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Abstract

Background: Publication bias may occur when smaller studies reporting statistical significance (p <
0.05) are more likely to be published than smaller studies that do not report statistical significance.
One way to detect publication bias may therefore be to detect a skewed distribution of reported p-

values in a set of published articles.

Aim: To showcase the complexity and uncertainty of p-curve analysis as a method to detect

publication bias.

Methods: We re-analyzed a meta-analysis summarizing randomized controlled trials of treatment for
depression, using p-curve analysis. One significant p-value per study was selected for the main

analysis, with alternative significant p-values allocated to a robustness analysis, which we called

“robust p-curve”. We used the “p-curve web application” (https://www.p-curve.com/app4/).

Results: Our dataset included 36 test statistics from 29 of 41 (70.73%) studies in the meta-analysis.
The corresponding p-curve was neither significantly right-skewed (z = -1.03, p = .15) nor significantly
flatter than a curve powered at 33% (z = -1.02, p = .15); it was, therefore, inconclusive. The robust p-
curve was similar, though its right-skewness test was not statistically significant either (z=-1.61, p =
.05; flatness z = -.55, p = .29). Both p-curves suggested that the average power of the included studies

was low [Estimate: 14%, 90%CI (5%, 48%); Estimate: 22%, 90%Cl (5%, 57%)].

Conclusions: Based on p-curve analyses, we could not rule out or rule in publication bias. One of the
reasons may be that the sample size of the studies included was too small. P-curve analysis

complements, rather than substitutes for, other methods for investigating publication bias. Our study



45 highlights the assumptions and uncertainty that researchers must deal with and reflect on when

46  analyzing potential publication bias.

47



48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

Background

Publication bias occurs because small-in-size, low-powered studies with large or statistically significant
effects that usually support the tested hypothesis are more likely to be submitted and accepted for
publication than small-in-size, low-powered studies with small effects or effects that are not
statistically significant (1). We are also considering publication bias when researchers only publish
subsets of results that support a hypothesis, leaving in the file drawer those that do not (15). A p-value
that is considered statistically significant (p < .05) seems to render results more attractive for
publication to authors, reviewers, and editors (2, 3). Accordingly, the estimated frequency of results
that supported the tested hypothesis increased by 22% between 1990 and 2007; of note,
psychology/psychiatry and clinical medicine were two fields among those with the highest trends in
guestion (4). In addition, publication bias is considered to be one of the largest threats to the validity
of systematic reviews and meta-analyses (5) because it leads to overestimation of effect sizes (6).
Methods to evaluate the presence of potential publication bias often focus on the size of the effect.
For instance, the “trim-and-fill” procedure (7), a method based on the funnel plot (8), which shows
the results from the included studies in a meta-analysis, according to the variance of the study. It
resembles a symmetric funnel around the true effect on the y-axis; hence, asymmetry should indicate
publication bias. “Trim-and-fill” means that the asymmetric part of the plot is trimmed to estimate an
“unbiased” center. Then, the plot is filled around the said center with the previously removed studies
that were in the asymmetric part, together with imputed missing counterparts (7). Although
publication bias methods based on the funnel plot are very popular (9), these may be focusing on
testing between-study heterogeneity instead of publication bias (10).

In a recent meta-analysis, due to the shortcomings of funnel-plot based methods, the authors used
two additional methods to investigate publication bias (11). First, they used “limit meta-analysis”, with
which an additional parameter has to be included to adjust for the usually larger effects observed in
small studies in an extended random-effects model meta-analysis (12). Second, the “step function

selection model”, and, more concretely, the so-called “three-parameter selection model” was used.
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Using this tool, researchers can adjust through a step function an effect size distribution for
publication bias (13, 14); in other words, a relative likelihood is assigned to bins of p-values. To further
illustrate this approach, it could be mentioned that significant p-values would have a higher selection
probability to non-significant ones, and with that, an adjusted estimation can be made (14). When the
original authors reported all three methods—i.e., “trim-and-fill”, “limit meta-analysis”, and “three-
parameter selection model”—to provide comparisons between psychotherapies, two of them
provided a small, but statistically significant effect, while the result of limit meta-analysis was non-
significant.

In the literature, a fourth method to investigate publication bias has been presented, i.e., the p-curve
approach. It focuses on statistical significance by assessing the distribution of a group of significant p-
values (15). The shape of the distribution indicates whether the cluster of findings can be rejected as
a likely consequence of reporting bias. A “right-skewed” p-curve suggests that the group of studies
contains evidence of a real effect and thus that selective reporting or p-hacking can be ruled out. In
contrast, a “left-skewed” distribution would indicate that it is not possible to reject selective reporting
as the cause of significant findings. An advantage of the p-curve approach is the estimation of the
average statistical power of the included studies with which one can examine whether the set of
studies was too underpowered (or not) to detect negligible effect size (15, 16, 17, 18).

In the present study, we used p-curve to test for publication bias in the aforementioned meta-analysis
by Cuijpers et al. 2024 (11) and, specifically, their results about comparing multiple treatments for
depression. To this end, we here-in (a). analyzed the significant p-values of the clinical trials collected,
(b). estimated the average statistical power of the studies showing significant results to determine
whether they were too underpowered to detect negligible effect sizes, and (c). explored if publication
bias can be “ruled out” as one of the major reasons for the retrieved findings. Our main aim has been
to showcase the complexity and uncertainty of publication bias analysis more broadly using p-curve

analysis.
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2. Methods

2.1 Data sources

We harnessed data from the 41 randomized clinical trials included in the original meta-analysis by
Cuijpers et al. (11). The authors selected trials published in English, except for one in German, from
four different bibliographic databases (i.e., “Cochrane Library”, “Embase”, “PsycINFO”, and
“PubMed”) between the 1% of January 1966, and the 1% of January 2023. (The search strings can be
found on the project’s website (Www.metapsy.org and https://docs.metapsy.org/databases/)).

The lead author provided us with the article’s dataset on the 10" of June 2024.

2.2 Data compilation and extraction.

Because p-curve requires precise p-values, we collected the test statistics from which the reported p-
values are derived (20). The following test statistics were gathered: Chi-squared test, t-test, F-test,
Pearson’s correlation test, and regression coefficients. We transformed the latter into t-values by
dividing the regression coefficient by the standard error of the coefficient, again, as t-values are
required by the tool we applied for the analysis. If researchers did not report the test statistics, data

were retrieved from the report to recalculate them, e.g., means, sample size, standard error or others.

As p-curve analysis has been designed to analyze results under the assumption that statistical
significance drives publication bias, only statistically significant results have been included (23). We
extracted significant results for different measurements of depression, similarly to what the authors
of the original meta-analysis performed (11). If a report contained two measurements with significant

results, we selected only one p-value with a set of choices as seen in Supplementary Table 1.

Supplementary Table 1 contains a). the article’s stated hypothesis; b). the design of the randomized
controlled trial—i.e., interaction effect, linear trends, number of compared groups, and so on; c). the
statistical result used to test the hypothesis; d). whether the main hypothesis involved testing the

superiority of any psychotherapy over Non-Directive Supportive Therapy (NDST), which is the
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treatment whose effectiveness was analyzed for depression compared to other psychotherapies in
the original meta-analysis (11); e). a quote from each article indicating where from the original reports
the data was extracted from; f). the test statistics for the main analysis; g). a quote from each article
indicating from where in the original reports the data was extracted from to be in the robust analysis;
h). the test statistic for robust analysis; and, i). additional notes that give our rationale for our selection
of p-values. The first author (GAMF) filled in the p-curve-related Supplementary Table. Two authors
(AFAM and MMGL) scrutinized 8 (20%) randomly selected studies as a validity and reliability
assessment. Finally, the remaining author (LC) made a final check of all of the data and of the

manuscript.

As it is not possible to analyze non-significant p-values using the p-curve method, test statistics that
were incorrectly reported as significant were excluded. We used all our gathered data on p-values—

i.e., non-significant, non-reported, reported p-value without test-statistics for plotting a final graph.

2.3 Analysis

We used the p-curve web application (https://www.p-curve.com/app4/) version 4.10, last updated
in August of 2024. P-curve analysis estimates the probability of each p-value being observed under
the assumption that it belongs to a “no-effect” distribution. The analysis consists of creating new p-
values out of the extracted ones. As these new p-values get lower, their probability of belonging to a
“non-effect” distribution gets lower as well (15, 17). Next, these new p-values are aggregated into a
single, combined p-value, according to Stouffer(17). Then we evaluate whether the null hypothesis of
all p-values belonging to a “non-effect” distribution—a uniform distribution—should be rejected in
favor of its alternative that posits the existence of an effect—a “right-skewed” distribution. If the null

hypothesis is rejected, we assume that selective reporting can be ruled out (15, 16).

As uniform p-curves may also indicate a noisy estimation due to, for example, too few p-values in the

analysis (15), the obtained curve is also compared to one that represents the distribution of studies
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with average power. This average power is 33%, based on relevant non-central distributions (15). If
the curve of the extracted set of p-values has a significantly flatter distribution than the ‘average
curve’, we assume that the studies were too underpowered to detect a potentially very small effect
(15,16,17). If the curve is neither right-skewed nor flatter than the average powered curve, then the

curve is considered too “noisy” to derive conclusions from it (14, 15).

In this context, we performed two p-curve analyses. The first one, named as “p-curve” in our report,
includes all the significant p-values we found for comparisons between one intervention and one
control intervention (two arms) (15, 19). As including multiple, significant p-values extracted from the
same measurement in one p-curve can compromise the validity of the analysis, we allotted significant
p-values that could not be included in the main p-curve to the second p-curve, the “robust p-curve”
(15, 16). Finally, trialists sometimes reported p-values without the corresponding test-statistics, and
also a few test-statistics could not be computed with the p-curve application; however, we included

the tests in one of our plots to show the “whole picture”, as specified in the results section below.
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3. Results

3.1 Extraction results

The original meta-analysis included 41 studies, of which eleven did not report the original test
statistics nor enough data to recalculate them. Six (14.6%) of these excluded articles neither reported
a p-value nor a test-statistic; three (7.3%) did not make a statistical estimation of the difference
between NDST and another psychotherapy at post-treatment; and, two articles (4.9%) involved
Fisher’s test and relative risks, which cannot be analyzed in the p-curve app. We excluded one study
(2.4%) applying a non-inferiority design in which significance is interpreted differently. The “Results”
table of one article misreported all p-values and test-statistics, so we chose not to extract further
information from that study.

Thus, we included 29 (70.7%) studies in our analyses, from which we extracted a total of 43 test
statistics. Seventeen (41.5%) studies reported one relevant test statistic, and twelve (29.3%) provided
at least two different statistical values due to multiple distinct measures of depression.

Five statistically significant p-values turned out to be non-significant when we recalculated them. One
article described two reversing interaction effects based on measurements with different
instruments. We extracted four single effects from those two reversing interactions, and we included
two single effects in our “p-curve,” while the other two were incorporated in the “robust p-curve.”
For the p-curve analyses, we excluded another 5 (12.2%) trials because they compared three or more
treatments. One (2.44%) other trial was also excluded because the authors used a “chi-square test”
to compare three psychotherapies, essentially conducting an omnibus test. Consequently, both our
“p-curve” and “robust p-curve” consisted of 23 (56.09%) trials with 24 test statistics each. Of these 24
test statistics, 13 were different for the robust analysis, as trials frequently reported multiple results

for post-treatment depression. Among the analyzed 23 trials, twenty (48.78%) hypothesized that

alternative psychotherapy was superior to NDST, while the remaining three (7.32%) did not.

3.2 P-curves
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In Table 1, we present the results of our analysis of p-curves. The significant p-values included in “p-
curve” and in “robust p-curve” were 13 and 14, respectively. Neither p-curve was significantly right-
skewed, so we could not conclude that the findings contained evidence of effect. At the same time,
neither p-curve was significantly flatter than a curve powered at 33%, so we could not conclude they
lacked it either. Sensitivity analyses (see “Appendix 1”) showed that even after excluding extremely
high or low p-values, the interpretation of the final p-curves would not change. Hence, our p-curve
analyses do not depend on a few extreme test statistics.

The p-curves showed low estimations of average power: 14% for the main p-curve and 22% for the
robust p-curve. The upper bounds of the 90% confidence intervals—the default confidence intervals
for p-curve analysis (15)—were above 33%, so we could not reject the null hypothesis that indicated
that both p-curves were flatter than one at 33% power, meaning that there was too much noise in the
data to do so. In addition, the p-curves were characterized by uniform distributions (see Figure 1),
suggesting that some results with potentially detected differences were mixed with multiple results
that may could have been selectively reported.

In Figure 2, we show how the extracted and analyzed effect sizes, sample sizes, and p-values converge.
Nine trials had a sample size between 10 and 25 participants; twelve trials had a sample size between
25 and 50; twelve trials had a sample size between 51 and 150; and eight trials had a sample size
between 151 and 410 participants. While in most trials with fewer than 50 participants the results
were significant (p < .05), less than half of the tests of differences between interventions were also
significant in trials with sample sizes from 51 up to 410 participants. In this regard, the plot reflects
our p-curves’ estimations of low average power in the set of statistically significant results. However,
Figure 2 also shows that because trials with large sample sizes were included in the analysis, the

p-curves still suggested the presence of trials with considerable power to detect very small effects.



212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

4. Discussion

After analyzing a set of significant results from twelve clinical trials comparing NDST with other
psychotherapies, our results were too noisy to allow us to make strong inferences about the presence
or absence of publication bias. This may mean that there was no relation between the size of the
studies, their power, and the likelihood to report a statistically significant effect.

In their report, Cuijpers et al. (11) mention that “[t]he analyses in which we adjusted for potential
publication bias... suggested that there may be publication bias” (p.455). We have further analyzed
their included trials using a different statistical method based on a distinct fundamental assumption
to try to find clarity for their results. First, with p-curve analysis one can only analyze significant results
(p < .05) because publication bias in non-significant results (p > .05) raises assumptions that are, at
least, challenging to adopt. We agree with Simonsohn, Simmons, and Nelson when they claim that:
“while we know that the published literature generally does not discriminate among p < .05 results ...
we don’t know how much easier it is to publish some non-significant results rather than others” (20).
When it comes to publication, they explain that the difference between a study with a p = .03 and
p = .04 might be negligible (20). However, it would be difficult to assume that, for example, a p = .06
in the wrong direction is equally likely to be published as, for example, a p = .06 in the right direction
(20). This assumption differentiates our approach to the publication bias problem from other
statistical methods that include all possible p-values in the analysis. This assumption, however, is not
flawless, and as a result there is a loss of information because of the exclusion of non-significant
results.

Our approach has some limitations. Thirteen p-values included in our “p-curve” were different from
those included in our “robust p-curve”, because trialists reported multiple results for post-treatment
depression, such as remission and response rates. We restricted our analyses to statistically significant
test statistics. This may be seen as a limitation, but one or both of these significant results may have

been crucial for publication.
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Analyzing publication bias and estimating a pooled effect size may reasonably be seen as two different
objectives when multiple results are reported. Provided that researchers in the future are interested
in conducting a meta-analysis together with publication bias analysis, they should consider this
problem of data collection and potentially mutually discordant objectives. After all, one result may be
of interest for a meta-analysis but not for publication bias analysis, and vice versa.

Recently, p-curve analysis has been criticized as suffering from poor statistical properties, such as
inadmissibility and non-monotonicity (21). These criticisms have also been debated in a blog post (22).
Even so, if we discard both the p-curve and the “trim-and-fill” approach from our interpretation,
relying in the results of the “limit meta-analysis” and the “step function selection model” in the original
meta-analysis suggest a considerable reduction for the original effect size estimation {Hedge’s g = -
.21; 95% CI[-.31, -.11]}. The effect size adjustment of the former {Hedge’s g = -.02; 95% ClI[-.18, .013]}
is larger than the latter {Hedge’s g = -.09; 95% ClI[-.18, .00]}, which remained statistically significant.
These results would be consistent with our conjecture that large and small studies have been mixed
in this meta-analysis, possibly obscuring and reducing the influence that potential publication bias
could have on the final pooled effect size. However, we cannot determine the statistical uncertainty

and/or magnitude of this claim, so it remains, at best, as only an educated guess.

It is reasonable to assume that clinical trials testing NDST have progressively increased their sample
sizes, since almost 30 years ago it was suggested that claims of inferiority to other therapies were due
to trialists not delivering NDST to patients as a treatment intended to be therapeutic because NDST
was used for control groups (23, 24). This is a concrete problem in psychology, however, we can
imagine that in other fields trialists face similar problems, so, as time pass by, sample sizes might be
getting increasingly larger. Then, other publication bias analyses in other fields could be similar to the
one we did here; a mix of trials with high and low power for which publication bias test results can

only be inconclusive.
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The most important limitation of our study is that only one author (G.A.M.F.) initially extracted the
test statistics of the studies. To counterpose this limitation, 20% of the included studies were
randomly reviewed by the other two authors (A.F.M. and M.L.), and the remaining author (L.C.)
checked the whole dataset afterwards. We also included discrete tests, which can serve as source of
liability for p-curve analysis, even though such inclusion should negligibly affect our results (25). Also,
our study is dependent on the investigation conducted by Cuijpers et al. (11), so it might inherently
suffer from the same limitations as that study. That is, we have included trials that were originally
collected by their study, so our study relies on their inclusion criteria and research process that has

been documented in their article (11) and/or elsewhere (26).
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5. Conclusions

Ultimately, the results of our study were considered “too noisy”; as a result, strong inferences about
publication bias could not be drawn in this set of articles. We conclude that there were indications of
significant results from small-sample trials that could have been due to publication bias; and that there
were trials with large samples that might have been able to detect potential treatment differences.
Possibly due to this reason, our results suggested that the complete set of trials had a low average
statistical power.

We have attempted to show how and what it would entail to apply a distinct publication bias method
such as “p-curve” in clinical trials. Hence, this report has been written from the perspective of
empirical researchers examining a challenging “case study” to show the assumptions and analytic
choices underlying publication bias analysis. In so doing, we have highlighted how complex publication
bias analysis is, hoping that this report could serve as a valuable tool for other researchers to reflect

when dealing with publication bias analysis from any kind of method.
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Tables and Figures.

Table 1. Results of the calculated p-curves.
Figure 1. P-curve plot.

Figure 2. Extracted p-values, effect, and sample sizes of the trials.

Appendix 1.

Figure Al1.1. Plots on the influence of removing outliers from the p-curve.

Figure Al1.2. Plots on the influence of removing outliers from the robust p-curve.



372  Table 1. Results of the multiple calculated p-curves.

373
Binomial Continuous Test
Test (Aggregate with Stouffer Method)
Full Curve Half Curve Evidence of effect
p <.025 z-Full p’s < .05 z-Half p’s<.025  Present Absent
P-curve
Right-Skewness p=.5 z=-1.03 p=.15 z=-78 p=.22 No No
Test
Flatness Test p=.99 z=-1.02 p=.15 z=-.60 p=.27
Statistical Estimate: 14%
Power 90% Confidence interval: (5%, 48%)
Robust p-curve
Right-Skewness p=.21 z=-1.61 p=.05 z=-1.07 p=.14 No No
Test
Flatness Test p=.99 z=-.55 p=.29 z=-.46 p=.32
Statistical Estimate: 22%
Power 90% Confidence interval: (5% , 57%)
374

375 Note: The Stouffer Method is used to compile and analyze p-values. P-curve can be divided by its full
376  distribution, i.e., from .05 toward the non-central distribution, and its half distribution, i.e., from .025
377  toward the non-central distribution. Evidence of an effect (absence of selective reporting) is assumed
378  when both full and half distributions are significantly right-skewed at p < .1. or when only half of the
379  distribution is significantly right-skewed at p < 0.5. None of the p-curves contain evidence of an effect.
380  When the full p-curve is flatter (p < .05) than one powered at 33%, or when both the 33% binomial
381 test and half of the p-curve are statistically significant (p < 0.1), then selective reporting cannot be
382  ruled out, which is the case for both p-curves.

383 ['p<0.5]

384
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Figure 1. P-curve plot

100% — Observed p-curve
Power estimate: 14%, C1(5%.48%)
------- Null of no effect
Tests for right-skewness: pey = .1512, Ppar=.2163
0 - ==~ Null of 33% power
i Tests for flatness: pry = 1539, Prai = .273, Painomia = -9963
: 1 2 1l
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Note: The observed p-curve includes 13 statistically significant (p < .05) results, of which 7 are p < .025.
There were 11 additional results entered but excluded from p-curve because they were p > .05.

P-curve of 23 trials containing 24 p-values; 13 are statistically significant. The blue line shows the
distribution of critical p-values: 15% of the p-values fall between .04 and .05; 23% between .03 and
.04; 15% between .02 and .03; 23% between .01 and .02; and 23% between .00 and .01. The text box
displays the average power and its confidence interval for the included studies. The red line represents
the distribution when there should be no effect. The green line shows what the distribution would
look like if a group of studies were powered at the 33% arbitrary threshold to determine whether an
effect was non-negligible. By observing the curve, selective reporting can neither be ruled in or ruled
out. The uniform shape suggests a group of potentially selectively reported findings mixed with some

that estimated differences. This figure was generated by the p-curve app 4.10 (https://www.p-

curve.com/app4/).
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Figure 1b. Robust p-curve plot

100% — Observed p-curve
Power estimate: 22%, C1(5%,57%)
------- Null of no effect
Tests for right-skewness: pgy = .0532, puay=.1428
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Note: The observed p-curve includes 14 statistically significant (p < .05) results, of which 9 are p < .025.
There were 10 additional results entered but excluded from p-curve because they were p > .05.

Robust p-curve of 23 trials containing 24 test statistics; 14 are statistically significant. Full-curve right-
skewness: z = -1.61, p = .05; half-curve: z=-1.07, p = .14. The curve is not flatter than one powered at
33% (p = .30). The robust p-curve is not statistically significant either, and it does not formally meet
the criterion for absence of selective reporting.

Figure 2. Extracted p-values, effect, and sample sizes of the trials
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Plot of the extracted p-values, effect, and sample sizes from the different trials. The red dotted line is
the significance threshold (p < .05). The “y-axis” represents the p-values, in which the higher ones are
at the top, while the x-axis depicts the values of the effect sizes—the left favors other psychotherapies
and the right NDST. Fifteen effect estimations (83.33%) with sample sizes ranging from 10 to 50 were
significant, while twelve effect estimations (57.14%) with more than 51 participants exceeded the

significance threshold.



414  Appendix 1.
415
416  Figure Al.1. Plots on the influence of removing outliers from the p-curve.
417
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418
419  The first three plots show that neither dropping the highest nor the lowest p-values would make the
420  p-curve to beright-skewed and, hence, to contain evidential value. Based on the two plots at the lower
421 part of the figure, dropping multiple options of the lowest and highest p-values would not change the
422 distribution, which would still not be flatter than one powered at 33%.

423



424  Figure Al.2. Plots on the influence of removing outliers from the robust p-curve.

425

Drop k lowest original p-values Drop k highest original p-values

@ 9- 9
= -’g‘ .81 .8
= 74 7 -
— D
Right skew € 2 6+ 6
(Full p-curve) © & 5 B
[o N} o
= 4 e o 4 4
3 g 3 o o el 3
Th o g sEas _ =
i 2 o/ \O/ < 2 e \O\\‘-o/o G
.05 .05
T T T T T T T T T T T T T T T T
0 1 2 3 4 5 6 7 0 1 2 3 4 B 6 7
=35 81
TE 71
Right skew 2 2 g4
(Hﬁf ol B8 s /° Graph not needed
B ‘21:3 4@ e e ey (Half p-curve excludes high p-vaiues)
=
g (% 31 \c
58 2
O 05
T T T T T
0 1 2 3 4
g 9 9-
=3 8] 8
S = 74 74
A 4=
33% power L 2 & 6
(Full p-curve) E » 54 5 -
=] .31 0 .3 o
EQ 24 OJ_O_JQ/O 2 2 24 o/ \ /°
- o« g et \
o5 05

1 2 3 4 5 6§ 7 0o 1 2 3 4 5 8
Number of tests dropped (k) Number of tests dropped (k)

e Including all p-values o Dropping p-values

426
427  The first three plots show that neither dropping the highest nor the lowest p-values would make the

428  p-curve to be right-skewed and, hence, contain evidential value. Based on the two plots at the lower
429  part of the figure, dropping multiple levels of the lowest and highest p-values would not change the
430  distribution, which would still not be flatter than one powered at 33%.

431
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