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Questions about Questionable Research Practices1

Lance Storm

Adelaide University

Abstract. Parapsychologists have made considerable gains over the decades. For 
example, they have an informative (and constantly growing) series of meta-analy-
ses, out of which have developed ongoing debates and critiques over methodologies. 
Some critiques, well-intentioned though they may be, center on so-called question-
able research practices (QRPs), and it has even been argued that QRPs alone may 
account for psi effects. In this article, I critique an article by Bierman et al. (2016) on 
QRPs that finds a much-reduced but still significant overall effect in a meta-analysis 
of ganzfeld studies by Storm et al. (2010). The series of “hypothetical” analyses under-
taken by Bierman et al. are themselves argued to be questionable. Researchers are 
advised to be watchful of methodological oversights that misrepresent the available 
data and ultimately cast parapsychological research in a dim light.

Keyword: questionable research practices, QRP, meta-analysis, publication bias, fraud, 
psi, anomalous cognition

Highlights:

•	 Questionable research practices in parapsychology and meta-analyses are 
disputed in the light of claims made by Bierman et al. (2016).

•	 Statistical simulations on ganzfeld data suggest optional stopping and option-
al extension are unlikely.

•	 Focusing on ganzfeld studies, the claim of publication bias in parapsychology 
is undermined given the long-standing controls against it.
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Often out of curiosity, scientific researchers follow up on various leads which they 
derive from a complex array of ideas, approaches, and findings in any given field, but 
the scope for interpretation may be so wide it leaves many doors and windows open 
in a house of meaning that we would rather see secured from outside threats. By that 
I mean researchers may massage the facts, or twist vital information, or tell half the 
story, or adopt questionable methods, or avoid conducting analyses that might turn 
things around. We do not have to assume we are always dealing with deliberate de-
ception—after all, the primary objective of most researchers is to put things right, so 
one should give them the benefit of the doubt and assume their hearts are in the right 
place. It is on that note that I review a paper by Bierman et al. (2016). The major prob-
lem with this paper is that it is very loosely guided by a paper by John et al. (2012a), 
who went to the effort of actually sampling a population of psychologists (“5,964 ac-
ademic psychologists at major U.S. universities”; p. 525). They had some real data to 
evaluate, whereas the analysis by Bierman et al. consists primarily of guesstimates 
based on John et al.’s statistics. On this same point of getting “real” data from the 
population in question, Palmer (2016a) notes that Bierman et al. (2016) did not need to 
make guesstimates; all they had to do was contact the authors of the ganzfeld papers 
to clarify with them whether certain QRPs were made. It is for these reasons that the 
approach taken by Bierman et al. needs to be addressed.

Bierman et al. (2016) borrowed five questionable research practices (QRPs) from 
John et al. (2012a) and came up with another two, and entered so-called prevalence 
intervals (a value range indicating how prevalent a QRP might be in parapsychologi-
cal research) into simulations of the ganzfeld database taken from Storm et al. (2010). 
The ganzfeld is a “special type of environment (or the technique for producing it) con-
sisting of homogenous, unpatterned sensory stimulation” to the eyes and ears of the 
participant, who is usually in ‘a state of bodily comfort’” (Thalbourne, 2003, p. 45). Tra-
ditionally, the ganzfeld is a procedure for eliciting psi (i.e., psychic functioning such as 
extra-sensory perception in the form of telepathy, clairvoyance, or precognition). In a 
ganzfeld experiment, a so-called agent in one room is required to “psychically com-
municate” usually one of four randomly selected picture targets or movie film targets 
to a perceiver in another room—the perceiver is in the ganzfeld condition. The ganzfeld 
environment involves setting up an undifferentiated visual field by viewing red light 
through halved translucent ping-pong balls taped over the perceiver’s eyes. Addition-
ally, an analogous auditory field is produced by listening to stereophonic white or pink 
hissing noise. Typically, the perceiver’s mentation is recorded and accessed later in Q
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order to facilitate target identification. At this stage of the session, the perceiver ranks 
from 1 to 4 four pictures (one target plus three decoys; rank 1 = hit, or a standardized 
z score can be estimated), although in some studies each trial can contain fewer 
or more than four choices. This condition follows the noise reduction model, consid-
ered psi conducive because it allegedly reduces irrelevant background noise, leaving 
mainly the psi signal.

Although p values are exponentially extremely low in ganzfeld meta-analyses 
(p values up to 10–16) and therefore significant, Bierman et al. suggested that the gan-
zfeld database would be considerably less significant (p = .003) if these hypothetical 
QRPs were present (for a more sophisticated treatment but similar finding, see Bancel, 
2018). The following QRPs are taken from Bierman et al. (2016, pp. 8-10):

1.	 Confirmation-to-pilot (a confirmatory experiment is prematurely halted if re-
sults are negative; trials are dumped, the protocols are adjusted, the experi-
ment is restarted);

2.	 Pilot-to-confirmation (a ‘test-run’ study, data of which are included in a con-
firmatory experiment if there are no problems);

3.	 Optional stopping (stopping short of a specified number of participants as 
soon as significance is reached);

4.	 Optional extension (testing more than a pre-specified number of participants 
and only stopping once significance is reached);

5.	 Publication bias (not publishing studies that produce only chance or negative 
results);

6.	 Deciding to exclude data post hoc (removing participants who are unsuitable); 
and

7.	 Fraud (a.k.a. “deceptive research”; Bierman et al., 2016, p. 10).

If present in the ganzfeld studies, these seven QRPs can inflate the ganzfeld psi 
effect (e.g., by polluting the data with false positives), but of course evidence of QRPs 
has to be found. Although few would doubt that tightening the reins on parapsycho-
logical practice is a worthy idea if it identifies sources of artifacts, the problems with 
the rationale underpinning that intention are manifold. Palmer (2016b) recognized this 
fact when he said Bierman et al.’s paper was “a monumental waste of time (and jour-
nal space)” (p. 143), given that the authors ostensibly implied the whole venture was 
hypothetical. Palmer, however, even disputed that implication, pointing out that he 
(Palmer, 2016a) previously had argued that Bierman et al. had every intention of prov-
ing that the ganzfeld database was “inflated by QRPs” (Bierman et al., 2016, p. 1), so 
that their study was not hypothetical at all. In their own words, they aimed to demon-
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strate the ganzfeld database “would be a good example of how purely random data 
can be distorted into the appearance of significance” (Bierman et al., 2016, p. 2). I will 
consider each of the above-listed seven QRPs and question the rationale adopted by 
Bierman et al. (2016).

Confirmation-to-Pilot and Pilot-to-Confirmation

Confirmation-to-pilot (CtoP) starts as a confirmatory study, whereas Pi-
lot-to-Confirmation (PtoC) starts as a pilot study. These two QRPs suggest that tri-
als are sometimes excluded just because they are misses, or sometimes included 
just because they are hits, when the decision to exclude or include should only hinge 
on technical issues to do with experimental design protocols. Bierman et al. (2016) 
claim that excluded data contribute to the file-drawer problem (i.e., publication bias), 
whereas the inclusion of questionable data (showing a promising hit rate) is inflation-
ary. Although the latter is quite correct for both CtoP and PtoC, one of the reasons for 
halting an experiment is that protocol adjustments may be needed when there is a 
good reason to dump trials even if there seem to be (or are) excessive misses—under 
those conditions, those data should not be part of the file drawer. Bierman et al. may 
have allowed for that eventuality, but it is not clear in their paper.

Another of their problems is they (allegedly) borrowed for their simulation a CtoP 
prevalence estimate from John et al. (2012a), who never featured CtoP—the figure 
of “40.7%” (see Bierman et al., 2016, Table 1, p. 8) seems to have come from Table S2 
(John et al., 2012b, p. 15) which is for optional stopping. The actual wording is “Stopping 
collecting data earlier than planned because one found the result that one had been 
looking for” (John et al., 2012b, p. 15). And there is no prevalence figure for PtoC; only 
prevalence intervals that seem to be stabs in the dark.

Optional Stopping and Optional Extension

Optional stopping and optional extension can push a study into significance; all 
the experimenter has to do is designate a certain number of participants to test, but 
then keep an eye on effect size and stop short when, or extend testing until, signifi-
cance is reached. Palmer (2016b) keenly observed that any study that had committed 
optional stopping or optional extension could be identified from N (i.e., the number of 
trial counts)—specifically, “nonround Ns” (p. 143). Of course, a non-round count does 
not automatically indicate a QRP; Mainstream researchers commonly report sam-
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ples with nonround Ns because of genuine oversampling, no shows, and so on. The 
two-fold hypothesis of optional stopping and optional extension following Palmer’s 
assumption has not been conducted as an exercise, but I present one here.

Because researchers rarely state that they stop short, or extend testing, one has 
to be ruthless and exclude any study that seems to have an unusual number of tri-
als, which means the innocent suffer with the presumed guilty. Nevertheless, on that 
basis, I reduced the same 102-study database used by Storm et al. (2010) in their 
meta-analysis to 52 studies (these 52 had Ns of 10, or 20, or 30, and so on, up to the 
largest N of 120). Multiples of ten are as round as one can get, so I have been extremely 
conservative (the results of the original study, and the new findings for the reduced 
rounded N database, can be found in the Appendix).

Even for a database almost half its original size, little has changed statistically for 
the crucial values. Also, about 1/4 of the studies in both databases are independently 
significant (about the same for the original database). These results tell us all we need 
to know about the efficacy of the ganzfeld treatment. So, as an exercise, if we ruthless-
ly adjust for optional stopping and optional extension, on the hypothetical assumption 
that these options were present as QRPs in some ganzfeld studies, we end up with a 
purified database with consequent effects that are even more unquestionable than 
before (in the Appendix, I also reduced Bierman et al.’s “S1 Dataset” of 79 studies in the 
same conservative way—the results are comparable).

Publication Bias

Parapsychology journals (unlike mainstream psychology journals) go to great 
efforts to publish studies with nonsignificant results—they tend not to end up in the 
“file-drawer.” That is because the Parapsychological Association (PA) Council adopted 
a policy in 1975 of opposing the exclusive publication of studies with only positive out-
comes. Thereby, “negative findings have been routinely reported at the association’s 
meetings and in its affiliated publications” since that date (Bem & Honorton, 1994, p. 6; 
see also Honorton, 1985, p. 66). Bierman et al. (2016) actually mention this publication 
policy, and they state that “a non-significant outcome is not a danger to the career 
of the parapsychologist” (p. 8). However, they argue that parapsychologists “may be 
driven by a non-materialist or spiritual worldview that they try to defend” (p. 8), im-
plying that the policy would be ignored. Palmer (2016a) makes the same point about 
mainstream scientists (including “psi-skeptics”) who defend “theories they identify 
with” (p. 7). Therefore, in order to be “cautious,” Bierman et al. “assume that the prev-
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alence values of the use of QRPs in parapsychological research are similar to those 
measured in experimental psychology [emphasis added]” (p. 8). Bierman et al. surely 
realize that experimental psychologists also have worldviews to defend, but the same 
experimental psychologists do not have a publication policy like that of the PA. Thus, 
there is no level playing field. In fact, it may be argued that all the QRP prevalences 
and prevalence intervals used in Bierman et al.’s model are inflated. Apart from this 
major problem, Bierman et al. (2016) state that “JLP estimated the prevalence of [op-
tional extension and optional stopping] to be 58% … and 22%”, respectively (p. 7), but 
these are not prevalence figures—they are “Self-admission rate[s]” from John et al.’s 
(2012a) Table 1 (p. 521). Also, Table 1 in Bierman et al. presents five “JLP(%)” statistics 
that are supposed to be prevalence estimates, but are in fact “Admission estimates” 
from John et al.’s (2012b) Table S3 (p. 16). These are clear errors of commission be-
cause Bierman et al. state that their simulation will use prevalence intervals based 
on JLP’s “prevalence figure for each specific QRP [emphasis added]” (p. 7). Bierman 
responded to these discrepancies by saying: “I think we took the admission rates as 
prevalence figures (as a lower estimate)” (D. J. Bierman, personal communication, 
December 6, 2017).

It is possible to test the likelihood of publication bias using various statistical 
tests. Storm et al. (2010) chose two methods to demonstrate whether publication bias 
was likely. The first test, using Rosenthal’s (1979) so-called Fail Safe File Drawer (FSFD) 
formula, has been used by a number of parapsychologists since the 1980s, so Storm 
et al. used it for comparative purposes, whereas the other test from Darlington and 
Hayes (2000) is more conservative. Focusing only on the result using Rosenthal’s for-
mula, Bierman et al. (2016) observed:

Storm et al calculated that 2,414 unpublished studies were required to eliminate 
the overall [significant] results of the GF [ganzfeld] database. Storm et al argue that 
this number, given the limited resources of the field and the acceptance of publishing 
negative findings, is unreasonably large. (p. 9)

Bierman et al. (2016) then point out that researchers who calculate these num-
bers “generally assumed incorrectly that the decision not to publish is unbiased,” and 
they also argue that the same researchers err in thinking “that the unpublished stud-
ies have zero effect size” (p. 9). It is true that Rosenthal’s (1979) method is misleading 
“because it treats the inherently biased file drawer as unbiased” (Scargle, 1999, p. 22), 
and falsely assumes an overall effect size of zero. That is why Storm et al. (2010) also 
presented a more conservative estimate of up to 384 studies that does assume bias; 
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not only can these unpublished studies have a zero effect size, they can have negative 
values (p. 477). Bierman et al. focused on the least conservative result, thus making 
Storm et al. look like they were unjustifiably downplaying publication bias to the ex-
treme, having based it on a figure so inflated that it made the ganzfeld database look 
too good to be true. Any reader not familiar with the Storm et al. meta-analysis would 
assume that Bierman et al. discovered a critical flaw in the meta-analysis.

Decision to Exclude Data Post Hoc

An experimenter’s decision to exclude data post hoc in the ganzfeld context 
means unsuitable participants are removed (removal could be based on the fact that 
the participant fell asleep, or complained, or was late, or vexed, or uncooperative, etc.). 
However, if a participant produces a result that “conforms to the desired hypothesis 
[i.e., is a hit], the experimenter may be non-consciously less inclined to remove the 
subject [participant]” (Bierman et al., 2016, p. 10). Bierman et al. argue that this prac-
tice is tantamount to “fraud” (p. 10) if removal of “subjects with misses” gets too high 
(nominally over 5%)! Irrespective of whether it is fair to simulate this QRP in their model, 
setting an arbitrary frequency of 5% to demarcate fraud from legitimate practice is 
itself questionable.

Fraud

In regard to fraud, I suggest Bierman et al. (2016) have little to go on, so they rely 
on John et al. (2012a, 2012b) to inform them. They refer to John et al.’s admission fig-
ure of about 4.4% (actually it should be 4.34%—John et al., 2012b, p. 16), and adopt an 
apparent guesstimate for parapsychology of 3.4% which, it turns out, is based on one 
case (i.e., “one senior researcher in the 80 studies post-1985 database [who] might be 
guilty of deception” because he or she “had been implicated in errors in the randomi-
zation procedure”; p. 10). This one case is from a database of 29 principal investigators 
(1/29, or 3.4%), which yields an inflated fraud rate because they could have taken the 
“two studies” by the “senior researcher” out of the “80 studies” (thus, 2/80, or 2.5%).

What is questionable is (i) how “errors in randomization procedure” implies fraud; 
(ii) why only the principal investigators represent the “persons of interest” and not all 
the researchers (e.g., research assistants); (iii) why 3.4% is considered a fair and valid 
indicator of parapsychological fraud merely because it is “close” to John et al.’s 4.34%; 
and (iv) why the equally valid 2.5% is not preferred.
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Conclusion

QRPs basically translate as many different ways to commit fraud when the QRP 
is deliberate—otherwise, one could assume they only indicate carelessness on the 
part of some researchers. However, the practice of assessing QRPs is questionable in 
itself when coupled with various oversights, errors of commission and omission, mis-
representations, and so on. It must be said that some researchers, in obeisance to a 
higher cause, interpret conservatism a little differently than the rest of us. When things 
like this happen, it is hard not to see an agenda that ignores the objective aims of a 
science that should tell all; an aim that should also let the pieces fall where they may. 
John et al. (2012a) are correct in saying “QRPs can waste researchers’ time and stall 
scientific progress …” (p. 531), but we do have to be mindful, when checking for QRPs, 
that we do not punish the innocent with the guilty.

Declaration of interests: The author declares that there is no conflict of interest.
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Appendix 
Optional Stopping and Optional Extension—Rounding Out Ns

Original Database (Storm, Tressoldi, & Di Risio, 2010)

The homogeneous database consists of 102 ganzfeld studies: mean z = 0.81 (SD = 
1.23; range: -2.30 to 4.32), mean ES = 0.135 (SD = 0.20; range: -0.44 to 0.65), and Stouffer 
Z = 8.13 (p < 10-16). CIs (95%) are as follows: z scores, [0.56, 1.07]; ES values, [0.10, 0.17]. 
Note that neither of these includes mean chance expectation (MCE)—that is, zero—
which means there is no statistical likelihood that the results fall within chance pa-
rameters. Of the 102 studies, 74 (72.5%) had positive z scores. Twenty-seven (26.5%) of 
the 102 studies are independently significant (α ≤ .05).

Rounded Database (“nonround Ns” removed)

The database consists of 52 studies: mean z = 0.71 (SD = 1.21; range: -1.97 to 3.41), 
mean ES = 0.130 (SD = 0.22; range: -0.44 to 0.65), and Stouffer Z = 5.08 (p = 1.89 × 10-7). 
CIs (95%) are as follows: z scores, [0.37, 1.04]; ES values, [0.07, 0.19]. Note that neither 
of these includes MCE—that is, zero. Of the 52 studies, 34 (65.4%) had positive z scores. 
Thirteen (25.0%) of the 52 studies are independently significant (α ≤ .05).

The difference between the two mean z values is not significant, using the Zdiff. 
(Z-difference) formula, Zdiff. = [Z1 − Z2]/√2 = [0.81 – 0.71]/√2 = 0.07 (p = .472).

In a second unrelated analysis, it is worth mentioning that Bierman, Spottiswoode, 
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and Bijl (2016) provide a link to their own set of 79 ganzfeld studies which they label 
the “S1 Dataset” (p. 4). These 79 are all the post-1985 studies they deemed suitable for 
analysis, having excluded the questionable studies that had “procedural weaknesses” 
(p. 3). Bierman et al. produced a Cohen’s effect size d = 0.14. If we take out all nonround 
Ns from their database, the dataset reduces to 37 studies, with corresponding d = 0.12. 
Again, we see little change. There is little evidence of optional stopping or optional 
extension.
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