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We first assess the current level of statistical power across articles
in seven leading journals that represent a broad sample of applied
psychology and management research. We next survey the authors
of these articles to examine their perceptions and usage of statisti-
cal power analysis. Finally, we examine the perceptions and usage of
power analysis in a survey of authors of regression-based research ap-
pearing in leading journals. Findings from the assessment of power
and surveys of researchers indicate that power analyses are not typi-
cally conducted, researchers perceive little need for statistical power,
and power in published research is low. We conclude by discussing im-
plications of low power for the field and recommending avenues for
improving researchers’ awareness and usage of statistical power.

The predominance of a conservative approach to hypothesis testing,
which places greater emphasis on reducing Type I errors than Type Il er-
rors, has been widely recognized in social science research (e.g., Chase
& Chase, 1976; Cohen, 1988; Lykken, 1968; Rossi, 1990; Sauley & Be-
deian, 1989). Whereas Type I errors can be considered mistakenly be-
lieving there are significant differences when they actually do not exist,
Type II errors may be viewed as mistakenly overlooking significant dif-
ferences that do exist. Given our field’s emphases on minimizing Type I
(o) errors, some consequences of neglecting Type II (3) errors might be
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useful to acknowledge. One potential consequence is insufficient statis-
tical power, usually due to small sample sizes. When statistical power is
inadequate, researchers are unable to detect or reject actually false null
hypotheses, meaning that they have overlooked meaningful differences
or effects. As a result, Cohen (1962) has argued that much research
reports spuriously “negative” results and there may frequently be “pre-
mature abandonment of useful lines of investigation” (p. 153). Another
potential consequence of neglecting Type II errors, arguably less com-
mon, is excessively large data collections. Overpowered samples can be
wasteful in terms of unnecessary effort, time, and resources spent, and
may be oversensitive to trivial or irrelevant “significant” findings.

Despite the importance of statistical power, researchers routinely fail
to plan studies with sufficient power. Over 30 years ago, Cohen (1962)
noted that investigators contributing to the Journal of Abnormal and So-
cial Psychology had, “on the average, a relatively (or even absolutely)
poor chance of rejecting their major null hypotheses, unless the effect
they sought was large” (p. 151). A recent update of this line of work sug-
gests that the situation has not improved and may have, in fact, worsened
(Sedimeier & Gigerenzer, 1989). Insufficient statistical power has been
the common finding in power assessments across diverse fields such as
marketing (Sawyer & Ball, 1981), applied psychology (Chase & Chase,
1976), clinical psychology (Rossi, 1990), and communication (Chase &
Tucker, 1975). As in other social science and behavioral fields, contem-
porary research in applied psychology and management rarely refers to
the issue of statistical power. For example, the most recent published
empirical assessments of statistical power in management research were
conducted by Mazen, Graf, Kellogg, and Hemmasi (1987) and Mazen,
Hemmasi, and Lewis (1987). They found that small effect sizes were
the norm, small and medium effect size studies were characterized by
limited statistical power, and explicit consideration of power issues was
almost nonexistent.

Due to the importance of statistical power in applied psychology and
management research and the limited research attention the topic has
received, we think it is useful to further explore statistical power. Specif-
ically, one purpose of the present study is to provide a current, represen-
tative assessment of the field’s statistical power. To expand the scope of
this study, we define management broadly to include organizational be-
havior, organizational theory, applied (I/O) psychology, human resource
management, and strategic management. Most research on statistical
power in these areas has been based on methodological or computa-
tional aspects (e.g., Cascio & Zedeck, 1983; Stone-Romero & Ander-
son, 1994), rather than assessments of power levels. Further, recent as-
sessments of statistical power in management journals are now dated,
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cover a limited domain, and may not be widely generalizable. Mazen
et al. (1987b), for example, examined data from 3 years (1982-1984) of
Strategic Management Journal and one year (1984) of Academy of Man-
agement Journal, whereas Mazen et al. (1987a) examined data published
in 1984 by the Academy of Management Journal, the Journal of Manage-
ment and the Proceedings of the Midwest Division of the Academy of Man-
agement. In short, we do not know whether past examinations of statis-
tical power in management research are representative of current prac-
tices.

The second purpose of our study is to explore researchers’ percep-
tions and usage of statistical power analysis. Our goal is to go beyond the
assessment of power levels in published research by investigating under-
lying beliefs that lead to specific research behaviors. Such an investiga-
tion may be a better source for understanding the extent of power analysis
usage, relative to actual power assessments, and may also enable more
accurate judgments concerning the impact of past calls for greater sta-
tistical power. Finally, an examination of perceived purposes and im-
portance of statistical power may allow greater discernment of reasons
leading toward or away from statistical power analysis in planning or eval-
uation stages of research. For example, are researchers aware of power,
but consciously choosing not to conduct power analyses? If so, why?
Answers to such questions represent an opportunity to understand and
assess the accuracy of perceptions concerning the role and use of statis-
tical power analyses.

A third purpose of thisresearch is to call attention to the role of statis-
tical power in terms of how researchers approach it and, more broadly,
its implications for the field of management research. If researchers
deem statistical power to be unimportant and subsequently choose to ig-
nore it, what are the consequences for the field? The costs and implica-
tions for knowledge advancement of such a situation will be explored,
and recommendations will be offered with respect to improving both
awareness and usage of statistical power.

In the following section, we first describe an assessment of current
statistical power levels in leading management journals. We then re-
port the findings of two surveys of authors publishing empirical research
in leading journals. The first survey focuses on perceptions and us-
age of leading researchers using a variety of empirical techniques; the
second focuses on authors employing management’s dominant analytic
technique, multiple regression/correlation analyses. Our study draws
from three independent sources to triangulate different perspectives on
the same phenomenon, following examples by Orr, Sackett, and Dubois
(1991) and Weinzimmer, Mone, and Alwan (1994) and suggestions by
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proponents of multiple methods and replication studies (Jick, 1979;
Mone & McKinley, 1993; Neuliep, 1991; Rosenthal, 1990).

Examination of Power Levels, Usage, and Perceptions
Study 1: Statistical Power in Management Journals

Article selection. To assess the current level of statistical power in
management research, we examined empirical articles in seven lead-
ing management journals, including Academy of Management Journal,
Administrative Science Quarterly, Journal of Applied Psychology, Journal
of Management, Organizational Behavior and Human Decision Processes,
Personnel Psychology, and Strategic Management Journal. These journals
fairly equally represent the research in micro (e.g., JAP, PP), macro (e.g.,
ASQ, SMJ), and mid-range (e.g., AMJ,JOM, OBHDP) areas of manage-
ment. In addition, the leading status of these journals has been well doc-
umented in past research (e.g., Coe & Weinstock, 1984; Extejt & Smith,
1990; Johnson & Podsakoff, 1994).

For each journal, we randomly selected 10 articles per volume from
the most recent, complete 3 years (1992-1994). This resulted in a total
of 210 articles selected (3 years x 10 articles x 7 journals). These arti-
cles represent approximately 18% of all articles published in the seven
journals over these 3 years, and include 26,471 statistical tests. Like past
power research (e.g., Mazen et al., 1987a), this number of tests includes
all rs in correlation matrices. The articles were screened to include only
those containing statistical tests for which retrospective power analyses
could be conducted. By a considerable margin, our selection of the 3
most recent years’ articles covers more years, more journals, and more
statistical tests than any previously published assessment of power in
management studies.

Power of statistical tests. The power was determined for each of the
statistical tests reported in the articles. There are three co-determinants
of statistical power (Cohen, 1988): The significance criterion («)) which
is the researcher’s long-term probability of erroneously rejecting the null
hypotheses, the sample size, and the effect size which reflects the magni-
tude of a phenomenon in a population (e.g., the impact of the indepen-
dent variable on the dependent variable or the standardized mean differ-
ence). As Mazen et al. (1987a) contended, “The three parameters and
statistical power are so closely related that when any three are known,
the fourth can be precisely determined” (p. 370). In the present study,
Cohen’s (1988) power analysis tables and formulae were used to com-
pute statistical power for all forms of correlation, multiple regression,
ANOVA, t test, and chi-square (including LISREL) tests. We assumed
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TABLE 1

Frequency and Ascending Cumulative Percentage Distribution
of Statistical Power*

Small effect size Medium effect size Large effect size
. umulative Cumulative Cumulative
Power Frequencies percent Frequencies percent Frequencies percent

.99-1.00 9 4 49 23 124 59
.95~ .98 3 7 15 30 22 70
80- .94 1 7 21 40 17 78
.80- .89 5 9 24 52 21 88
70-.79 1 10 20 61 8 91
60— .69 6 13 19 70 10 96
.50~ .59 7 16 21 80 4 98
40~ .49 9 20 18 89 1 98
30-.39 15 27 8 93 2 99
20~ .29 43 47 i1 98 0 99
.10-.19 75 83 3 99 1 100
05-.09 36 100 1 100 0 100

Note: Power assessments assumed .05 alpha and two-tailed tests.
* Frequencies above the dotted line achieved the conventional power of .80.

the use of .05 alpha levels and two-tailed tests. Following past research,
we examined the power of global model tests, not individual parame-
ter estimates. As such, our findings represent upper bound estimates of
power levels, because individual parameter tests are typically less pow-
erful (Cascio, Valenzi, & Silbey, 1980; Cascio & Zedeck, 1983; Cohen,
1977).

In past power research (e.g., Chase & Chase, 1976; Cohen, 1962;
Mazen et al., 1987a), for each article the average statistical power was
calculated for small, medium, and large effect sizes. With this conven-
tional procedure, no matter how many tests were contained in a partic-
ular article, all articles counted equally in the analysis. In our study, we
likewise distributed the mean values for power at each of the three levels
of effect size and determined their central tendency measures. Because
effect sizes vary by type of statistic, Cohen’s (1988) conventional defi-
nitions of small, medium, and large effect sizes for each statistic were
used. As an example, small, medium, and large effects for Pearson cor-
relations (7) are .10, .30, and .50, respectively. Also following Mazen
et al. (1987a), we omitted secondary tests like manipulation checks and
peripheral reliability estimates.

Results. The primary analysis of statistical power in these 210 articles
rcvealed that for small cffect sizes, average power across tests was .27;
for medium effect sizes, average power across tests was .74; and for large
effect sizes, power was .92. More important than the average power,
however, were the frequencies of articles reaching or exceeding the rec-
ommended power of .80 (see Table 1). For small effect sizes, fewer than
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TABLE 2

Means and Standard Deviations of Statistical Power for Small,
Medium, and Large Effect Sizes by Type of Statistic

Effect size

Type of statistic N of analyses Small Medium Large

ANOVA 126 22 62 .93
(:21) (:31) (249)

Chi-Square 113 25 72 .93
(27) (:28) (.16)

Correlation 225 33 .83 97
(29) (22) (.08)

Multiple regression 165 23 73 .92
(:26) (.31) (.18)

T test 17 33 .80 95
(:26) (21 17

Note: Standard deviations are in parentheses. Power assessments assumed .05 alpha
and two-tailed tests.

10% of the articles reached or exceeded .80; for medium effect sizes,
approximately 52% of the articles reached or exceeded .80; and for large
effect sizes, approximately 88% of the articles reached or exceeded .80.
Across all effect sizes, the recommended level of power was achieved
in only about half the articles, and for small and medium effect sizes
combined, the recommended power was achieved in only about 1 in 3
studies (i.e., approximately 37% of the time). This suggests that, across
all effect sizes, researchers assume an average risk of sustaining false
null hypotheses about half the time, and this risk greatly increases when
small and medium effect sizes are considered.

In the next section, power levels are examined with respect to type
of statistic, journal, and year of publication. From Cohen’s (1988) text,
the average statistical power of these tests was approximately .95 (range
= .76-1.00). First, analyses of variance (ANOVAs) of power level by
type of statistic used in each of the 646 analyses (e.g., ANOVA, chi-
square, correlation, multiple regression, and ¢ test) revealed significant
main effect differences for small (d.f. = 4, 641; F = 5.70, p <.001),
medium (d.f. = 4, 641; F = 11.35, p < .001), and large (d.f. = 4,
641; F = 15.96, p < .001) effect sizes. Table 2 contains descriptive
information concerning power levels for each statistic and effect size.
Tukey’s studentized range tests (an ANOVA procedure) were conducted
to determine which statistics had significantly different power levels, at
the p < .05 level. The purpose of this analysis is to determine whether
there are significant differences in the actual power level of the various
types of statistics commonly employed in the leading journals.
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TABLE 3

Means and Standard Deviations of Statistical Power lfor Small,
Medium, and Large Effect Sizes by Journa

Effect size

Journal N of analyses Small Medium Large

Academy of Management Journal 70 20 62 .93
(.19) (32) (21

Administrative Science Quarterly 104 32 .80 .95
(:32) (27 (.13)

Journal of Applied Psychology 100 35 82 .95
(.31) (:25) (.15)

Journal of Management 77 33 .82 .96
(31 (:26) (.12)

Organizational Behavior and 113 17 .60 .87
Human Decision Processes (:18) (:27) (:21)

Personnel Psychology 105 .30 83 97
(.25) (:23) (.09)

Strategic Management Journal 77 .18 63 .87
(:20) (31 (.22)

Note: *Standard deviations are in parentheses.  Power assessments assumed .05 alpha
and two-tailed tests.

For both small and medium effects, the power of correlations is not
significantly different than that of ¢ tests, but is significantly greater than
the power of chi-square, multiple regression, and ANOVA. In addition,
for medium effects, the power of chi-square and multiple regression are
both significantly greater than the power of ANOVA. For large effects,
the power of correlation is not significantly different than the power of ¢
test or chi-square, but is significantly greater than the power of multiple
regression and ANOVA. Further, the power of ¢ test, chi-square, and
multiple regression are not significantly different, but are all significantly
greater than the power of ANOVA.

Second, ANOVAs of power level by journal (e.g., AMJ, ASQ, JAP,
etc.) also revealed significant main effect differences for small (d.f. =
6,639; F = 8.41, p <.001), medium (d.f. = 6, 639; F = 13.00, p <.001),
andlarge (d.f. = 6,639; F' = 7.31, p <.001) effect sizes. Table 3 contains
descriptive information concerning power levels for each journal and
effect size. Tukey’s studentized range tests were conducted to determine
which journals had significantly different power levels, at the p < .05
level. For all effect sizes, the power levels found inJAP, JOM, ASQ, and
PP weic not significantly different. For botu smali and medium effects,
these four journals had significantly greater power than that found in
AMJ, SMJ, and OBHDP. For large effect sizes, the power level of PP was
significantly greater than those in AMJ; and PP, JOM,JAP, and ASQ had
significantly higher power levels than SMJ and OBHDP.



110 PERSONNEL PSYCHOLOGY

Third, ANOVAs of small (d.f. = 2, 637; F = .45, ns), medium (d. f.
=2,637; F = .76, ns), and large (d.f. = 2,637; F = 1.21, ns) effect sizes
by year revealed no significant differences in power levels across the 3
years.

Studies 2 and 3: Practices and Perceptions of Researchers

In the prior section, the actual power of small, medium, and large ef-
fect sizes, given sample sizes and types of statistics employed, was evalu-
ated across seven leading journals. Yet, that examination does not con-
sider the possibility that researchers actually conduct power analyses, but
that other factors might account for the relatively low power levels. For
example, it may be that power analyses occur more frequently today, but
pragmatic limitations (e.g., budgetary or time constraints) prohibit the
increased power called for by past researchers (e.g., Cohen, 1992; Mazen
at al,, 1987b). Hence, we next examined the perceptions and practices
of researchers publishing in leading management journals. Specifically,
we sought to understand whether power analyses are undertaken and
the reasons for using or not using power analyses.

Sample and procedure. We drew from two different but overlapping
populations of researchers. First, for Study 2 we surveyed the lead au-
thors of the 210 empirical articles described in our assessment of statisti-
cal power in current leading management research (Study 1). Together,
Studies 1 and 2 provide information on the actual power level of 210
recent articles, matched with the perceptions and power analysis usage
of many of these articles’ authors. Then, for Study 3 we examined per-
ceptions and power analysis usage of researchers using multiple regres-
sion/correlation analyses, the most commonly used analytic technique in
management (e.g., Podsakoff & Daiton, 1987; Weinzimmer et al., 1994).

Of the 210 lead authors identified for Study 2, 29 had multiple publi-
cations or overlapped with lead authors for Study 3, reducing the sample
to 181. For Study 3, we identified the lead authors of all empirical arti-
cles containing regression-based analyses from five journals (AMJ, ASQ,
JAP,JOM, and SMJ) across 4 years (1989-1992). We use Cohen and Co-
hen’s (1983) definition of regression-based models, which includes sim-
ple, multiple and moderated linear regression, and all forms of ANOVA.
Of the 727 articles published in these journals from 1989 to 1992, 618
(85.0%) were empirical. Of these, 411 (66.5%) used regression-based
analyses. Multiple publications across the journals by 42 authors and in-
complete or unavailable addresses for another 25 authors reduced the
number of authors to 344 (304 domestic; 40 international). Because
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identical surveys were used and response rates, respondent character-
istics, and results were almost identical across both populations, the re-
porting of remaining procedures and results are combined for Studies 2
and 3.

All 525 lead authors were sent a survey on perceptions and usage of
statistical power analysis. An accompanying cover letter explained the
study’s purpose and participants’ anonymity. Approximately 3 weeks
later a follow-up reminder letter was mailed. Usable responses were
received from 169 authors; another 33 surveys were returned due to
authors no longer residing at their listed address. This resulted in a
34.4% response rate which, considering the personal, somewhat private
nature of the research, seems fairly reasonable.

The survey was divided into four sections. The first section exam-
ined authors’ actual usage of statistical power. In the second section,
authors using power analysis were asked the extent to which they agreed
or disagreed (5-point Likert-type scales, 5 = strongly agree) with different
reasons for using power analysis. Also for authors using power analyses,
a third section was concerned with perceptions of sufficient power lev-
els, sources of effect size, and software programs or sources for power
calculations. A final section of the survey, answered by authors not using
power analysis, examined reasons for not using power analysis. Demo-
graphic information was also collected.

Respondent characteristics. Of the 169 respondents, 51 (30.2%) desig-
nated organizational behavior as their primary research area; 35 (20.7%)
indicated I/O psychology; 23 (13.6%) indicated strategy/policy; 19
(11.2%) indicated human resource management; 19 (11.2%) indicated
organizational theory; and 22 (13.0%) indicated other primary research
area (e.g., accounting, healthcare, etc.). As anticipated, almost 95% of
the respondents held academic positions, with the remainder working for
consulting firms, government, or other employers. The average num-
ber of research publications over the past 3 years was 7.66 (median =
5.5; SD = 7.4), indicating that this sample can be considered well pub-
lished. Because the authors were selected from among those publishing
in leading management journals, their research behaviors may be con-
sidered among the best practiced, compared to those publishing in less
acclaimed journals or those not publishing at all.

Results. Concerning actual power analysis usage in research projects
over the past 3 years, 108 (63.9% of respondents) authors reported never
using power analysis. In the rest of this section, the perceptions and prac-
tices of the remaining 61 authors who used power analysis in at least
one project are discussed. Of these researchers, 94.8% reported a de-
sired power level of .80 or greater in their power calculations. 54.2%
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report actually estimating effect sizes all the time, whereas 39.0% re-
port actually estimating effect sizes half the time or less. Of the power
analysis users, 51.3% reported using different estimates of effect size
when different analytic techniques were used (which is appropriate). Fi-
nally, 50.0% of those using power reported never performing post-hoc
power analyses when non-significant results were obtained, 17.2% re-
ported performing post-hoc power analyses all the time, and 32.8% re-
ported performing post-hoc power analyses between 10% and 90% of
the time.

Reasons for using power analysis. Of those using power analyses,
83.6% strongly or moderately agreed (correctly) with the statement,
“Sufficient statistical power increases the likelihood that if significant
effect sizes exist, they will be detected as statistically significant,” and
13.1% disagreed moderately or strongly with this statement. Consid-
erably fewer, 58.3%, moderately or strongly agreed (correctly) with
the statement, “Sufficient statistical power ensures that potentially pro-
ductive research findings are not prematurely terminated,” whereas
18.3% strongly or moderately disagreed with this statement. Finally,
only 16.2% moderately or strongly agreed with the reason that “Suf-
ficient statistical power ensures that statistically significant results will
be obtained,” whereas 72.5% moderately or strongly disagreed with this
statement. It can be noted that power alone does not ensure significance;
sizable effects must first exist. Wilcoxon matched-pairs tests of differ-
ences between ranks for the first and second reasons (Z = 1.68, p <.05)
and the second and third reasons (Z = 3.93, p <.01) reveal significant
differences.

Concerning the perception of generally sufficient power, almost 90%
of those using power analyses consider .80 or greater appropriate. The
majority (56.3%) derive effect size estimates from prior research (their
own or others), 29.2% get effect sizes from Cohen (e.g., 1988), and
14.6% use other sources. Of those conducting power analyses, a large
majority (74.1%) use Cohen’s (1977 or 1988) text as their source for
power calculations, 11.1% use SPSS software (e.g., SPSS, Inc., 1988),
and the remaining 14.9% use other sources.

Reasons for not using power analysis. Almost 64% of the respon-
dents reported never using power analyses. Most prominently, 68.9%
of these respondents agreed moderately or strongly that they do not use
power because, “Editors or reviewers do not require power analysis.”
Only 13.0% disagreed moderately or strongly with this statement. Again,
Wilcoxon matched-pairs tests were employed to assess differences in suc-
cessive rankings of reasons given for not using power analysis. Signifi-
cantly fewer researchers (Z = 2.86, p < .01), 54.4%. agreed moderately
or strongly with the statement “I use large sample sizes in my research.”
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Only 23.2% disagreed strongly or moderately with this statement. Of
comparable importance (Z = 0.74, ns), with 54.3% agreeing moder-
ately or strongly, was that, “My sample size is fixed, or can’t easily be
changed.” There were 28.5% who disagreed strongly or moderately with
this statement. The fourth most common reason (Z = 1.02, ns), with
40.7% agreeing strongly or moderately, was that, “I have limited access
to power analysis software programs” (36.3% strongly or moderately dis-
agreed). A significantly smaller portion (Z = 2.07, p <.01), 28.7% of
those not using power analyses, agreed strongly or moderately with the
statement, “I am not familiar with tools to perform power analysis,” al-
though 48.2% disagreed moderately or strongly with this statement. And
finally, significantly fewer (Z = 2.52, p <.01), 14.9%, agreed strongly
or moderately with the statement, “I am not familiar with power analy-
sis.” A large majority (67.4%) disagreed strongly or moderately with this
statement, thereby indicating a high awareness of the concept, at least,
of power analysis. In response to an open-ended question, the majority
(74.1%) indicated there were no other reasons for their not using power
analysis. Of the other reasons that were cited, the most frequently men-
tioned was due to the use of case or qualitative studies (n = 5) or because
the entire population was sampled (n = 4).

Discussion

This paper reports evidence obtained from three examinations of sta-
tistical power analysis levels, perceptions, and practices in applied psy-
chology and management research. The first examination (i.e., Study 1)
of the actual statistical power levels across a current sample of leading
journals corroborates earlier research, suggesting that the average sta-
tistical power level in our field is still fairly low. Because we examined
only global model tests, not individual parameters, our findings likely
overstate the actual power of the tests. As Cohen (1977, pp. 117-119)
discusses, due to shared variance across parameter estimates, effect sizes
of individual parameter estimates typically will be smaller, resulting in
lower power and larger required sample sizes. These findings suggests
that, as researchers, we should be more aware of and concerned with
statistical power.

Study 1 also examined differences in power levels by year of publica-
tion, type of statistic, and journal. There were no significant differences
concerning year of publication. Regarding type of statistic, ANOVA was
found to have significantly smaller power levels thar: other tvpes of statis-
tics. This suggests that researchers who rely extensively on ANOVA may
want to use larger sample sizes or they will face a greater risk of overlook-
ing significant effects. Of the seven leading journals examined, Personnel
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Psychology contained the highest power levels for medium and large ef-
fects, and was among the most powerful for small effects. We believe
that differences in power levels across journals are at least partially at-
tributable to the attention that authors, reviewers and editors give to
specific conceptual, methodological, and statistical issues. To verify this
contention, we carefully examined instructions for authors across these
seven leading journals. Only PP, in its “Editorial Checklist for Authors”
(Campion, 1993), specifically calls for having and reporting adequate
statistical power and for interpreting nonsignificant results accordingly.
We would expect that such policies direct more attention to statistical
power in all stages of research.

From our Study 1 findings of generally low power across the journals,
it might be concluded that the impact of past surveys has been minimal
or that calls for greater statistical power levels and usage have gone un-
heeded. However, we think that before any useful diagnoses concern-
ing power usage can be offered, it is necessary to examine the extent to
which researchers use power analyses and their reasons for conducting
or not conducting power analyses. Thus, we examined the practices and
perceptions of researchers publishing in the leading journals.

Across Studies 2 and 3, of the approximately one-third of the respon-
dents using power analysis in at least one of their studies, most were in
agreement with commonly accepted practices and perceptions concern-
ing power usage. For example, most seek power of .80 or greater, vary
their use of effect sizes with different statistics, and agree with the state-
ment that the reason for using power is to detect significant effect sizes if
they actually exist. It appears that some could vary their estimates of ef-
fect size when employing different statistics and more could use post-hoc
power analyses to a greater extent.

In both Studies 2 and 3, a larger portion, almost two-thirds, of the
respondents never use power analysis, and herein lies cause for greater
concern. Most fundamentally, these researchers believe there is little
call for greater usage of power analysis by journal editors or reviewers.
It is unlikely that editors or reviewers have ever intended to convey
the message or impression that power analysis usage is unimportant.
However, the silence concerning the use of power analysis by these and
other gatekeepers seems to have had a pervasive impact on researchers’
beliefs and behaviors. Our belief that researchers are aware of power
analysis, but choose not to use it, is corroborated by the high degree of
disagreement (approximately two-thirds of the non-power users) with
the statement, “I am not familiar with power analysis.”

It is our contention that researchers’ fundamental lack of perceived
need for power analysis, found overwhelmingly in Studies 2 and 3, aug-
ments the remaining reasons for not using power analyses. On the one
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hand, there are pragmatic reasons for not using power analyses in a pri-
ori or planning stages of research. For example, perceptions concerning
large or fixed sampie sizes or beliefs that sample sizes can’t easily be
changed may refiect the difficulties and realities of acquiring data in or-
ganizational research. In addition, having limited access to power pack-
ages or being unfamiliar with tools used to perform power analysis are
reasonable barriers to pursuing power analysis. Yet, on the other hand,
we think that there is understandably little motivation to learn how large
a sample is large enough, master how to economically increase sample or
effect sizes, gain access to power packages, become familiar with power
tools, and so forth, without there being some greater perceived need for
increased power usage.

So, this raises at least two central questions: (a) Of what purpose
or importance, really, is statistical power? (b) Why should researchers
be interested in power usage and seek to increase the power of their
research? We think that statistical power analysis and levels are im-
portant because of both advancement of knowledge and economic rea-
sons. First, with respect to knowledge advancement, inadequate statisti-
cal power by definition translates into an increased likelihood that, even
if significant effect sizes exist in the population, they will be overlooked
in samples used by management researchers. This suggests that the fairly
low power in published research may be an indicator of a much larger
body of research that is unpublishable, due to non-attainment of statis-
tically significant results. To the extent that this body of research exists,
there are grave implications for advancement of knowledge, because this
suggests that research actually conducted may not accurately reflect the
nature of the phenomenon under investigation. Likewise, and of greater
concern, to the extent that underpowered research is published and con-
tains incorrectly accepted false null hypotheses, research can be mislead-
ing or contradictory at best and, at worst, highly erroneous (cf. Tversky
& Kahnman, 1971). For example, our findings indicate that across all
effect sizes, researchers assume an average risk of sustaining false null
hypotheses about half the time, and that small and medium effect sizes
increase this risk considerably. Because Cohen (1988) maintains that
small effect sizes are the norm in social and behavioral sciences, the risks
of making Type II errors appear to be quite prevalent.

Another consequence of disregarding statistical power, that of hav-
ing overpowered samples and tests, can also affect the development and
advancement of knowledge. Excessively large sampies likely occur less
frequently than underpowered samples but still raise a serious concern,
particularly in instances of relatively unlimited data access and collection
(e.g., PIMS-type databases, secondary data sets on CD-ROM). The risk
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encountered here is one of oversensitivity to trivial or irrelevant find-
ings (Chase & Tucker, 1976; Lykken, 1968). In any practical sense such
findings hold little meaning (i.e., explain little variance), but by virtue
of large sample sizes may attain the hallowed status of “statistically sig-
nificant.” Given our field’s predilection toward publishing statistically
significant findings (Sauley & Bedeian, 1989), as compared to the mag-
nitude or effect size of the phenomenon under investigation, the goals
of scientific inquiry are compromised and knowledge is not necessarily
advanced.

A second argument for paying greater attention to statistical power
concerns economic or efficiency reasons. With insufficient statistical
power, there exists an increased likelihood that researchers’ time, effort,
and other resources are unnecessarily wasted on research endeavors,
Simply put, sufficient statistical power allows researchers to more con-
fidently conclude that there are no significant differences (i.e., to more
accurately detect and reject false null hypotheses). Without such con-
fidence, researchers may incorrectly conclude that their hypotheses are
unsupported by the data or that their data collection efforts have been
in vain. Additionally, during planning stages, power analysis allows re-
searchers to more confidently assert that their sample sizes are adequate,
thereby saving time and effort on unnecessary (i.e., overpowered) data
collection. Finally, post-hoc or evaluative power analyses can be useful
for learning whether additional data collection is necessary and, if so,
the nature of data to be collected. Post-hoc power tests may also indi-
cate the need for increased effect sizes or alternative measurements and
research designs.

To remedy the low power that exists in management journals, we rec-
ommend several actions. First, journal editors, reviewers, and other
gatekeepers could make more explicit the need to conduct and report
power analyses. Ininstances where statistically nonsignificant results ap-
pear, it should be stressed that post-hoc power analyses should reach
or exceed the conventional .80 level. Without such power levels, re-
searchers have not given their null hypotheses a fair chance of being re-
jected and, consequently, spuriously negative results are more likely to
occur. From the few (14) articles in our sample of 210 reporting the use
of power analyses, 5 used post-hoc power analyses to adjust alpha lev-
els or to explain their nonsignificant findings (e.g., Collins, Hatcher, &
Ross, 1993; Cortina, Doherty, Schmitt, Kaufman, & Smith, 1992). More
research would seemingly benefit from such practice.

Second, more emphases need to be placed by both editorial gate-
keepers and researchers on the role of effect sizes, and less on the single
criterion of statistical significance («, or p), for judging the findings of
results. A number of researchers, including Cohen (1988, 1992), Hunter
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and Schmidt (1990), Lykken (1968), and Rosenthal (1991) have articu-
lated the advantages of reporting and evaluating effect sizes in research.
In short, the reporting of effect sizes allows results to be evaluated in
terms of their practical significance and increases the likelihood that ef-
fects (i.e., magnitude of a phenomenon in a population or impact of in-
dependent variables) can be compared across studies. The reporting of
effect sizes therefore increases the replicability of research streams and
the ability to aggregate effect sizes through meta-analyses. However,
neither replication nor meta-analyses negate the need for individual re-
searchers to fully utilize statistical power analyses. Indeed, statistically
underpowered research may never overcome what Rosenthal (1979) de-
scribed as the “file drawer problem,” meaning that due to a field’s ob-
session with statistical significance, a study’s nonsignificant findings may
relegate it to terminal existence in a file drawer.

Finally, researchers should realize that they have everything to gain,
and little to lose, by examining the statistical power in their research
more carefully. Perhaps by more clearly recognizing the consequences
of low power, researchers will see the personal (e.g., economic, effi-
ciency) gains and the potential impact on the advancement of knowl-
edge. Likewise, greater sensitivity to the squandered time, effort, and fi-
nancial resources devoted to unnecessarily large data collections should
provide further incentive to investigate appropriate power before con-
ducting research. Over a dozen microcomputer software packages now
exist for computing power in both planning and retrospective analysis
formats (for a review, see Goldstein, 1989). Cohen’s (1988) manual on
power analysis, complete with straightforward tables for almost all sta-
tistical tests, is both comprehensive and easy to use. Other hands-on
sources for power analysis, generally based on Cohen’s work, include
Kraemer and Thiemann (1987), Lipsey (1990), and Rosenthal and Ros-
now (1991).

Beyond simply addressing sample size considerations, these and other
sources provide numerous suggestions for increasing effect size and sta-
tistical power. One suggestion involves improving methodological tech-
niques and employing better measurement models to increase effect
sizes (e.g., more reliable measures and stronger tests or manipulations).
Measurement unreliability attenuates validity estimates, reduces statis-
tical power, and increases the need for larger samples (Sawyer & Ball,
1981; Schmidt, Hunter, & Urry, 1976; Sutcliffe, 1980). Range restric-
tion is another factor that inhibits effect size estimates, resulting also in
lower power (Schmidt et al., 1976). Researchers should correct for mea-
surement unreliability and range restriction, using formulae suggested
by Schmidt et al. (1976) or Schmitt and Klimoski (1991), and they should
also attempt to improve actual measurement reliability and avoid range
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restriction in sampling. As another suggestion, more sensitive research
designs can be employed (e.g., blocking, covariates, within-subject de-
signs) to reduce unexplained error (Greenwald, 1976; Rosenthal & Ros-
now, 1991). Finally, more powerful statistical techniques (e.g., factorial,
repeated measures, combined predictors, non-parametric statistics) and
adjustments to alpha can be used (Cascio & Zedeck, 1983; Collins et al.,
1993; Sawyer & Ball, 1981). Cascio and Zedeck (1983), for example,
provide detailed treatment of how to adjust alpha (Type I error risk) to
reduce Type II errors, identifying circumstances (e.g., fixed sample, an-
ticipated effect size identified) when it is appropriate to adjust alpha to
maximize statistical power.

In sum, our survey of current leading journals indicates that statisti-
cal power levels in applied psychology and management are low. Find-
ings from our two surveys of researchers indicate that less than a third of
the researchers typically conduct statistical power analyses, whereas ap-
proximately two-thirds report never using power analyses. The reasons
for not conducting power are not ones of non-awareness, but are more
related to the belief that statistical power analyses are not required by
journal editors or reviewers. We hope that our investigation increases
researchers’ and gatekeepers’ sensitivity to the role of and need for sta-
tistical power, thereby resulting in increased power levels.
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