ChinaRxiv [$X]

AT translation - View original & related papers at
chinarxiv.org/items/chinaxiv-202003.00056

Interpreting Non-significant Results: A Quanti-
tative Analysis Based on 500 Empirical Studies

Authors: Wang Jun, Song Qiongya, Xu Yuepei, Jia Binbin, Lu Chunlei, Chen
Xi, Dai Zixu, Huang Zhiyue, Li Zhenjiang, Lin Jingxi, Luo Wanying, Sainan
Shi, Zhang Yingying, Zang Yufeng, Zuo Xinian, Hu Chuanpeng, Hu Chuanpeng

Date: 2020-10-17T00:00:004-00:00

Abstract

Nonsignificant results (e.g., p > 0.05) are very common in psychological re-
search and can be easily misinterpreted as evidence for accepting the null hy-
pothesis, potentially leading to erroneous inferences in group-matching studies
or overlooking true effects masked by nonsignificant results from small samples.
However, there is currently no empirical research domestically investigating the
prevalence of nonsignificant results and their interpretation. This study exam-
ined 500 Chinese-language empirical psychological research articles, statistically
analyzing the frequency of negative statements related to nonsignificant results
in their abstracts, assessing and tallying the accuracy of inferences based on
these negative statements, and re-evaluating studies with t-values in their non-
significant results using Bayes factors. The results showed that 36% of abstracts
mentioned nonsignificant results, containing a total of 236 negative statements.
Among these, 41% of the negative statements exhibited biased interpretation of
nonsignificant results (e.g., interpreting them as supporting the null hypothesis).
Bayes factor analysis of studies containing t-values revealed that only 5.1% of
nonsignificant results could provide strong evidence supporting the null hypoth-
esis (BF01 > 10). Compared with previous survey results from international
psychology journals (30% of abstracts contained negative statements; 70% of
negative statements misinterpreted nonsignificant results), Chinese psychology
journals showed both a higher proportion of reporting nonsignificant results
and a higher accuracy rate in interpreting them. However, domestic researchers
still need to further enhance their understanding of nonsignificant results and
promote statistical methods suitable for evaluating them.
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Abstract

Nonsignificant results (e.g., p > 0.05) are common in psychological research
but are often misinterpreted as evidence supporting the null hypothesis, po-
tentially leading to erroneous inferences in group-matching studies or causing
researchers to overlook true effects masked by small-sample nonsignificant re-
sults. However, no empirical studies in China have investigated the prevalence
of nonsignificant results and how they are interpreted. This study examined 500
Chinese psychological empirical research articles, quantifying the frequency of
negative statements related to nonsignificant results in abstracts, evaluating the
accuracy of inferences based on these statements, and using Bayes factors to re-
evaluate studies reporting nonsignificant results with t-values. Results showed
that 36% of abstracts mentioned nonsignificant results, containing a total of 236
negative statements. Among these, 41% misinterpreted the nonsignificant re-
sults (e.g., interpreting them as supporting the null hypothesis). Bayesian factor
analysis of studies reporting t-values revealed that only 5.1% of nonsignificant
results provided strong evidence supporting the null hypothesis (BF > 10).
Compared with previous surveys of international psychology journals (30% of
abstracts contained negative statements; 70% misinterpreted nonsignificant re-
sults), Chinese psychology journals showed both a higher proportion of reported
nonsignificant results and higher accuracy in their interpretation. Nevertheless,
Chinese researchers need to strengthen their understanding of nonsignificant
results and promote statistical methods appropriate for evaluating them.

Keywords: Nonsignificant results; Null hypothesis significance testing; Bayes
factors; Meta-research

1. Introduction

Appropriate statistical inference methods are essential for drawing correct con-
clusions from data. Currently, null hypothesis significance testing (NHST) domi-
nates scientific practice (American Psychological Association, 2010; Wasserstein
& Lazar, 2016). Within this framework, researchers typically make a binary de-
cision about whether to reject the null hypothesis based on the p-value. Specif-
ically, when the p-value falls below a predetermined threshold (typically set
at 0.05), researchers can reject the null hypothesis and accept the alternative
hypothesis; when the p-value exceeds this threshold, researchers fail to reject
the null hypothesis. However, failure to reject the null hypothesis entails two
possibilities: first, the data support the null hypothesis, meaning the effect is ab-
sent (evidence of absence); second, the study lacks sufficient statistical power to
detect a true effect (Dienes, 2014, 2016), meaning there is absence of evidence.

Researchers have long recognized the limitations of NHST (Amrhein et al., 2019;
Edwards et al., 1963; Gigerenzer et al., 2004; Meehl, 1967; Miller, 2011; Nicker-
son, 2000; Ziliak & McCloskey, 2008). On one hand, the dichotomous decision-
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making mindset inherent in NHST has contributed to the neglect and even
stigmatization of nonsignificant results, leading to publication bias in the schol-
arly literature (Sun et al., 2012). Fanelli (2012) analyzed publications across
disciplines and found that the proportion of positive/significant results exceeded
that of negative/nonsignificant results in all fields, with psychology showing a
particularly high proportion of positive results at over 95%. Such publication
bias may lead to erroneous estimates of true effects (Algermissen & Mehler,
2018; Schafer & Schwarz, 2019), contributing to the reproducibility crisis in
psychology (Baker, 2016; Ioannidis, 2005; Klein et al., 2014; Open Science Col-
laboration, 2015; Hu et al., 2016). On the other hand, researchers sometimes
misinterpret nonsignificant results. Although p > 0.05 cannot distinguish be-
tween “data support the null hypothesis” and “data are insufficient to support
or reject the null hypothesis,” researchers often conflate these situations in their
conclusions, erroneously treating p > 0.05 as evidence supporting the null hy-
pothesis, thereby compromising the credibility of their findings (Greenland et
al., 2016; X. Lyu et al., 2020; Z. Lyu et al., 2018; Hu et al., 2016; Luo, 2017).
Lyu et al. (2020) found that 53% of researchers mistakenly believed that p >
0.05 indicates data support for the null hypothesis.

Such misinterpretation of nonsignificant results can have two serious conse-
quences. First, erroneously accepting the null hypothesis can affect subsequent
inferences about intervention effects. In clinical trials, researchers often use
chi-square tests or independent samples t-tests to analyze differences between
experimental and control groups on confounding variables (e.g., gender, age,
education level). When a t-test yields p > 0.05 (e.g., 0.06), researchers may
conclude that the groups do not differ on that variable and subsequently dis-
regard its potential influence when analyzing intervention effects, overlooking
serious confounding. Second, misinterpretation can lead to neglect of negative
results. Researchers may lack sufficient power to detect existing effects due
to small sample sizes, resulting in nonsignificant findings (Button et al., 2013;
Chen et al., 2018). If they misinterpret these nonsignificant results as indicating
no effect, they may miss potentially important effects (Fiedler et al., 2012). For
example, a multi-center meta-analysis showed that although the left putamen
was the most abnormal brain region in Parkinson’s patients at the meta-analytic
level, individual center results—due to low power—found significant putamen ab-
normalities after multiple comparison correction in only 2 out of 18 centers (Jia
et al., 2018).

Although discussions about nonsignificant results within the NHST framework
have increased (Lii, 2014; Zhong, 2016), most are theoretical or methodologi-
cal, lacking empirical investigations into the prevalence and interpretation of
nonsignificant results in Chinese psychological literature. Aczel et al. (2018)
reviewed 412 empirical articles published in 2015 in Psychonomic Bulletin &
Review, Journal of Experimental Psychology: General, and Psychological Sci-
ence, finding that nearly one-third of abstracts contained negative statements
(where researchers explicitly stated that an effect was absent or mentioned non-
significant results), with 72% of these articles misinterpreting nonsignificant
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results. Do similar misinterpretations exist in authoritative Chinese psychology
journals?

Moreover, researchers sometimes genuinely need to demonstrate null effects or
that the null hypothesis is true. As noted above, for group-matching in between-
subjects designs, researchers need to ensure equivalence between experimental
and control groups on certain attributes (e.g., age, gender). In such cases, re-
searchers must provide evidence for the null hypothesis that “there are no other
differences,”and misinterpreting p-values leads to erroneous statistical inferences.
Researchers may also need to test competing theories, using experimental data
to show that a difference predicted by one theory does not exist—that is, sup-
porting the null hypothesis. In other words, in certain contexts, demonstrating
that “the null hypothesis is true” is the intended goal, serving to reject or falsify
a research hypothesis and propose alternative hypotheses, thereby advancing
scientific theory.

Since NHST cannot provide support for the null hypothesis, using p > 0.05 as
evidence for it is actually incorrect (Chuard et al., 2019). Researchers therefore
need to introduce appropriate statistical methods to assess the degree to which
data support the null hypothesis, such as Bayes factors (BFs) (Wagenmakers
et al., 2018; Wagenmakers et al., 2011; Hu et al., 2018). Aczel et al. (2018) re-
calculated Bayes factors for data with nonsignificant t-test results to assess the
degree of support for the null hypothesis, finding that only 3% of these nonsignif-
icant t-tests provided strong evidence supporting the null hypothesis (BF >
10), while 71% provided only moderate evidence (10 > BF > 3). These results
suggest that without appropriate statistical methods, researchers may overlook
an important issue: data yielding nonsignificant results often cannot provide
sufficiently strong evidence for the null hypothesis. Whether this phenomenon
exists in published articles from Chinese psychology core journals is also worth
exploring, as understanding it can help Chinese psychology researchers recognize
that misinterpreting nonsignificant results yields erroneous evidence supporting
the null hypothesis.

To obtain empirical data on the current state of nonsignificant result interpreta-
tion in Chinese psychology research, this study—following Aczel et al. (2018)—
surveyed empirical research articles published in 2017 and 2018 in five Chinese
psychology core journals (Acta Psychologica Sinica, Psychological Science, Chi-
nese Journal of Clinical Psychology, Psychological Development and Education,
and Studies of Psychology and Behavior). Specifically, we analyzed the report-
ing and misinterpretation rates of nonsignificant results in a random sample of
500 papers, recalculated Bayes factors to assess whether data with nonsignifi-
cant results could actually support the null hypothesis and to what degree, and
compared the status of nonsignificant result interpretation between Chinese
core journals and international journals. This article aims to raise researcher
awareness of the prevalence of misinterpreting nonsignificant results, encourag-
ing more cautious and rigorous statistical inference to avoid misinterpretation.
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2. Methods
2.1 Article Sampling

This study selected five Chinese psychology core journals whose full texts were
freely accessible: Acta Psychologica Sinica, Psychological Science, Chinese Jour-
nal of Clinical Psychology, Psychological Development and Education, and Stud-
ies of Psychology and Behavior. These journals cover diverse areas of psycholog-
ical research, including cognitive, developmental, social, and clinical psychology.
We compiled all empirical research articles published in these five journals dur-
ing 2017-2018 (i.e., articles containing data analysis, excluding reviews, meta-
analyses, or commentaries), recording the title, publication date, volume, and
page numbers for each article and assigning each a unique ID. For example, the
second article in Acta Psychologica Sinica was coded as 1002—where “1” repre-
sents the journal ID (different journals have different IDs) and “002” indicates
the article’ s order within the journal. Detailed coding rules are available at
https://osf.io/mf42q/. Finally, we randomly sampled empirical articles from
each journal proportionally to their publication volumes. The numbers of em-
pirical articles were 246, 299, 379, 162, and 213, respectively, totaling 1,299
articles, corresponding to proportions of 18.94%, 23.02%, 29.18%, 12.47%, and
16.40%. Therefore, the numbers of randomly selected articles were: Acta Psy-
chologica Sinica (95), Psychological Science (115), Chinese Journal of Clinical
Psychology (146), Psychological Development and Education (62), and Studies
of Psychology and Behavior (82).

The code for random sampling is available at https://osf.io/7my4g/.

2.2 Article Coding

The coding process consisted of three steps: initial coding, coding verification,
and classification coding (Figure 1 [Figure 1: see original paper]). In the initial
coding phase, the 500 selected articles were randomly divided into 13 batches
and assigned to 13 coders. The coding procedure was as follows: coders read
each article’ s abstract to determine whether it contained at least one nega-
tive statement. A “negative statement” was defined as a statement in which
researchers explicitly claimed that an effect was absent (e.g., “there was no
difference between the intervention and control groups” ) or mentioned a non-
significant result (e.g., “no evidence supported a significant difference between
the intervention and control groups” ). If the abstract contained no negative
statements, coders only extracted basic article information, including article ID,
citation, article link, and article type. If the abstract contained at least one
negative statement, coders additionally extracted the negative statement itself
and the corresponding statistical test information from the main text. This
statistical information primarily included the test method; for t-tests (includ-
ing one-sample, paired-samples, and independent-samples t-tests), coders also
extracted t-values, p-values, and sample sizes for subsequent Bayes factor calcu-
lation.
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To ensure coding accuracy, after initial coding was completed, articles were reas-
signed for verification. Detailed coding templates and procedures are available
in the supplementary materials (https://osf.io/a39hb/).

Figure 1. Literature coding and data extraction workflow

After extracting negative statements and corresponding statistical results, six
coders independently classified the negative statements, then discussed discrep-
ancies to reach final classification. Specific categories and criteria are shown
in Table 1 . To assess inter-rater agreement among the six coders, we calcu-
lated Fleiss’ kappa (Fleiss, 1971) using the irr R package developed by Gamer
et al. (2019) (function kappam.fleiss), which is appropriate for categorical vari-
ables with more than two raters.

Table 1. Specific categories and classification criteria for negative
statements
Category Classification Criteria

Correct frequentist

Interpreting nonsignificant results according to NHST

interpretation logic, i.e., only stating that there is no evidence
supporting the alternative hypothesis. Example:
“The results show no evidence supporting a
significant difference between the intervention and
control groups.”

Incorrect Interpreting nonsignificant results as supporting the

frequentist null hypothesis at the population level from which

interpretation— the sample was drawn. Example: “The results fail to

Generalization to reject the null hypothesis or fail to support the

population alternative hypothesis.”

Incorrect Interpreting nonsignificant results as supporting the

frequentist null hypothesis in the current sample. Example:

interpretation— “The results indicate no difference between the

Based on current intervention and control groups.”

sample

Bayes factor-based  Using Bayes factors to support the null hypothesis

interpretation over the alternative hypothesis. BFF > 10 indicates

Difficult to judge

strong evidence for the null hypothesis.

Due to linguistic ambiguity, the category of the
negative statement cannot be clearly determined.
Example: “Except for fear emotions, the greater the
intensity of basic expressions, the better participants’
recognition of the expressions.”

2.3 Bayes Factor Analysis

To re-evaluate the degree to which data from studies using t-tests (one-sample,
paired-samples, or independent-samples t-tests) supported the null hypothesis,
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we calculated Bayes factors based on reported statistical parameters (sample
size and t-values) (Ly et al., 2018). Bayes factors compare the relative extent to
which data support the alternative hypothesis (H ) versus the null hypothesis
(H) (Wagenmakers et al., 2018), using the formula:

P(Data|H,)
BFo = P(Data|H,)

The subscript “1” in BF represents H and “0” represents H. Thus, BF
denotes the Bayes factor for H versus H , while BF denotes H versus H . For
example, BF = 10 means the probability of observing the current data under
the null hypothesis is 10 times greater than under the alternative hypothesis.
Based on Jeffreys’ (1961) classification of different BF values, Wagenmakers
et al. (2018) clarified the meaning of different BF magnitudes, though these
guidelines are for reference only and researchers should evaluate BF meaning
in the context of specific research questions.

Following Aczel et al. (2018), we used the BayesFactor R package developed
by Morey et al. (2015) (function ttest.tstat) to calculate BF . The package’ s
default setting uses a two-sided Cauchy distribution as the prior for the alter-
native hypothesis (r = 0.707, where r is the scale parameter, also denoted as
in some literature). Previous research suggests this prior setting for the alter-
native hypothesis is appropriate (Ly et al., 2016a, 2016b; Rouder et al., 2009).
To examine the robustness of Bayes factor results, we also calculated BF us-
ing different prior distributions. One prior was a normal distribution (Dienes,
2014); compared to the default prior, the normal prior has relatively greater
probability density near zero, yielding effects closer to zero than the default
prior. Another prior was an informed prior based on expert opinion regarding
effect size distributions (Gronau et al., 2019), reflecting experts’ beliefs about
effect size distributions (median = 0.350).

Given that researchers might mistakenly use p-values as evidence for the null
hypothesis, we further explored the relationship between p-values and BF by
calculating Kendall’ s correlation coefficients (Kendall & Gibbons, 1990) and
their corresponding 95% credible intervals (CIs) to assess whether p-values were
strongly correlated with BF . If a strong correlation exists, larger p-values
could to some extent support the null hypothesis; if no strong correlation exists,
especially when p > 0.05 is weakly correlated with BF | using large p-values as
evidence for the null hypothesis would be erroneous. Since the relationship is not
linear, we used Kendall’s . We employed the DescTools R package developed by
Signorell (2017), using the function KendallTauB to calculate and the function
crediblelntervalKendallTau (van Doorn et al., 2018) to compute 95% Cls based
on and the number of t-tests. Finally, because larger sample sizes generally
provide stronger evidence, we also explored the relationship between BF and
sample size using the same method.
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3. Results
3.1 Prevalence of Nonsignificant Results in Chinese Literature

Our analysis found that 36% of the 500 empirical articles contained at least
one negative statement in their abstracts. Articles published in Acta Psycholog-
ica Sinica showed the highest proportion (43%), though all journals exceeded
30% (see Figure 2a [Figure 2: see original paper])'. These results indicate that
negative statements are very common in psychological research.

Figure 2. (a) Proportion of negative statements across journals;
(b) Proportion of negative statement interpretation categories across
journals (Note: This classification is based on Interpretation ; see
text regarding the two interpretations)

tSince the 500 articles included experimental, quasi-experimental, and survey re-
search, the proportion of negative statements might differ across research types.
We therefore analyzed the distribution of negative statements across research
types within each journal. Results showed that experimental (45.8%) and quasi-
experimental (36.2%) studies accounted for relatively larger proportions of neg-
ative statements than survey research (17.9%). However, because different jour-
nals emphasize different research directions, the proportion of research types
varied considerably across journals. For example, in Acta Psychologica Sinica,
Psychological Science, and Studies of Psychology and Behavior, experimental
articles accounted for over 50% of publications. In contrast, Chinese Journal
of Clinical Psychology and Psychological Development and Education contained
larger proportions of survey and quasi-experimental research. Importantly, a
single article could contain multiple studies, so we considered both cases where
one study corresponded to multiple negative statements (e.g., Negative state-
ment 1: “The results found no significant effect of Variable A on reaction time
in Study 17 ; Negative statement 2: “The results found no significant effect of
Variable B on reaction time in Study 1” ) and cases where one negative state-
ment corresponded to multiple studies (e.g., “In both Study 1 and Study 2, no
significant effect of Variable A on reaction time was found” ). Therefore, the to-
tal number of negative statements considering research type was 301, exceeding
the 236 negative statements mentioned earlier.

3.2 Classification of Negative Statements

Inter-rater agreement analysis for the six coders’ classification of negative state-
ments yielded a Fleiss” kappa of 0.588 (p < 0.001). Following Landis and Koch’
s (1977) interpretation of Fleiss’ kappa, this value indicates moderate inter-rater
agreement. Additionally, authors discussed discrepant classifications to reach
final results, making the classification reliable.

During classification, we frequently encountered statements like “no significant
difference/effect/role” (n = 55). Due to ambiguity in Chinese expression, such
statements allow two interpretations: Interpretation views them as direct in-
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terpretations of p < 0.05, i.e., “the difference did not reach statistical signifi-
cance,” classified as “correct frequentist interpretation” ; Interpretation views
them as descriptions supporting the null hypothesis, equivalent to “no differ-
ence/effect /role,” classified as “incorrect frequentist interpretation—based on
current sample.” Therefore, in subsequent descriptions of classification results,
we reported results based on both interpretations.

Classifying “no significant difference/effect /role”statements as correct frequentist
interpretations, we categorized the 236 negative statements. Results showed
that correct frequentist interpretations accounted for 53.4% (n = 126); incorrect
frequentist interpretations accounted for 41.1% (n = 97), with 13.6% (n = 32) in
the subcategory “incorrect frequentist interpretation—based on current sample”
and 27.5% (n = 65) in “incorrect frequentist interpretation—generalization to
population.” Additionally, 5.5% (n = 13) were ambiguous and difficult to classify,
coded as “difficult to judge.” The distribution across categories for each journal
is shown in Figure 2b. Classification results based on Interpretation 2 are in
the footnote?. Aczel et al. (2018) also included a Bayes factor-based category,
but we found no negative statements in this category—that is, no cases in these
articles used Bayes factors to evaluate support for the null hypothesis—so we
excluded this category from our study.

2If we classify “no significant difference/effect/role” statements as incorrect fre-
quentist interpretation—based on current sample and reclassify the 236 negative
statements, the change in interpretation only affects the counts for correct fre-
quentist interpretation and incorrect frequentist interpretation—based on cur-
rent sample, leaving other categories unchanged. Results show correct frequen-
tist interpretation accounts for 30.1% (n = 71), while incorrect frequentist inter-
pretation accounts for 64.4% (n = 152), with 36.9% (n = 87) in the subcategory
incorrect frequentist interpretation—based on current sample and 27.5% (n =
65) in incorrect frequentist interpretation—generalization to population.

3.3 Bayes Factor Analysis

Within the NHST framework, researchers can only make binary decisions about
rejecting the null hypothesis based on p-values and cannot obtain evidence sup-
porting the null hypothesis. Therefore, we recalculated BF using t-test data to
assess the degree to which data with nonsignificant results supported the null
hypothesis.

Among all statistical tests, 39 reported t-test statistics and sample sizes. Based
on these t-values and sample sizes, we calculated BF using a medium-scale
two-sided Cauchy distribution as the prior for the alternative hypothesis. BF

ranged from 0.51 to 10.64. Following Wagenmakers et al.” s (2018) classification
of BF | we used 1, 3, and 10 as cutoffs to categorize BF into “weak evidence
for H ,” “weak evidence for H ,” “moderate evidence for H ,” and “strong evidence
for H .” Results showed that among the 39 t-tests, 2.6% (n = 1) indicated weak
evidence for H , 33.3% (n = 13) indicated weak evidence for H , 59% (n = 23)
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indicated moderate evidence for H, and only 5.1% (n = 2) indicated strong
evidence for H. In other words, if authors made inferences supporting H in
the original articles, BF showed that only about half of these tests provided
moderate or strong evidence for H. Therefore, inferring H as true based on
p-values is inappropriate.

To verify result robustness and avoid prior specification effects, we recalculated
Bayes factors using normal and informed priors. BF distributions under differ-
ent prior settings are shown in Figure 3a [Figure 3: see original paper]. With
the normal prior, BF ranged from 0.45 to 6.00; 15.4% (n = 6) indicated weak
evidence for H, 64.1% (n = 25) indicated weak evidence for H , and 20.5% (n
= 8) indicated moderate evidence for H. With the informed prior, BF ranged
from 0.41 to 21.69; 20.5% (n = 8) indicated weak evidence for H , 53.8% (n =
21) indicated weak evidence for H ; 17.9% (n = 7) indicated moderate evidence
for H, and only 7.7% (n = 3) indicated strong evidence for H .

Figure 3. (a) Distribution and interpretation of BF under differ-
ent prior settings; (b) Relationship between BF and p-values under
default prior; (c) Relationship between BF and sample size under
default prior

Note: Multiple BF  wvalues may correspond to the same sample; for example, a
sample size of 138 corresponds to multiple BF  values.

We further examined how prior settings affected negative statement classifica-
tion. Results showed that changing from the default prior to the informed prior
altered the interpretation of BF in 60% of cases (n = 23); changing to the
normal prior altered interpretation in 61.5% of cases (n = 24). This indicates
that prior distribution settings substantially influence BF interpretation, and
researchers must carefully select appropriate priors when calculating BF .

Finally, we conducted exploratory analyses of Bayes factors, examining relation-
ships between BF and p-values and between BF and sample size. Since only
39 t-tests reported t-statistics and sample sizes, our correlation results should
be considered preliminary and require verification in future research. To explore
the relationship between p-values and corresponding BF |, we plotted p-values
against BF  (Figure 3b) and calculated Kendall’ s and its 95% credible in-
terval. Results showed a correlation of 0.527 between p-values and BF | with
a 95% CI of [0.282, 0.687], indicating that larger p-values correspond to larger
BF values. However, Figure 3b shows that this relationship is primarily driven
by smaller p-values (p < 0.2); as p-values increase, BF changes become more
gradual. Therefore, the validity of this conclusion requires further investigation.

Similarly, we analyzed the relationship between sample size and BF (Figure
3c). Results showed a correlation of 0.243 between sample size and BF | with a
95% credible interval of [0.018, 0.431], indicating a weak relationship. Figure 3¢
also shows that BF does not change substantially with increasing sample size.
However, sample sizes ranged primarily from 13 to 138, with only a few studies
exceeding 300; thus, the accuracy of this conclusion awaits further verification.
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4. Discussion

This study analyzed 500 randomly selected Chinese psychology empirical re-
search articles, extracting all negative statements from abstracts and recalcu-
lating Bayes factors using associated statistics and sample sizes to investigate
the prevalence and accuracy of nonsignificant result interpretation in Chinese
psychology core journals and compare this with international journals.

Regarding the prevalence of negative statements, we found that 36% of article
abstracts (n = 180) contained negative statements in which researchers explicitly
stated that an effect was absent or mentioned nonsignificant results. For exam-
ple, over 40% of empirical articles published in Acta Psychologica Sinica con-
tained negative statements in their abstracts. In contrast, Aczel et al. (2018) re-
viewed empirical studies published in international core journals (Psychonomic
Bulletin & Review, Journal of Experimental Psychology: General, and Psycholog-
ical Science) and found that 32% of abstracts mentioned negative statements—a
proportion lower than our survey of Chinese journals. Combined with Aczel et
al. (2018), our results demonstrate that nonsignificant results are indispensable
in psychological research, as researchers need them to support their inferences,
especially in experimental studies (the primary research type analyzed by Aczel
et al., 2018), where negative statements appeared in 45.8% of cases.

Regarding accuracy of nonsignificant result interpretation, although 41.1% of
statements contained misinterpretations (treating “no significant difference” as
correct phrasing, i.e., Interpretation ), Aczel et al. (2018) found that 72% of
articles in international journals misinterpreted nomnsignificant results. Even
when we treated the common Chinese phrasing “no significant difference” as
incorrect (under Interpretation % 64.4%), the misinterpretation rate remained
lower than in international journals. These results indicate that while Chinese
researchers, like their international peers, commonly misinterpret nonsignificant
results, the proportion of misinterpretations appearing in articles is lower than
in international psychology journals. Notably, classification results differed by
over 20% depending on interpretation, suggesting researchers should use clear
and explicit phrasing for statistical inference statements.

Furthermore, Bayes factor analyses revealed that few BF values exceeded 10
regardless of prior distribution (default prior: n = 2; normal prior: n = 0;
informed prior: n = 3), with most BF values below 3 (default prior: n =
14; normal prior: n = 31; informed prior: n = 29). Although researchers may
differ in their interpretation of BF evidence strength (Schonbrodt, 2015), most
interpret BF < 3 as weak evidence for the null hypothesis and BF > 10
as strong evidence (Lee & Wagenmakers, 2014). These Bayes factor results
are similar to those from international journals, though the small sample sizes
providing stronger evidence prevent us from concluding that Chinese journals
have a clear advantage on this point. Bayes factor analyses show that BF

calculated from data with nonsignificant results rarely provides strong evidence
for the null hypothesis. However, most t-tests in our Bayes factor analysis
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had sample sizes under 100; Aczel et al. (2018) suggested this result may partly
reflect small sample sizes common in psychological research (Button et al., 2013;
Stussi et al., 2018; Cui et al., 2019; Xie et al., 2019). Hoekstra et al. (2018)
reanalyzed nonsignificant results in medical research and found that with large
sample sizes, data provided strong support for the null hypothesis.

We also explored correlations between p-values, sample size, and BF . How-
ever, our correlation analyses were preliminary, involving only 39 t-tests, so
we encourage future research to examine these relationships more thoroughly.
For p-values and BF | the correlation coefficient was 0.527. Similar to Aczel
et al. (2018), we found that the positive correlation between p-values and BF
occurred mainly among nonsignificant results with smaller p-values. When p <
0.2, BF increased with p-values; however, when p-values were larger, increases
in p-values did not substantially affect BF . This reflects NHST" s limitation:
p-values do not have clear meaning, cannot measure the probability that a re-
search hypothesis is true or false, and larger p-values do not indicate stronger
evidence for the null hypothesis (Hao et al., 2016; X. Lyu et al., 2020). Wetzels
et al. (2011) similarly found that when p-values are large, BF changes little
with p-values. Beyond psychology, Hoekstra et al. (2018) analyzing nonsignif-
icant results in medical research found a linear relationship between log(BF )
and p-values, with BF changes diminishing as p-values increased. For sample
size and BF | the correlation was only 0.243, indicating that BF changes little
with increasing sample size. Yet p-values are affected by sample size (Cheng
& Li, 2019): even with very small effect sizes, sufficiently large samples can
easily produce significant results. Therefore, research conclusions should not
focus solely on whether statistical results are significant but should combine
statistical results with practical significance.

However, as noted earlier, the number of t-tests and corresponding sample sizes
in our Bayes factor analysis were small, so the generalizability of these results
awaits verification.

Notably, Aczel et al. (2018) found that 10% of negative statements used Bayes
factors rather than NHST for statistical inference. In contrast, none of the
500 articles we randomly selected used Bayes factors, reflecting that Chinese
researchers are less familiar with methods that can support the null hypothesis.
Lii (2012) therefore recommends that researchers pay more attention to alter-
native statistical inference methods as supplements to NHST, introducing the
principles behind different methods at an appropriate level of difficulty to en-
able more comprehensive understanding of their advantages and disadvantages
—such as equivalence testing (Lakens et al., 2018; Lakens et al., 2018; Rogers
et al., 1993), Bayesian estimation (Kruschke, 2011; Kruschke & Liddell, 2018;
McElreath, 2018), and Bayes factors (Wagenmakers et al., 2018; Wagenmakers
et al., 2011; Hu et al., 2018). For specific methodological guidance, see Lu et
al. (2020).

An important difference between this study and Aczel et al. (2018) is our addi-
tional “difficult to judge” category. For example, article 2052 stated: “In the
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generalization task, pain expressions only prolonged subjective duration under
the second-level condition,” which implicitly suggests that no effect existed under
other conditions or that no effect was found under other conditions—correspond-
ing to incorrect and correct interpretations, respectively. However, we could not
determine the authors’ intended meaning, so we classified such descriptions as
“difficult to judge.” Such ambiguous phrasing partly reflects researchers’ neglect
of statements about nonsignificant results, focusing only on significant findings.
We also found nonstandard terminology, such as “In athlete populations, high
state anxiety had little effect on processing efficiency and accuracy,” further
indicating that researchers need to treat nonsignificant results more carefully.

Although this study reveals misinterpretation of nonsignificant results in cur-
rent literature, it cannot explore the causes of these misunderstandings. One
possible cause may be erroneous p-value interpretations in textbooks. For exam-
ple, Cassidy et al. (2019) surveyed North American psychology textbooks and
found that many contained misinterpretations of p-values. Chinese textbooks
also contain incorrect interpretations of nonsignificant results. For instance,
Zhang and Xu (2015) wrote in Chapter 8: “The problem of hypothesis testing
is to determine whether the null hypothesis H is correct, deciding to accept
or reject the null hypothesis H” ; Lu (2009) wrote in Chapter 7: “If, under
the condition that the null hypothesis H holds, the probability of a statistic
calculated from the sample is not very small, then accept the null hypothesis.”
Both statements suggest that NHST can provide evidence for accepting the null
hypothesis, which may contribute to Chinese researchers’ misinterpretation of
nonsignificant results.

This study has several limitations. First, with 13 coders, there may have been
differences in understanding the coding manual, such as inconsistent lengths
of extracted negative statements, suggesting coders may have differed in their
understanding of classification criteria. To minimize these differences, each ar-
ticle was coded by at least two coders, with the second verifying the first’ s
work. For classification of negative statements—the study’ s focus—six coders
first worked independently, then discussed discrepancies, achieving moderate
inter-rater agreement as assessed by Fleiss’ kappa, indicating reliable coding
results. Second, when quantifying evidence for the null hypothesis using Bayes
factors, we only used t-test data, excluding many other statistical tests such
as correlation coefficients. However, our results are consistent with Aczel et
al. (2017), who recalculated Bayes factors for significant results involving t-tests,
F-tests, and correlation analyses across 35,515 published articles and found sim-
ilar evidence strength across different statistical tests in psychological research,
suggesting our t-test-based results may generalize to other tests. Third, we
only included data from 2017 and 2018, reflecting the situation only during that
period and providing no information on trends over the past five or ten years.
Fourth, in clinical trials, erroneously accepting the null hypothesis may lead
to incorrect inferences about group matching on certain variables, but such de-
tailed information generally does not appear in abstracts; future research could
conduct full-text searches on this issue.
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Despite these limitations, our findings suggest that researchers in psychology
and other empirical sciences need to re-examine conclusions corresponding to
nonsignificant results. Misinterpreting nonsignificant results can have serious
consequences: overlooking actual differences between experimental and control
groups in between-subjects designs and ignoring true effects that may be masked
by nonsignificant results in small-sample studies (Jia et al., 2018). Misinterpre-
tation of nonsignificant results may also contribute to publication bias (Franco
et al., 2014; Kiihberger et al., 2014), potentially inducing p-hacking behavior
(Head et al., 2015) and leading to non-replicable research or severely reduced
effect sizes (Baker, 2016; Klein et al., 2014; Open Science Collaboration, 2015;
Hu et al., 2016). Researchers should therefore strengthen the rigor of their
nonsignificant result interpretations to avoid these negative consequences.

5. Summary

By analyzing 500 empirical studies from five Chinese psychology journals, this
study found that negative statements are relatively common in Chinese litera-
ture, with a higher proportion than in international journals, indicating that
nonsignificant results hold an important position in psychological empirical re-
search. Regarding interpretation of nonsignificant results, the misinterpretation
rate in Chinese journals was lower than in international journals. Additionally,
Bayes factor analysis showed that data with nonsignificant results in the litera-
ture could not provide strong evidence supporting the null hypothesis. Overall,
Chinese researchers need to strengthen their understanding of nonsignificant re-
sults and use appropriate statistical methods to evaluate the degree of support
for the null hypothesis, thereby reducing misinterpretation of nonsignificant re-
sults and improving the quality of psychological research.
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