumed to be on the opposite end of the maxi-
mization continuum, we have found evidence that it is not
inversely related and, as a consequence, should be treated
as a separate, independent scale.

Study 2 provided additional support for previous re-
search on maximization behaviors. Specifically, the de-
cision difficulty and alternative search scales were nega-
tively correlated with optimism, generalized self-efficacy,
and self-regard. Decision difficulty was also positively
correlated with a regret-based decision style.

The findings from these studies suggest that the maxi-
mization behavior can be broken into three components.
Viewing the construct in this way may provide a solu-
tion to the inconsistent findings of well-being correlates
in previous studies. Schwartz’s (2000) original postulate,
that maximization is negatively related to psychological
well-being, is strongly supported here as long as max-
imization is measured using the dimensions of alterna-
tive search and decision difficulty. People who tend to
search endlessly for information, who feel more difficulty
in making decisions, and who assume that an optimal
choice can be found if they only look long enough report
lower scores on “healthy” characteristics and have higher
scores on maladaptive personality measures. When the
satisficing scale is included we find that satisficing ten-
dencies are positively related to well-being. It seems that
satisficers are people who understand that, while there are
usually several possible good alternatives for a decision,
eventually they must choose one and be willing to live
with the consequences. Recently, Schwartz, Ben-Haim
and Dasco (2011) argued that satisficing is a better deci-
sion making strategy which maximizes confidence in an
acceptable outcome and frequently produces objectively
better decision outcomes than maximizing under uncer-
tainty. Our findings on positive relationships between sat-
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isficing and psychological well-being add to the growing
body of evidence of the benefits of satisficing behaviors.

This study has yielded three short yet reliable scales
of the maximizing/satisficing tendency. They should not
be summed for a total score because they are measur-
ing different things: decision difficulty and alternative
search involve maximizing tendencies that impair well-
being and decision making whereas the satisficing scale
is positively related to well-being and adaptive decision
making. The scales should prove useful in further re-
search on these constructs. There may also be implica-
tions for improving well-being for maximizers. For ex-
ample, cognitive strategies of satisficing and analytical
decision making could be taught to maximizers with the
goal of reducing anticipated regret and prolonged search-

ing.
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Appendix

6 Details of the Bayesian Factor
Analysis

For the EFA, we used the common factor model. Let z;;
denote the score for the ith participant on the jth item
and let p; denote the overall mean for the jth item. We
denote the common factor score for the ith participant on
the kth factor as z;; and the factor loading of the jth item
on the kth factor as Aj;. We denote the unique factor
score on factor j for the ith participant as u;;. Then, the
data model for a common factor analysis is given by

m
Tij = pj + g AjkZik + Uij,
k=1

where m denotes the number of common factors. Often,
this equation is written in the equivalent matrix notation,
given by

x=pu+ Az +u,

for clarity. To satisfy the unidimensionality assumption
of IRT, our model has no common factors (m = 1). The
likelihood function is assumed to be multivariate normal,
SO

x ~MN (g + Az, ¥),

where MIN (p, 32) denotes the multivariate normal distri-
bution with mean matrix p and covariance matrix 3. For
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each element 9; of ¥, we used the continuous uniform
prior from O to 400, or

W ~ CU(0,400),

where CU (a, b) denotes the continuous uniform distribu-
tion from a to b. For the mean score parameter vector u,
we used the prior

1t; ~ N(0,20).

For A, there are no common factors in the model so
we restricted the elements of A such that each item could
load onto only one factor. Thus, the matrix A can be
represented by a vector, so we denote the elements of this
vector as \;, with a truncated normal prior, so

A; ~ N(0,1000)I(\; > 0),

where I(x > ¢) denotes an indicator function such that
ife >cthenl(z >c)=1landife <c¢ I(zx >c) =
0. For the factor score matrix z, we used a multivariate
normal prior, so

z ~ MN(0, ®),

where for each element ¢;; of ®, we used a continuous
uniform prior given by
i =1 ifi=j
bij ~ CU(=1,1) ifi# )
Each factor structure was examined by the final 40,000
MCMC samples after a burn-in period of 10,000 samples.

The initial values for each chain were sampled from the
prior distributions.

Details of the Item Response Theory
Analysis

In item response theory, we determine the probability
of endorsement for the ¢th person on the jth item. The
graded response model is an extension of this model, and
it assumes m; categories for the jth item. These cate-
gories are assumed to be ordered, making endorsement
more “difficult” for category (k + 1) than it was for cate-
gory k.

Let a; denote the jth item’s discriminability, b;;, de-
note the difficulty parameter for the jth item on category
k. Although for all of our items, we used five categories
for a response, we let m; denote the number of categories
on the jth item. We denote the ability level for the :th par-
ticipant as ;. Then the probability that participant i will
endorse at or above category k on the jth item is

expla; (i — bjk)]
1+ expla;(0; — bjr)]
where k = 2,3, ...,m;.

Pijk =
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