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Abstract Accurate reports of mediation analyses are critical to
the assessment of inferences related to causality, since these
inferences are consequential for both the evaluation of previous
research (e.g., meta-analyses) and the progression of future
research. However, upon reexamination, approximately 15 %
of published articles in psychology contain at least one incorrect
statistical conclusion (Bakker & Wicherts, Behavior Research
Methods, 43, 666–678 2011), disparities that beget the question
of inaccuracy in mediation reports. To quantify this question of
inaccuracy, articles reporting standard use of single-mediator
models in three high-impact journals in personality and social
psychology during 2011 were examined. More than 24 % of the
156 models coded failed an equivalence test (i.e., ab 0 c – c′),
suggesting that one or more regression coefficients in mediation
analyses are frequently misreported. The authors cite common
sources of errors, provide recommendations for enhanced accuracy in reports of single-mediator models, and discuss implications for alternative methods.

psychology (MacKinnon, Fairchild, & Fritz, 2007; Rucker,
Preacher, Tormala, & Petty, 2011; Smith, 2012). The prevalence
of mediation analysis is fueled by an emphasis on detecting the
psychological processes through which independent variables
affect dependent variables. For example, dual-process models
of impression formation and stereotyping (e.g., Bodenhausen,
Macrae, & Sherman, 1999; Fiske, Lin, & Neuberg, 1999) often
distinguish between cognitive and affective mechanisms and
examine the potency of such constructs as mediators of the
relationship between variables such as stereotype activation and
discrimination (e.g., Dovidio et al., 2004).
Consequently, accurate statistical reports in general are
critical to the validity of research conclusions, the evaluation
of previous research (e.g., meta-analyses), and the progression of future research. Accurate statistical reports in mediation analyses are additionally critical given their ubiquity
and the emphasis placed on such analyses in supporting
inferences of causality.
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A test of equivalency

The mediation model continues to be one of the most prevalent
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Although a variety of approaches offer the opportunity to
provide evidence for causal inferences (see Hayes, 2009),
researchers consistently rely on a single approach—namely, a
set of analyses recommended by Baron and Kenny (1986). The
Baron and Kenny method suggests that researchers estimate
three regression equations to infer causality in single-mediator
models (see Fig. 1): (1) regression of the mediator variable (M)
on the independent variable (X; path a); (2) regression of the
dependent variable (Y) on the independent variable (X; path c);
and (3) simultaneous regression of the dependent variable (Y)
on both the independent variable (X; path c′) and the mediator
variable (M; path b). Importantly, complete mediation is argued
to occur when paths a, b, and c are statistically significant and
the reevaluation of path c with the mediator included in the
model (i.e., c′) is reduced to nonsignificance.
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Fig. 1 Mediation model with path assignments

Researchers are usually interested in the drop of the effect of
the independent variable when the mediator is in the model (i.e.,
c – c′), as well as the test of the indirect effect (i.e., ab).
Conveniently, in single-mediator models, ab 0 c – c′ for both
standardized and unstandardized coefficients (Baron & Kenny,
1986; Kenny, Kashy, & Bolger, 1998; MacKinnon & Dwyer,
1993).1 This test of equivalency, then, provides researchers with
a simple and convenient check of the accuracy of singlemediator reports.

Sources of error
Errors in the accuracy of statistical reports have been welldocumented. For instance, upon reexamination, approximately
15 % of published articles in psychology contain at least one
incorrect statistical conclusion (Bakker & Wicherts, 2011; Berle
& Starcevic, 2007; Wicherts, Bakker, & Molenaar, 2011). Yet to
our knowledge, no research has studied the accuracy of mediation reports, an empirical absence of even more intrigue to social
scientists when one considers the multitude of reasons that
published reports of basic mediation analyses may be in error.
A discrepancy between ab and c – c′ (i.e., failed equivalence
test) may occur for at least eight reasons: (1) using inconsistent
rules to round coefficients; (2) reporting a mix of unstandardized and standardized coefficients; (3) failure to report missing
data;2 (4) failure to report the statistical control of other variables (i.e., covariates) in some models but not others; (5) failure
to report the use of multiple mediators; (6) misreporting incorrect positive or negative signs of coefficients; (7) misreporting
the b path coefficient using the single-predictor model whereby
the dependent variable is regressed only onto the mediator
(evidenced by incorrect degrees of freedom); and (8) failing to
appropriately assign regression coefficients (e.g., confusing c
1

It is important to note that this equivalence test holds for ordinary least
squares regression but does not hold for other models, such as logistic
regression (i.e., models whereby the criterion variable is dichotomous).
2
It is important to note that a failed equivalence test due to missing
data would occur only when pairwise deletion of cases is employed.
When there are missing data and listwise deletion is used (i.e., all cases
missing on X, M, or Y are dropped), a failed equivalence test would not
be due to missing data. However, when there are missing data and
pairwise deletion is used (i.e., cases missing on M can still be used to
estimate path c, and cases missing on Y can still be used to estimate
path a), then the coefficients are being estimated using different subsets
of data, which can result in a failed equivalence test.

for c′). More generally, inconsistencies may result from a typographical error, misreading the output of a statistical software
program, application of incorrect rules, or a lack of knowledge.
Beyond these common errors, researchers may inadvertently
omit path coefficients from their reports. Given the nature of
these errors and the inability to correct for (most of) them, the
present investigation focused solely on analyses that clearly
report coefficient values for all four necessary paths.
Of course, other sources of error may emerge, but these
examples illustrate the opportunity for error in mediation and,
consequently, the need to quantify the accuracy of such reports.
When the equivalence test is failed, authors who present a
flawed analysis have failed to make a valid case for either the
presence or absence of a relationship, and any conclusion
concerning whether or not the proposed mediator is a mechanism by which the independent variable affects the dependent
variable may be inaccurate. Thus, a failed equivalence test error
(e.g., a .03 difference between ab and c – c′) is not trivial; the
discrepancy is signaling an error, and researchers may be either
overstating a meditational mechanism or failing to detect one.
Whether that error stems from the mediation model itself or
inaccurate/insufficient reporting of the analysis, the adverse
implications for the research findings—findings that are often
in direct reference to causality—are the same.

Overview
The purpose of the present investigation is to offer insight into
the prevalence and potential severity of inaccuracies in mediation analysis. We use as our criterion the discrepancy between
ab and c – c′ in single-mediator models, given the widespread
reliance on such models and the simplicity of the equivalency
test. Moreover, we have no reason to suspect that misreports of
mediation analyses are unique to particular research areas. Thus,
we intentionally focused our content analysis on three highimpact journals within the domain of personality and social
psychology, given the widespread use of the Baron and Kenny
(1986) method to test mediation within these outlets
(MacKinnon et al., 2007; Rucker et al., 2011; Smith, 2012).
Finally, our hope is that this content analysis—by providing
empirical evidence of the frequency and severity of inaccurate
statistical reporting in mediation models—will offer greater
insight into the means by which mediation reports can be more
accurate.

Method
Procedure
As was noted, our goal was to quantify the current prevalence of
mediation (in)accuracies. We therefore sought to identify
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journals within a domain where the use of the Baron and Kenny
(1986) approach to mediation is widespread—personality and
social psychology (see MacKinnon et al., 2007). Additionally,
given our interest in understanding existing rates of discrepancy,
we restricted our survey to journals within the calendar year of
2011. Consequently, we restricted our analysis to the flagship
empirical journals of personality and social psychology published in 2011: Journal of Experimental Social Psychology
(JESP), Journal of Personality and Social Psychology (JPSP),
and Personality and Social Psychology Bulletin (PSPB).
From our survey of the journal issues, we identified 87 articles
(34, 28, and 25 in JESP, JPSP, and PSPB, respectively) with at
least one mediation analysis that met the following criteria: (1)
reported regression coefficients either all standardized or all
unstandardized; (2) clear assignment of the four path coefficients;3 (3) no reported accounts of unequal missing data for
any of the variables; (4) no other variables reported in the analysis
beyond the independent, single-mediator, and dependent variables; and (5) employment of single-level linear and multiple
regressions. An additional 30 articles were not coded due to
incomplete reports (e.g., lacking one or more path coefficients),
lack of clarity in path assignments, or simply containing too
many inconsistencies to make a definitive assessment. Thus,
we were quite conservative in determining the eligibility of
models from our initial survey, making sure to examine only
standard, single-mediator models.
Because some articles contained more than one analysis, this
procedure yielded 156 mediation models for our analyses. For
each model, we recorded the coefficients and calculated ab and
c – c′. We then determined the magnitude of the discrepancy
between ab and c – c′ for each model by calculating the absolute
value of their difference, |ab – (c – c′)| (see the Table 1).
Criterion of error
The rounding of coefficients is likely to be a common source
of small ab and c – c′ discrepancies. For instance, some ab
and c – c′ discrepancies could be due to rounding up coefficients to the nearest one-hundredth (e.g., rounding up .345 to
.35) and not others (e.g., .344). However, we note that even
when a large indirect path (i.e., ab) is rounded up, rounding
does not result in much difference from c – c′. For instance, if
an a path of .635 were rounded to .64 and a b path of .755
were rounded to .76, the product would increase only by .007
(from .479 to .486). In fact, even if two coefficients of .98
3
Researchers often report the independent relationship between the
proposed mediator and the dependent variable. In some cases, the
coefficient belonging to the mediator from a simultaneous regression
of the dependent variable on both the independent variable and the
mediator is not reported (or it is unclear whether the coefficient was
reported from a single-predictor regression or a multiple regression).
Cases whereby this distinction was unclear were not included in our
analyses.

597

were both rounded up to .99, the product would increase by
.02 (from .96 to .98). Of course, as the coefficients become
smaller, the influence of rounding becomes less probable as an
explanation for an ab and c – c′ discrepancy. Thus, we find it
difficult not to attribute an ab and c – c′ discrepancy greater
than .02 to something other than rounding.4
This difficulty aside, we elected to use a conservative
criterion, one that removed any influence of inconsistencies
in rounding of path coefficients. Specifically, for each
reported model, we calculated a rounding interval for the
product of ab and difference of c and c′. Intervals were
calculated by first adding and subtracting .01 (and .001
when three decimals were reported) to each of the four
reported path coefficients. After we calculated all four combinations of ab and all four combinations of c – c′, we found
the smallest and greatest values of the products and differences to represent the possible intervals. When we found no
overlap between the ab and c – c′ rounding intervals, we
deemed the report as containing at least one error.

Results
Of the 156 single-mediator models coded from 87 separate
articles, the overall absolute discrepancy in the mean equivalence test value was .04 (SD 0 .09), 95 % CI: [.02, .05].
Figure 2 displays a histogram of the equivalence test results.
Additionally, when we restricted our definition of an error to
an absence of overlap in the ab and c – c′ rounding intervals, a
total of 38 models (24.36 %) were defined as having at least
one error. These models reached an equivalence test mean of
.14 (SD 0 .14), 95 % CI: [.09, .18]. A total of 27 out of the 87
articles (31.03 %) included at least one model with an apparent error (20 articles included one model in error, 5 articles
included two models in error, and 2 articles included four
models in error). Importantly, analyses within articles were
based on independent data (i.e., separate studies/samples).
Finally, to offer insight into the primary source of error,
we examined |ab| and |c – c′| for each of the 38 mediation
models in which there was an apparent error. Among these
models, 25 (65.79 %) of the models reported |c – c′| greater
than |ab|. This finding suggests that these equivalency errors
stem from either an inflated |c – c′| or an understated |ab|. As is
displayed in Fig. 3, the distance of a point from the equivalence diagonal indicates the magnitude of the |c – c′| – |ab|
difference. When |ab| was greater than |c – c′|, the error points
tended to fall relatively close to the equivalence diagonal, but
when |c – c′| was greater than |ab|, the error points tended to
fall relatively further from the equivalence diagonal.
4
It is worth noting that a misreport of one coefficient is enough to
offset ab from c – c′; in such cases, readers are unable to determine,
from the report alone, the particular coefficient(s) in error.
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Fig. 2 Frequencies of the ab –
(c – c′) equivalence test results
for 156 published single
mediator models

Discussion

Implications

Our intent was to offer an empirical test of the accuracy of
statistical reporting in mediation analyses, given their prevalence in personality and social psychology (MacKinnon et al.,
2007) and the significance of mediation results for inferences
of causality. We provided a tempered content analysis
by focusing on a straightforward equivalency test for
the most basic mediation analysis presented in three
high-impact journals in personality and social psychology, using highly conservative criteria. Yet in spite of
these conservative restrictions, our analysis suggests a
significant problem in the reporting of mediation
analyses. Indeed, we observed a robust discrepancy
evidenced most clearly by the frequency by which the
|ab| and |c – c′| discrepancy differed from zero and the
fact that the |c – c′| calculation was frequently greater
than the |ab| calculation in models that failed the
equivalence test. Obviously, we believe these inaccuracies call into question the legitimacy of any findings
where such discrepancy exists.

As has been noted, we believe these inaccuracies may result
from a host of reasons independent of the analysis itself (e.g.,
failed or misreported statistics). Similar to Simmons, Nelson,

Fig. 3 Absolute values of calculated products of paths a and b and
differences between paths c and c′ for 38 published models failing the
ab – (c – c′) equivalence test
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and Simonsohn (2011), then, we do not suggest that such
errors are the by-product of malicious intent. However, given
the robustness of the discrepancies in our analysis, coupled
with an absence of insight into the potential source of error
when such models are published (as in the 156 models in our
content analysis), it is difficult to ask readers to refrain from
discrediting the legitimacy of the analysis, as well as any
inferences that stem from the analysis.
Among the mediation criteria detailed by Baron and Kenny
(1986), the drop in significance from c to c′ is often the most
difficult criterion to meet; this criterion requires the researcher to
identify a variable that not only significantly predicts the dependent variable, but also predicts enough unique variance to suppress the formerly significant variance of the initial predictor.
Thus, one of our most concerning findings was that errors were
driven by a potentially inflated c – c′ statistic. Again, we believe
that this discrepancy may be driven by errors in statistical
reporting and, thus, believe that the best solution to increased
accuracy is (1) ensuring that the proper statistics are reported and
(2) verifying these statistics by conducting an equivalence test
that at least reveals some overlap between the ab and c – c′
intervals. On the other hand, our response is not blind to the
possibility that a researcher’s desire to find statistical significance
can implicitly augment the likelihood of committing such errors
(see Dawson, Gilovich, & Regan, 2002; Edwards & Smith,
1996; Koehler, 1993; Rosenthal, 1978; Rossi, 1987).
Our survey focused on high-impact journals in personality
and social psychology because, as was stated, the employment
of mediation analyses is highly prevalent in this domain
(MacKinnon et al., 2007). However, there is no reason to
conclude that other subfields of psychology are immune to
the problems we have highlighted here. Indeed, we have no
reason to suspect that the prevalence of the ab and c – c′
discrepancy is different in other subfields of psychology (e.g.,
clinical, health, developmental, cognitive psychology). We
also have no reason to suspect that the error rate would
decrease for previous years or for journals of lesser impact.
Recommendations
Baron and Kenny’s (1986) recommendations have clearly
served as a useful guide to mediation analysis. However, we
believe that accuracy and clarity in the reporting of mediation analyses can be improved by either implementing several changes to reports of the traditional Baron and Kenny
approach or adopting an alternative approach to mediation
that relies more on the strength of the indirect effect (i.e.,
ab), rather than the weakness of the initial effect (i.e., c).
When the traditional Baron and Kenny’s (1986) approach
is used, we strongly urge researchers to report all regression
coefficients, making certain to uniformly report standardized or unstandardized coefficients. As was noted, we found
several reports in which this information was simply
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incomplete (especially when mediation was reported absent
any figure). Researchers should also provide the degrees of
freedom for their tests of the various path coefficients. This
will enable readers to detect whether or not the regression
models were conducted properly (e.g., the tests of the b and
c′ paths should have one less degree of freedom than the
tests of the a and c paths) and determine whether or not
coefficients have been properly assigned to their respective
paths. Finally, of course, we recommend the employment of
the convenient equivalence test. Researchers will be better
positioned to detect their errors when the ab – (c – c′)
equivalence test is failed (i.e., when it is not equal to zero).
Of course, the Baron and Kenny (1986) approach is not the
only means by which causal inferences can be supported;
researchers have made strong cases for the employment of
moderation designs (e.g., Spencer, Zanna, & Fong, 2005) and
other alternative methods of testing mediation (Hayes, 2009;
MacKinnon, Krull, & Lockwood, 2000; MacKinnon,
Lockwood, Hoffman, West, & Sheets, 2002; Rucker et al.,
2011; Shrout & Bolger, 2002; Zhao, Lynch, & Chen, 2010).
Within this tradition, we believe that there is a new approach to
mediation analysis that may greatly reduce the frequency of the
errors that we have highlighted here. As was noted, this new
approach places greater emphasis on the indirect effect (ab) rather
than on the initial effect (c) and, consequently, any potential c – c′
discrepancy. For instance, a particularly useful software application—PROCESS (Hayes, 2012)—permits researchers to test
over 70 unique mediation models, including mediated moderation and moderated mediation. PROCESS employs a bootstrapping procedure and estimates indirect effects by calculating 95 %
confidence intervals for each indirect effect, with mediation
models deemed significant when the indirect effect confidence
intervals do not include zero (see Shrout & Bolger, 2002). Thus,
the utilization of PROCESS benefits researchers, reviewers, and
readers alike by providing a simpler rule for signaling significant
mediation. Importantly, PROCESS is accompanied by a user’s
manual, as well as an organized and straightforward output.
Furthermore, PROCESS employs error messages when specific
models are configured incorrectly. We believe that these features
will aid researchers in conducting accurate mediation analyses
and will reduce the likelihood of error.
This alternative approach aside, we still contend that
reporting each of the four coefficients in a singlemediator model remains the critical component to the
evaluation of any mediation analysis. Indeed, the reporting of these paths will be useful to meta-analyses that
may require knowledge about the relationships between
variables that are not central to the causal hypothesis
(relationships which the bootstrapping/CI approach does
not require to be reported). Moreover, regardless of the
approach, we recommend that researchers always report
the necessary information to enable replication of mediation analyses.
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current means by which mediation is reported, we believe
that our suggested amendments to the current practices of
reporting mediation using the Baron and Kenny (1986)
method can dramatically reduce such error. Furthermore,
we are encouraged by new advances in mediation analysis,
although our hope is that the present findings emphasize the
need for greater accuracy in the reporting of mediation
analysis—regardless of the analytic tool employed.

Conclusion
Given the prevalence of mediation analyses, the emphasis
placed on these analyses in inferring causality, and the
implications of these inferences for both the evaluation of
previous research and the progression of future research, it is
critical that statistical reports of such analyses be accurate.
Although our findings suggest considerable error in the

Appendix

Table 1 Articles with standard mediation analysis errors published in JESP, JPSP, and PSPB during 2011
Journal/Model

Reported path coefficients
a

b

Rounding interval
c

c′

ab

c – c′

|ab – (c – c′)|

ab

c − c′

JESP
1

.250

−.250

−.460

−.430

−.063

−.030

.033

(−.068, −.058)

2

.040

.520

−.150

−.120

.021

−.030

.051

(.015, .027)

(−.050, −.010)
(−.050, −.010)

3

−.020

.180

−.150

-.290

−.004

.140

.144

(−.006, −.002)

(.120, .160)
(.190, .230)

4

.450

.550

.510

.300

.248

.210

.038

(.238, .258)

5

−.540

−1.660

4.780

3.840

.896

.940

.044

(.875, .919)

(.920, .960)

−.237

−.185a

−.204

−.057

.019

.076

(−.062, −.052)

(−.001, .039)

6

.241a

7

.480

−.500

.590

.120

−.240

.470

.710

(−.250, −.230)

(.450, .490)

8

−.260b

−.460

−.360

−.230

.120

−.130

.250

(.113, .127)

(−.150, −.110)
(.050, .090)

9

.270

−.280

.230

.160

−.076

.070

.146

(−.081, −.070)

10

.407a

.120

.700

.330

.049

.370

.321

(.044, .054)

(.350, .390)

11

.234

−.380

−.254

.165

−.089

−.419

.330

(−.095, −.083)

(−.439, −.399)

12

.363

−.210

−.124

.108

−.086

.194

(.102, .115)

(−.106, −.066)

.298c

JPSP
13

−.220

−.300

.270

.150

.066

.120

.054

(.061, .071)

(.100, .140)

14

−.280

−.230

.270

.150

.064

.120

.056

(.059, .070)

(.100, .140)

15

.440

−.300

−.370

−.190

−.132

−.180

.048

(−.140, −.125)

(−.200, −.160)

16

.320

−.230

−.370

−.190

−.074

−.180

.106

(−.079, −.068)

(−.200, −.160)

17

.620

.460

.370

.290

.285

.080

.205

(.275, .296)

(.060, .100)

18

−.360

−.450

.800

.470

.162

.330

.168

(.154, .170)

(.310, .350)

19

.240

.540

.800

.530

.130

.270

.140

(.122, .138)

(.250, .290)

20

−.290

−.500

.970

.620

.145

.350

.205

(.137, .153)

(.330, .370)

21

.450

.700

.970

.510

.315

.460

.145

(.304, .327)

(.440, .480)

22

−4.380

.540

−2.380

.230

−2.365

−2.610

.245

(−2.415, −2.316)

(−2.630, −2.590)

23

−.271

−.183

.315

.178

.050

.137

.087

(.045, .054)

(.117, .157)

24

−.271

−.144

.285

.191

.039

.094

.055

(.035, .043)

(.074, .114)

25

.350

−.430

−.330

−.200

−.151

−.130

.021

(−.158, −.143)

(−.150, −.110)

26

.575

.303

.302

.191

.174

.111

.063

(.166, .183)

(.091, .131)

27

.360

−.310

−.260

−.170

−.112

−.090

.022

(−.118, −.105)

(−.110, −.070)

28

−.250

.560

−.220

−.120

−.140

−.100

.040

(−.148, −.132)

(−.120, −.080)

29

.460

.550

.340

.170

.253

.170

.083

(.243, .263)

(.150, .190)

30

.680

.370

.430

.220

.252

.210

.042

(.241, .262)

(.190, .230)

31

−.420

−.300

.160

.080

.126

.080

.046

(.119, .133)

(.060, .100)

32

−.210

.220

−.190

−.100

−.046

−.090

.044

(−.051, −.042)

(−.110, −.070)

33

−.190

.290

−.160

−.070

−.055

−.090

.035

(−.060, −.050)

(−.110, −.070)

PSPB
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Table 1 (continued)
Journal/Model

Reported path coefficients
a

Rounding interval

b

c

c′

c – c′

ab

|ab – (c – c′)|

ab

c − c′

34

.640

.510

.380

.020

.326

.360

.034

(.315, .338)

(.340, .380)

35

.570

−.420e

.350

.110

−.239

.240

.479

(−.249, −.230)

(.220, .260)

36

.360

−.260

−.250

.020

−.094

−.270

.176

(−.100, −.088)

(−.290, −.250)

37

.350

−.200

−.250

−.020

−.070

−.230

.160

(−.076, −.065)

(−.250, −.210)

38

.260

.400

.300

.150

.104

.150

.046

(.098, .111)

(.130, .170)

Note. JESP 0 Journal of Experimental Social Psychology; JPSP 0 Journal of Personality and Social Psychology; PSPB 0 Personality and Social
Psychology Bulletin
a

Converted reported t-test value to beta value

b

This path is most likely positive because the t-test associated with the beta is positive, and changing the reported negative sign to positive would
significantly reduce the discrepancy to an appropriate level (i.e., .01)
This path coefficient is reported as −.298 in the text on p. 1257, and this would reduce the discrepancy to .022; however, the Study 3 model is the
same as that of Study 1, and it has a positive b-path coefficient as well (in both the text and figure)

c

d

This path coefficient was calculated by converting the reported F-test value to r

The sign of −.42 could be incorrect; however, changing the sign would require changing the mirrored model 2 of Study 2, and that model would
then be significantly worse at approximating ab – (c – c′) 0 0

e

References
Bakker, M., & Wicherts, J. M. (2011). The (mis)reporting of statistical
results in psychology journals. Behavior Research Methods, 43,
666–678.
Baron, R. M., & Kenny, D. A. (1986). The moderator-mediator variable distinction in social psychological research: Conceptual,
strategic, and statistical considerations. Journal of Personality
and Social Psychology, 51, 1173–1182.
Berle, D., & Starcevic, V. (2007). Inconsistencies between
reported test statistics and p-values in two psychiatry journals. International Journal of Methods in Psychiatric Research, 16, 202–207.
Bodenhausen, G. V., Macrae, C. N., & Sherman, J. W. (1999). On the
dialectics of discrimination: Dual processes in social stereotyping.
In S. Chaiken & Y. Trope (Eds.), Dual process theories in social
psychology (pp. 271–290). New York: Guilford Press.
Dawson, E., Gilovich, T., & Regan, D. T. (2002). Motivated reasoning
and performance on the Wason Selection Task. Personality and
Social Psychology Bulletin, 28, 1379–1387.
Dovidio, J.F., ten Vergert, M., Stewart, T.L., Gaertner, S.L., Johnson,
J.D., Esses, V.M., …& Pearson, A.R. (2004). Perspective and
prejudice: Antecedents and mediating mechanisms. Personality
and Social Psychology Bulletin, 30, 1537–1549.
Edwards, K., & Smith, E. E. (1996). A disconfirmation bias in the
evaluation of arguments. Journal of Personality and Social Psychology, 71, 5–23.
Fiske, S. T., Lin, M., & Neuberg, S. L. (1999). The continuum model:
Ten years later. In S. Chaiken & Y. Trope (Eds.), Dual process
theories in social psychology (pp. 231–254). New York: Guilford
Press.
Hayes, A. F. (2009). Beyond Baron and Kenny: Statistical mediation
analysis in the new millenium. Communication Monographs, 76,
408–420.
Hayes, A.F. (2012). PROCESS. [Computer software] Retrieved from http://
www.afhayes.com/spss-sas-and-mplus-macros-and-code.html
Kenny, D. A., Kashy, D. A., & Bolger, N. (1998). Data analysis in
social psychology. In D. Gilbert, S. Fiske, & G. Lindzey (Eds.),
Handbook of social psychology Vol. 1 (4th ed., pp. 233–265).
Boston: McGraw-Hill.

Koehler, J. J. (1993). The influence of prior beliefs on scientific judgments of evidence quality. Organizational Behavior and Human
Decision Processes, 56, 28–55.
MacKinnon, D. P., & Dwyer, J. H. (1993). Estimation of mediated
effects in prevention studies. Evaluation Review, 17, 144–158.
MacKinnon, D. P., Fairchild, A. J., & Fritz, M. S. (2007). Mediation
analysis. Annual Review of Psychology, 58, 593–614.
MacKinnon, D. P., Krull, J. L., & Lockwood, C. M. (2000). Equivalence of the mediation, confounding, and suppression effect.
Prevention Science, 1, 173–181.
MacKinnon, D. P., Lockwood, C. M., Hoffman, J. M., West, S. G., &
Sheets, V. (2002). A comparison of methods to test mediation and
other intervening variable effects. Psychological Methods, 7, 83–104.
Rosenthal, R. (1978). How often are our numbers wrong? American
Psychologist, 33, 1005–1008.
Rossi, J. S. (1987). How often are our statistics wrong? A statistics
class exercise. Teaching of Psychology, 14, 98–101.
Rucker, D. D., Preacher, K. J., Tormala, Z. L., & Petty, R. E. (2011).
Mediation analysis in social psychology: Current practices and
new recommendations. Social and Personality Psychology Compass, 5, 359–371.
Shrout, P. E., & Bolger, N. (2002). Mediation in experimental and
nonexperimental studies: New procedures and recommendations.
Psychological Methods, 7, 422–445.
Simmons, J. P., Nelson, L. D., & Simonsohn, U. (2011). False-positive
psychology: Undisclosed flexibility in data collection and analysis allows presenting anything as significant. Psychological Science, 22, 1359–1366.
Smith, E. R. (2012). Editorial. Journal of Personality and Social
Psychology, 102, 1–3.
Spencer, S. J., Zanna, M. P., & Fong, G. T. (2005). Establishing a
causal chain: Why experiments are often more effective than
mediational analyses in examining psychological processes. Journal of Personality and Social Psychology, 89, 845–851.
Wicherts, J. M., Bakker, M., & Molenaar, D. (2011). Willingness to
share research data is related to the strength of the evidence and
the quality of reporting of statistical results. Public Library of
Science ONE, 6, 1–7.
Zhao, X., Lynch, J. G., Jr., & Chen, Q. (2010). Reconsidering Baron
and Kenny: Myths and truths about mediation analysis. Journal of
Consumer Research, 37, 197–206.

