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Abstract
Across all areas of communication research, the most popular approach to generating insights
about communication is the classical significance test (also called null hypothesis
significance testing, NHST). The predominance of NHST in communication research is in
spite of serious concerns about the ability of researchers to properly interpret its results. We
draw on data from a survey of the ICA membership to assess the evidential basis of these
concerns. The vast majority of communication researchers misinterpreted NHST (91%) and
the most prominent alternative, confidence intervals (96%), while overestimating their
competence. Academic seniority and statistical experience did not predict better
interpretation outcomes. These findings indicate major problems regarding the generation of

knowledge in the field of communication research.
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Probabilistic Misconceptions Are Pervasive Among Communication Researchers

In communication, just as in many other academic disciplines, statistical inference is a
central tool for drawing substantive conclusions from previously collected data. It would
seem to go without saying that given their central role in the production of disciplinary
knowledge, researchers should have a solid understanding of the techniques they routinely
apply in addressing their research questions. Among the most widely used tool for statistical
inference in communication research, without a doubt, is null hypothesis significance testing
(NHST) (Levine, Weber, Hullett, Park, & Lindsey, 2008). However, despite its omnipresence
in communication and other disciplines, its practice has been criticized for a variety of
reasons (Kline, 2013). Levine et al. (2008) identified four major problems that bedevil the
practice of NHST: (a) its sensitivity to sample size, (b) the fact that the tested null hypothesis
is usually false from the beginning, (c) exceedingly high Type Il error rates, and (d)
widespread misunderstanding and abuse of the approach (see also Schmidt, 1996).

In this paper, we focus on the last of these problems and for the first time provide
empirical insights into the magnitude of communication researchers’ problems with
understanding NHST. We do so by replicating earlier studies of the probabilistic
misconceptions in psychology (Haller & Krauss, 2002; Oakes, 1986). In addition, we go
beyond the interpretation of p-values and NHST and assess communication researchers’
understanding of confidence intervals (CIs). Cls have often been advertised as an attractive
alternative to NHST in communication (Levine, Weber, Park, & Hullett, 2008) as well as
other fields (e.g., Fidler & Loftus, 2009; Schmidt & Hunter, 1997; Wilkinson & the Task
Force on Statistical Inference, 1999), not least because they are expected to provide richer,
more comprehensible information on which to base conclusions than p-values (Cumming &
Fidler, 2009, p. 20). However, recent research in psychology has called into question the

greater accessibility and comprehensibility of Cls for researchers as compared to NHST
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(Hoekstra, Morey, Rouder, & Wagenmakers, 2014; Morey, Hoekstra, Rouder, Lee, &
Wagenmakers, in press; Morey, Hoekstra, Rouder, & Wagenmakers, in press; see also Belia,
Fidler, Williams, & Cumming, 2005).

We build on this research to assess the degree to which the understanding of both,
NHST and Cls, poses problems to researchers in communication. In this paper, we provide
the first empirical assessment of the degree to which misunderstandings of statistical
inference are a problem in communication research. We conducted a survey of
communication researchers to quantify the interpretation problems discussed by Levine,
Weber, Hullet, et al. (2008) in absolute terms and replicate studies from psychology
(Badenes-Ribera, Frias-Navarro, Monterde-I1-Bort, & Pascual-Soler, 2015; Haller & Krauss,
2002; Hoekstra et al., 2014; Oakes, 1986) that allow for an assessment of the problem relative
to that discipline and across time.
Method

Participants and procedure. Our sample consisted of 221 members of the

International Communication Association (ICA).! Based on an overall ICA membership of

1 A request was sent to the chairs of all ICA divisions and interest groups to forward the invitation to
participate to their members. While not all chairs forwarded the invitation, the sample included
members of all ICA divisions and interest groups existing at the time of study. The precise sample
percentages for division/interest group membership were: Children, Adolescents and the Media
(7.2%); Communication and Technology (33.9%); Communication History (3.2%); Communication
Law and Policy (4.1%); Environmental Communication (6.3%); Ethnicity and Race in
Communication (5.4%); Feminist Scholarship (3.2%); Game Studies (11.8%); Gay, Lesbian, Bisexual
and Transgender Studies (3.2%); Global Communication and Social Change (6.3%); Health
Communication (9.5%); Information Systems (14.0%); Instructional and Developmental
Communication (5.9%); Intercultural Communication (6.3%); Intergroup Communication (9.1%);

Interpersonal Communication (11.3%); Journalism Studies (8.6%); Language and Social Interaction
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4,698 as of July 21, 2014 this makes for a coverage of 4.7% of all ICA members. The sample
included communication researchers from all career stages: tenured faculty (n = 99; 44.8% of
sample); non-tenured faculty (n = 13; 5.9%); post-docs (n = 9; 4.1%); graduate students (n =
92; 41.6%); undergraduate students (n = 2; 0.9%); and other researchers (n = 6; 2.7%).2 In the
analyses reported below, academic status groups were collapsed into a binary variable
allowing for contrasts of predoc/student (undergraduate and graduate students) and
postdoc/faculty researchers (post-docs, untenured and tenured faculty).®

ICA members were invited to participate in the online survey and were instructed on
the first survey page to not consult any outside resources such as colleagues, literature, or
websites when responding to the questions. The invitation message included only a generic
statement that the survey would be about the interpretation of research findings. The survey
was open from May 1 to May 21, 2014.

Materials

Knowledge about p-values and confidence intervals. Each participant was presented
with a questionnaire opening with the six false statements representing common
misinterpretations of significant statistical tests used by Oakes (1986) and Haller and Krauss

(2002) followed by the six false statements representing common misinterpretations of

(7.2%); Mass Communication (29.0%); Organizational Communication (10.4%); Philosophy, Theory
and Critique (5.4%); Political Communication (19.0%); Popular Communication (4.5%); Public
Relations (3.2%); Visual Communication Studies (3.6%); no division/interest group membership
(5.9%).

2 Answers to an open follow-up question indicated that the few cases in the “other” category included
independent scholars and recent graduates on the job market.

3 Since they could not reliably be identified as either pre- or postdoc researchers, participants in the

“other” category were coded as missing for this binary indicator.
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confidence intervals around a mean used by Hoekstra et al. (2014) (see Appendix for the
complete questionnaire). Both sets of statements were preceded by a fictitious scenario that
presented the finding of an experiment (p-value or 95% confidence interval, respectively).
Participants were then asked to indicate for each statement whether they thought the
statement was true or false by checking one of two corresponding boxes placed next to it. For
both sets a “false” statement was defined as not following logically from the presented
findings. This part of the questionnaire was designed to closely match the instruments used in
the abovementioned studies.* The statements in both sets were phrased such that researchers
aware of the correct interpretations of p-values and confidence intervals should have been
able to reliably identify them as false. The false statements regarding the interpretation of a p-
value of .01 read as follows:

1. You have absolutely disproved the null hypothesis (that there is no difference between

the population means).

2. 'You have found the probability of the null hypothesis being true.

* However, we refrained from using the same story framework applied by Hoekstra et al. (2014). For
the CI questions, they used (a) a fictitious professor called Bumbledorf, who looks like a mad
scientist, (b) provided less information about the experiment (e.g., what kind of test statistics were
computed and experimental designs were conducted), and (c) build the CI around “the” mean.
Although this does not change anything about the interpretation of the answers, we thought that (a)
not mentioning Prof. Bumbledorf removes possible context effects and makes it harder to find the
Hoekstra et al. (2014) paper, if someone searches for the correct results on the Internet, (b) referring
to the same design as in the p-value task makes it easier to have an idea what kind of experiment was
conducted (e.g., a between-subjects and not a within-subjects design), and (c) using the description
“true mean difference” makes it clear what kind of mean is meant (e.g., not the means of the control
or experimental group but the mean of their difference). Thus, our modifications should lead to less

interference that might be due to ambiguous context information.
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3. You have absolutely proved your experimental hypothesis (that there is a difference
between the population means).

4. You can deduce the probability of the experimental hypothesis being true.

5. You know, if you decided to reject the null hypothesis, the probability that you are
making the wrong decision.

6. You have a reliable experimental finding in the sense that if, hypothetically, the
experiment were repeated a great number of times, you would obtain a significant
result on 99% of occasions.

Statements 1 and 3 are false because they ignore that significance tests provide
probabilistic information and therefore can never prove (or disprove) hypotheses. Statements
2, 4, and 5 are false because significance tests (in the classical frequentist framework) do not
allow for the assignment of probabilities to a hypothesis but to data only. Statement 6
represents the common “replication fallacy.” While in the frequentist framework o = .01 can
be interpreted as the relative frequency of rejections of the null hypothesis if it is true, the
fictitious scenario, as in most real-world situations, does not provide evidence of that being
the case (Haller & Krauss, 2002; Oakes, 1986, p. 80). The correct statement, not included in
the set presented, is: “The probability of the available data, given that the null hypothesis is
true, is 1%.”

The false statements regarding the interpretation of a 95% confidence interval ranging

from 0.1 to 0.4 read as follows:

=

The probability that the true mean difference is greater than 0 is at least 95%.

2. The probability that the true mean difference equals 0 is smaller than 5%.

3. The “null hypothesis” that the true mean difference equals 0 is likely to be incorrect.
4. There is a 95% probability that the true mean difference lies between 0.1 and 0.4.

5. We can be 95% confident that the true mean difference lies between 0.1 and 0.4.
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6. If we were to repeat the experiment over and over, then 95% of the time the true mean

difference falls between 0.1 and 0.4.

Statements 1-4 correspond to p-value Statements 2, 4, and 5 and are false because
they as well assign probabilities to hypotheses, which is not possible in the frequentist
inferential framework. Statements 5 and 6 are false because Cls can only be used to evaluate
the procedure generating them, not a specific interval. The correct statement, not included in
the set presented, reads: “If we were to repeat the experiment over and over, then 95% of the
time the confidence intervals contain the true mean [difference]” (Hoekstra et al., 2014, p.
1160).

Response certainty. After each set of statements, participants were asked to indicate
how certain they were when marking the statements as true or false (7-point scale ranging
from 1 = completely guessing to 7 = completely certain).

Training, practice, and teaching in statistics. After the knowledge and certainty
questions, the questionnaire captured participants’ experience with statistics by asking for the
number of university-level semester-length statistics courses they had taken (12-point scale
ranging from 0 to more than 10, M = 4.1, SD = 2.5); whether they had ever applied inferential
statistics in their own research (84.2% “yes”) and how many undergraduate- or graduate-level
courses in quantitative data analysis or applied statistics they had taught as a primary
instructor or instructor of record (12-point scale ranging from 0 to more than 10, M = 1.2, SD
=2.5).

Finally, participants were asked about their academic status (tenured, non-tenured,
graduate student, etc.) and a few other questions not analyzed here (see Appendix for more
details).

Results
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Only responses from participants who completed the entire survey were used in the
following analyses.

P-values and confidence intervals. Table 1 shows the percentages of predoc and
postdoc participants endorsing different numbers of the false p-value items. On average,
predocs/students endorsed 2.49 statements (SD = 1.27), while postdoc/faculty researchers
endorsed an average 2.19 false statements (SD = 1.26). As we can see, the distribution of
false endorsements is unimodal and only slightly skewed, suggesting that the mean number of

errors were not strongly influenced by badly performing outliers.

Table 1

Percentages of Predoc and Postdoc Participants Endorsing Different Numbers of p-Value Items

Endorsement count Predoc/student researchers Postdoc/faculty
(n=94) researchers
(n=121)

0 9% 11%

1 14% 21%

2 25% 23%

3 28% 32%

4 25% 11%

5 1% 3%

6 0% 0%

Note: All statements were false and none of them should have been endorsed.

Table 2 shows the percentages of endorsing predoc and postdoc respondents for the

individual false p-value statements: Statements 4 and 5, representing probability-of-
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hypothesis errors, and Statement 6, representing the replication fallacy occurred among the

absolute majority of both pre- and postdoc respondents.

Table 2

Percentages of Predoc and Postdoc Participants Endorsing Different p-Value ltems

Statement Predoc/student  Postdoc/faculty
researchers researchers
(n=94) (n=121)

You have absolutely disproved the null hypothesis (that there is 6% 5%

no difference between the population means).

You have found the probability of the null hypothesis being 34% 28%
true.
You have absolutely proved your experimental hypothesis (that 9% 7%

there is a difference between the population means).

You can deduce the probability of the experimental hypothesis  71% 65%
being true.
You know, if you decided to reject the null hypothesis, the 68% 59%

probability that you are making the wrong decision.

You have a reliable experimental finding in the sense that if, 61% 56%
hypothetically, the experiment were repeated a great
number of times, you would obtain a significant result on

99% of occasions.

Note: All statements were false and none of them should be endorsed.

Turning to the false CI items, Table 3 shows the percentages of predoc and postdoc
participants endorsing different numbers of the false statements. On average,

predocs/students endorsed 3.69 (SD = 1.52), while postdoc/faculty researchers endorsed an



PROBABILISTIC MISCONCEPTIONS 11

average 3.62 of the false statements (SD = 1.72). Again, the distribution of the number of
false endorsements suggests that the average errors count was not subject to excessive

influence by outliers.

Table 3

Percentages of Predoc and Postdoc Participants Endorsing Different Numbers of Confidence Interval
Items

Endorsement count Predoc/student researchers Postdoc/faculty

researchers
(n=94)

(n=121)

0 2% 6%

1 8% 7%

2 10% 13%

3 28% 15%

4 19% 26%

5 21% 17%

6 13% 16%

Note: All statements were false and none of them should have been endorsed.

Table 4 shows the percentages of predoc and postdoc participants endorsing the
individual confidence interval items. There are fewer differences in the proportion of
endorsements across Cl statements than for the p-value items. With only one exception
(Statement 1 for predocs), all statements were endorsed by an absolute majority of
respondents in both groups.

In sum, the data show that the level of competence in interpreting inferential statistics
among the communication researchers surveyed was low.

Overall, only 9.5% (n = 21) of all participants correctly indicated that none of the p-

value statements was true and only 4.1% (n = 9) were able to do the same for the statements
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interpreting a confidence interval. Conversely, more than 90% of the surveyed sample of
communication researchers misinterpreted a given p-value, and more than 95% were not able

to correctly interpret a confidence interval around a mean difference.

Table 4

Percentages of Predoc and Postdoc Participants Endorsing Different Confidence Interval Items

Statementb Predoc/student  Postdoc/faculty
researchers researchers
(n=94) (n=121)

The probability that the true mean difference is greater than 0 is  44% 58%

at least 95%.

The probability that the true mean difference equals 0 is smaller 53% 52%
than 5%.
The “null hypothesis” that the true mean difference equals 0 is  76% 72%

likely to be incorrect.

There is a 95% probability that the true mean difference lies 62% 65%
between 0.1 and 0.4.

We can be 95% confident that the true mean difference lies 70% 60%
between 0.1 and 0.4.

If we were to repeat the experiment over and over, then 95% of  65% 55%

the time the true mean difference falls between 0.1 and 0.4.

Note: All statements were false and none of them should be endorsed.

Response certainty. Given this pattern of responses it is surprising that if we look at
how certain respondents were about their answers, we find that they were rather certain they
had given the correct responses regarding the interpretation p-values (M = 5.20, SD = 1.39) as

well as, if somewhat less pronounced, regarding confidence intervals (M = 4.68, SD = 1.44).
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Interestingly, certainty about their own answers was neither associated with the number of
false p-value statements (r = .07) nor with the number of false CI statements endorsed (r = -
.09). Confidence of communication researchers’ own judgment did not appear to be a product
of their actual knowledge.

Experience in training, practice, and teaching in statistics. Did experience with
statistics as gathered through taking classes, applying them in one’s own research, or even
teaching them reduce the number of erroneous beliefs communication researchers held about

the correct interpretation of inferential results?

a. Statistics training b. Statistics practice c. Statistics teaching
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Figure 1. Number of false p-value statements endorsed, by statistics training, practice, and
teaching. Note: Fitted lines are based on fractional polynomials of statistics training, practice,
and teaching (two-degree with powers -2, -1, -.5, 0, .5, 1, 2, and 3). For a. R?>=.005, for c. R*=

.012.

Figure 1 plots the associations of statistics training, practice, and teaching with the
number of falsely endorsed p-value statements. (Because many points in Figures 1 and 2
overlap, we “jittered” the observations to make it easier to see their distribution over the

plotted categories.) As panels a. in Figures 1 and 2 show, we find that having taken a greater
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number of statistics classes was only slightly associated with a smaller number of errors for
the interpretation of both p-values (r = —.04) and confidence intervals (r = —.09). This means
that, in a linear model, training in statistics explains 0.1% of the overall variance in the
number of falsely endorsed p-value statements and 0.9% of the variance in the number of
falsely endorsed ClI statements. If we relax the linearity constraint and fit the non-linear
fractional polynomial model shown in Figures 1 and 2, the proportion of variance explained
increases only very slightly to 0.5% and 1.8%, respectively.

Perhaps even more troubling, the surveyed researchers, who indicated they had
reported inferential statistics (p-values or Cls) in their own work, endorsed a greater number
of false statements about both p-values (M = 2.39 versus 2.06, respectively) and confidence
intervals (M = 3.66 versus 3.60, respectively), indicating it was not those unengaged in
quantitative data analysis using inferential statistics who were responsible for the dim overall
picture reported above (see panels b. in Figures 1 and 2). Quite the contrary, those making
use of these techniques exhibited greater problems with interpreting them correctly.

Finally, panels c. in Figures 1 and 2 show that experience in teaching quantitative data
analysis or applied statistics did not lead to substantially better interpretation outcomes. The
number of statistics classes taught correlated only weakly negatively with the number of
interpretation errors committed for both p-values (r = -.05) and confidence intervals (r = -
.10). In a linear model, experience with teaching statistics thus explained almost none of the
overall variance in the number of falsely endorsed p-value and CI statements (0.2% and
1.0%, respectively). As was the case with statistics training, the proportion of variance
explained by experience in teaching statistics did not increase considerably when fitting the
non-linear fractional polynomial models in Figures 1 and 2 (p-value statements: 1.2%; Cl

statements: 1.5%).
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Conclusion and Discussion

NHST continues to be the most frequently used approach to statistical inference in

communication research (Levine, 2013). This study has shown for the first time that Levine,
Weber, Hullet, et al.’s (2008, pp. 178-179) concerns about widespread misunderstandings of
this most important statistical technique among communication researchers were far from
unfounded. Not only did more than 90% of the surveyed communication researchers commit
at least one error in interpreting the result of a significance test, echoing results from
psychology and other disciplines (e.g., Badenes-Ribera et al., 2015; Haller & Krauss, 2002;
Oakes, 1986; Westover, Westover, & Bianchi, 2011), but more than 95% were not able to
correctly interpret the most frequently recommended alternative to NHST, confidence

intervals, replicating recent findings from psychology (Hoekstra et al., 2014).
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In stark contrast to their actual performance, most respondents indicated they were
confident about their answers, suggesting a widespread self-illusion of communication
researchers regarding their statistical competence.

Seniority played only a small role in explaining performance in interpreting inferential
results, with faculty and other Ph.D.-owning respondents doing only slightly better than the
surveyed students with regard to interpreting both p-values and confidence intervals.
Statistical training and teaching practice also did little to improve performance. The most
troubling result for the discipline as a whole, however, may be that those researchers who
have used inferential statistics in their own research were not more proficient in interpreting
inferential results than non-users, but in fact turned out to be slightly less competent.

It is important to note that the voluntary nature of participation in our survey entailed
a high degree of self-selection into this study. However, for the purposes of our study such
self-selection should not pose a major validity problem. We may expect that those who
decided to complete the study were particularly interested in the subject of statistical
inference, considered themselves competent in this area, and/or felt perhaps more certain
about their correct answers. If anything, self-selection should thus have produced a hard test
of the expectation that misinterpretations of inferential statistics are pervasive among
communication researchers and rather underestimate the prevalence.

In sum, this study found little reliable knowledge among communication researchers
about the correct interpretation of inferential statistics. Although these findings are consistent
with findings in other disciplines (e.g., Castro Sotos, Vanhoof, Van den Noortgate, &
Onghena, 2007; Falk & Greenbaum, 1995; Haller & Krauss, 2002; Hoekstra et al., 2014;
Oakes, 1986), they do not bode well for communication as a scientific discipline and they call
for change if the discipline is to make a claim to solid and well-grounded knowledge based

on statistical analysis. Sound application of statistical tools for knowledge creation
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undoubtedly requires that the researchers who apply them also understand them. We thus
have the following question before us: should we improve our understanding of our present
ways of doing analysis or should we change these ways in the first place? The findings of this
study suggest a clear picture: Misunderstandings of NHST and Cls are so pervasive and so
independent of researchers’ amount of statistical experience as well as their confidence in
their own statistical knowledge that a vicious circle of self-perpetuating misconceptions
regarding the meaning of inferential statistics, passed on from one generation to another,
seems all but inevitable. We thus agree with Kline (2013, p. 104) when he finds that the
cliché of “better teaching” is not particularly persuasive anymore as a response, given its
decades-long history of failing to improve the situation substantially.

The failures in properly interpreting NHST and Cls are particularly consequential and
problematic because they converge on an exaggeration of what can be learned from the
results of a single study, coupled with an often mechanistic approach to the answering of
substantive research questions and the analysis of data. The dim picture painted by our data
suggests that a major reorientation will be necessary to minimize these problems for
communication research in the future. Statistics reform as proposed by Kline (2013) and
others (e.g., Cumming, 2014; Fidler, Geoff, Mark, & Neil, 2004; Sedimeier, 2009) provides a
promising framework in this regard. In line with this framework, we too suggest that
communication researchers should generally refrain from the unjustified routine use of
NHST—and Cls if falsely understood as just another way of conducting NHST. The word
significant should indeed become gradually dissociated in our minds and everyday usage
from the application of any particular statistical technique and instead be used again to denote
an important or relevant finding. In other words, a concern for substantive significance
should take the place presently occupied by a mechanistic concern for statistical significance

of findings. Perhaps the most important implication of such a reorientation would be a greater
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focus on the size of effects and preregistered replications as the ultimate arbiter of any claim
regarding the validity of a particular finding. Statistics education in line with these
recommendations would amount not to better teaching but to a different teaching of statistics
for communication research. In this approach to analyzing data, significance testing,
including Cls misunderstood as a different flavor of it, would be much less central than it is
today. Instead, more substantive concerns, replication, effect sizes, and better ways of
drawing statistical inferences, including Bayesian methods, would take center stage.

In the end, communication research has been blessed to be a relatively young field of
study. By mercy of its late birth it has a real chance of experiencing a rapid “coming of age,”
if only it takes the experiences and lessons learned by its older sibling disciplines in the social
and behavioral sciences seriously and resolutely turns towards the cutting-edge approaches to

knowledge production that they have developed.
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Appendix: Questionnaire

Welcome page
Dear Sir or Madam,
Thank you very much for your interest and for taking the time to participate in our study!

Completion of the survey should not take longer than 5 minutes. Please make sure to answer all questions spontaneously
without consulting any resource such as colleagues, literature, or websites.

Please press "Continue" to start the questionnaire.

varname: pval [ label: Al: p-value assessment performance

Display notes: forced response
Split:
Filter:

Question wording:

Suppose you have a treatment which you suspect may alter performance on a certain task. You compare the means of your
control group and experimental group (say 20 subjects in each sample). Further, suppose you use a simple independent
means t-test and your result is (t = 2.7, df = 18, p = 0.01).

Please mark each of the statements below as “true” or “false”. “False” means that the statement does not follow logically
from the above premises. Also note that several or none of the statements may be correct.

Items:

(A) You have absolutely disproved the null hypothesis (that there is no difference between the population means).

(B) You have found the probability of the null hypothesis being true.

(C) You have absolutely proved your experimental hypothesis (that there is a difference between the population means).
(D) You can deduce the probability of the experimental hypothesis being true.

(E) You know, if you decided to reject the null hypothesis, the probability that you are making the wrong decision.

(F) You have a reliable experimental finding in the sense that if, hypothetically, the experiment were repeated a great
number of times, you would obtain a significant result on 99% of occasions.

Scale/categories:
(1) True
(2) False

varname: pvalcert | label: Al: Response certainty

Display notes: forced response
Split:
Filter:

Question wording:
How certain (as opposed to guessing) were you when answering the questions on the page before?

Items:

Scale/categories:

(1) 1 completely guessing
(2)2

(3)3

@4

(5)5

(6)6

(7) 7 completely certain

varname: ci | label: A2: CI assessment performance

Display notes: forced response
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Split:
Filter:

Question wording:
Again, suppose you have conducted an experiment and compare the means of your control and experimental groups. You
find that the 95% confidence interval for the differences between the two means ranges from 0.1 to 0.4.

Please mark each of the statements below as “true” or “false”. “False” means that the statement does not follow logically
from this finding. Also note that several or none of the statements may be correct.

Items:

(A) The probability that the true mean difference is greater than 0 is at least 95 %.

(B) The probability that the true mean difference equals 0 is smaller than 5 %.

(C) The “null hypothesis” that the true mean difference equals 0 is likely to be incorrect.

(D) There is a 95%probability that the true mean difference lies between 0.1 and 0.4.

(E) We can be 95 % confident that the true mean difference lies between 0.1 and 0.4.

(F) If we were to repeat the experiment over and over, then 95 % of the time the true mean difference falls between 0.1 and
0.4.

Scale/categories:
(1) True
(2) False

varname: cicert | label: A2: Response certainty

Display notes: forced response
Split:
Filter:

Question wording:
How certain (as opposed to guessing) were you when answering the questions on the page before?

Items:

Scale/categories:

(1) 1 completely guessing
(2)2

(33

44

(5)5

(6)6

(7) 7 completely certain

varname: stattr | label: Statistical training

Display notes: forced response
Split:
Filter:

Question wording:
How many undergraduate- and graduate-level courses in quantitative data analysis/applied statistics have you completed?

Include ALL semester-length courses and equivalent intensive courses (three days minimum). Exclude any non-equivalent
short courses.

Items:

Scale/categories:
1o
@1
()2
(4)3
()4
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(6)5

(16

®7

98

(10) 9

(11) 10

(12) more than 10

varname: statpr | label: Statistical practice

Display notes: forced response

Split:

Filter:

Question wording:

Have you ever applied inferential statistics (i.e., reported statistical test results like p values or confidence intervals) in your
own research?

Items:

Scale/categories:

(1) Yes
(2) No

varname: statte | label: Statistical teaching

Display notes: forced response
Split:
Filter:

Question wording:
How many undergraduate- or graduate-level courses in quantitative data analysis/applied statistics have you taught as a
primary instructor/instructor of record?

Items:

Scale/categories:
(10

21

(32

@3

(5)4

(6)5

(16

87

98

(10) 9

(11) 10

(12) more than 10

varname: acstat | label: Academic status

Display notes: forced response; offer text box to specify “other” response in < 50 characters
Split:
Filter:

Question wording:
Areyoua...

Items:

Scale/categories:
(1) Faculty member (tenure/tenure-track)




PROBABILISTIC MISCONCEPTIONS

25

(2) Faculty member (non-tenure/non-tenure-track)
(2) Post-doc

(3) Graduate student

(4) Undergraduate student

(5) Other (please specify)?

varname: icadiv | label: ICA division memberships

Display notes:
Split:
Filter: If (1) to (25) > 1 - gen, if (1) to (25) = 1 or (26) = icaimp

Question wording:
Which ICA division(s)/interest group(s) are you currently a member of?

Items:

Scale/categories:

(2) Children, Adolescents and the Media

(2) Communication and Technology

(3) Communication History

(4) Communication Law and Policy

(5) Environmental Communication

(6) Ethnicity and Race in Communication

(7) Feminist Scholarship

(8) Game Studies

(9) Gay, Leshian, Bisexual and Transgender Studies
(10) Global Communication and Social Change
(11) Health Communication

(12) Information Systems

(13) Instructional and Developmental Communication
(14) Intercultural Communication

(15) Intergroup Communication

(16) Interpersonal Communication

(17) Journalism Studies

(18) Language and Social Interaction

(19) Mass Communication

(20) Organizational Communication

(21) Philosophy, Theory and Critique

(22) Political Communication

(23) Popular Communication

(24) Public Relations

(25) Visual Communication Studies

(26) I am not a member of an ICA division or interest group.

varname: icaimp | label: ICA membership importance

Display notes: forced response
Split:
Filter: Only if icadiv (1) to (25) > 1

Question wording:
If you are a member of more than one division/interest group, please select the one that is most important to you.

Items:
[dynamic answers dependent on selection in icadiv]

Scale/categories:

varname: sex | label: sex

Display notes: forced response

Split:
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Filter:

Question wording:
What is your biological sex?

Items:
Scale/categories:

(1) Female
(2) Male

varname: yob | label: Year of birth

Display notes: forced response; offer text box for response with 4 characters
Split:
Filter:

Question wording:
What is your year of birth?

Items:

Scale/categories:

varname: cor [ label: Country of residence

Display notes: forced response; offer drop down menu with list of UN member states and “other (please specify)” option
Split:
Filter:

Question wording:
What is your current country of residence?

Items:
[List of UN countries + “other (please specify)]

Scale/categories:




