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Abstract:  Over the last decade, criticisms of null hypothesis significance testing have grown 
dramatically and several alternative practices, such as confidence intervals, information theoretic 
and Bayesian methods, have been advocated. Have these calls for change had an impact on the 
statistical reporting practices within conservation biology?  In 2000 and 2001, 92% of sampled 
articles in Conservation Biology and Biological Conservation reported results of null hypothesis 
tests. In 2005 this figure dropped to 78%. There were corresponding increases in the use of 
confidence intervals, information theoretic and Bayesian techniques.  Of those articles reporting 
null hypothesis testing—which still easily constitute the majority—very few report statistical power 
(8%) and many misinterpret statistical nonsignificance as evidence for no effect (63%).  Overall, 
results of our survey show some improvements in statistical practice, but further efforts are clearly 
required to move the discipline toward improved practices. 
 

Introduction 
Over the last decade there has been a dramatic increase in criticisms of null hypothesis 
significance testing (NHST) (or statistical significance testing) and calls for reform of traditional 
statistical practice in conservation biology and ecology (e.g., Johnson 1999, 2002; Anderson et al. 
2000; Ellison 2004).  The same trend has occurred in psychology, economics, and education 
(Fidler et al. 2004).  Despite widespread agreement that current practices are flawed, some 
disciplines have shown remarkable resistance to change (e.g., psychology and economics; 
Altman 2004), as measured by reporting practices in journals.   After almost half a century of 
criticisms, and in the case of psychology, serious editorial and institutional intervention from 
professional bodies such as the American Psychological Association, statistical reporting 
practices in journals remain largely unmoved and heavily dependent on NHST-based procedures 
(Finch et al. 2001; Fidler et al. 2005).   

Has the discipline of conservation biology been equally resistant to change?  We briefly 
examined the criticisms of NHST relevant to conservation biology and some of the alternative 
practices promulgated in the literature and explored changes in the reporting practices of 
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conservation biologists by examining practices documented in two leading journals. Based on the 
results of our surveys, we outline some strategies that may accelerate the pace of change, 
thereby improving the merits of inferences and the effectiveness of science-based decision 
making in conservation biology.  

 

Criticisms of and alternatives to NHST 
The literature criticising NHST is extensive and spans at least half a century.  Here we cannot 
provide a catalogue of criticisms; several such reviews have already been published (e.g., Kline 
2003; Nickerson 2000).  Conservation biology has a particular interest in getting things right:  “The 
consequences of accepting a false null hypothesis can be acute in conservation biology because 
endangered populations leave very little margin for recovery from incorrect management 
decisions” (Taylor & Gerrodite 1993: 489).  For small populations, waiting for a statistically 
significant decline before instituting strong protection measures is often tantamount to a 
guarantee of extinction.  Incomplete statistical reporting, particularly low and unknown statistical 
power, can result in direct, unanticipated, unacceptable environmental damage. Specific 
consequences of misinterpretation of significance testing are not documented in the articles we 
sampled, but they include failing to act when action was warranted, unnecessary expenditure 
when action was not warranted, and provision of incorrect advice that affected policy and planning 
decisions.   

The most outspoken critics of NHST have included advocates of Bayesian methods (e.g., 
Spiegelhalter et al. 1994; Ellison 1996; Wade 2000) and proponents of likelihood and information 
theoretic methods (e.g., Anderson et al 2000; Burnham & Anderson 2002). However, as many, if 
not more, criticisms and calls for change have come from within the mainstream, error-probability, 
frequentist framework as from outside it (e.g., Cohen 1994; McCloskey 1995; Nester 1996).  Our 
arguments against over-reliance on NHST and for alternative practices are conservative in the 
sense that they reflect minimal changes in practice necessary to overcome major flaws.  

In ecology it has been routine to report p values since the 1960s (Fidler et al. 2004).  
Anderson et al. (2000) report that the number of p values published in Ecology and Journal of 
Wildlife Management has exceeded 3000 every year since 1984 and 1994 respectively. Criticisms 
of NHST from within a frequentist framework are not necessarily limited to those of misuse or 
misinterpretation of the test (e.g., neglect of statistical power or misinterpretation of a p value).  
They also legitimately address the irrelevance of dichotomous decision making, neglect of 
estimation, and the limited emphasis on prior information and cumulative knowledge.  Many of 
these concerns are shared by Bayesian adherents, but they are not intrinsically Bayesian.  
Bayesian and information theoretic methods have a lot to offer ecology and conservation biology, 
and we support their use.  However, there are other, simple steps that can be taken immediately 
to overcome problems with NHST without abandoning a classical framework.   

Increased use of statistical power has been promoted as a solution to current statistical 
practice in ecology.  Unfortunately, a number of power advocates have failed to distinguish 
between power calculated either a priori or retrospectively based on the expected effect size and 
power calculated retrospectively based on the obtained effect size.  Some have even 
recommended the use of post hoc or retrospective power analysis, based on the observed effect 
size (e.g., Reed & Blaunstein, 1995; Thomas & Juanes, 1996).  This practice has been severely 
and justifiably criticized (e.g., Hoenig & Heisey 2001). Null hypothesis significance testing with 
statistical power calculations (based on the expected effect size) is preferable to NHST without 
power calculations. However, even appropriate use of power implies a dichotomous decision and 
diverts attention from estimation, uncertainty, and the accumulation of scientific knowledge.   
Equivalence testing has also been recommended as means of reversing the traditional burden of 
proof in hypothesis testing (Hoenig & Heisey 2001). 
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Table 1. Percentage of articles (and 95% CIs) with statistical significance tests, confidence 
intervals, and figures. 

 Conservation Biology and 
Biological Conservation 

2001 and 2002 

Conservation Biology and 
Biological Conservation 

2005 

 articles % (n) 95% CI (%) articles % (n) 95% CI (%) 

Any statistical significance test  92 (92/100) 85-96 78 (78/100) 69-85 
        nil null hypothesis

1
  79 (73/92) 70-86 97 (76/78) 91-99 

        ambiguous use of „significant‟
2
 68 (63/92) 58-77 63 (49/78) 52-73 

        exact p value
3
 62 (56/92) 51-70 69 (54/78) 58-78 

        -p value asterisks (i.e. *, **, ***)
4
 25 (23/92) 17-35 22 (17/78) 14-32 

        -nonsignificant result 80 (74/92) 71-87 86 (67/78) 77-92 
               statistical power  3 (2/74) 0-9 8 (5/67) 3-16 
               Indirect reference to power

5
 30 (22/74) 21-41 30 (20/67) 20-42 

               Interpret as „no effect‟ 47 (35/74) 35-57 63 (42/67) 51-73 

     

Any confidence interval 19 (19/100) 13-28 26 (26/100) 18-35 
        -interpret confidence interval

6
 26 (5/19) 12-49 31 (8/26) 17-50 

     
Any figure with data 77 (77/100) 68-84 69 (69-100) 59-77 
        -error bars on figure

7
  40 (31/77) 30-51 51 (35-69) 39-62 

   
1.
 Hypothesis of, for example, no effect, no difference, or zero correlation. 

2.
 Cases in which we could not determine whether the author was speaking substantively or 

statistically.  If author did not preface significant with statistically, follow it with a p value or test 
statistic, or otherwise differentiate statistical and substantive interpretations, the practice was 
recorded as ambiguous. 
3.
 For example, p=0.003. 

4.
 This practice has been heavily criticized (e.g., Meehl 1978) because it provides even less 

information than exact p values, is usually insufficient for meta-analysis, and has the potential to 
mislead researchers into thinking that an effect with two stars is more important than an effect 
with one.   
5.
 For example, noting that the sample size was small. 

6.
 Any mention of CI width; the possible theoretical importance of the upper or lower bound of the 

interval; overlap between two CIs; or the word precision used in relation to a CI.   
7.
 Error bars included standard error and confidence interval bars. 

 
 
 
 

Others argue for more general use of confidence intervals, particularly in graphical form 
(Cumming & Finch 2001, 2005; DiStefano 2003). Confidence intervals make uncertainty explicit 
and may offer cognitive advantages.  They assist meta-analytic thinking—that is, thinking across 
the results of independent studies—rather than making dichotomous reject or do-not-reject 
decisions based on the outcome of single experiments.  This relates to acknowledging prior 
information, with an emphasis on effect size.  Results presented as merely statistically significant 
or not can create the illusion of inconsistency in the literature, particularly when review studies 
simply tally significant results against nonsignificant results (see Parris & McCarthy 2001, 
McCarthy & Parris 2004). Confidence intervals bind precision information with statistical 
significance information; the width of a confidence interval is a measure of a study‟s imprecision 
and whether or not the interval captures the null hypothesis value is a basis for statistical 
significance decisions.  Furthermore, confidence intervals provide salient information on the 
estimated size of the effect.  Significance testing, in contrast, provides no direct information on 
effect size, and full understanding relies on the reporting of extra information, which authors often 
fail to provide. 
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Methods 
We surveyed the statistics reported in Conservation Biology and Biological Conservation.  We 
recorded instances of statistical items (listed in Table 1) reported in 50 articles in each journal 
published in 2001-2002 and 50 articles in each journal published in 2005.  Our sample included 
only articles with empirical data and did not include meta-analyses or methodological or 
theoretical articles in our analysis. We calculated the proportion of articles reporting each 
statistical item and 95% confidence intervals for those proportions with the method recommended 
by Newcombe and Altman (2000).   We independently double-coded 10% of 2001 and 2002 
articles, selected to represent the full range of article types.  The accuracy of the first author‟s 
coding (assessed by the second and third authors) was 92%.  Discrepancies were oversights, 
rather than disagreements over definitions.   By way of comparison of current practices, we also 
coded 50 articles in Ecology and 50 articles in Journal of Ecology, published in 2005. 
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Figure 1. Percentage of Conservation Biology and Biological Conservation in 2000-2001 versus 
the percentage of articles in 2005 that reported null hypothesis testing (NHST), statistical power 
(power) , and confidence intervals (CI).  Error bars are 95% CIs. 
 
 

 

Results 
In 2001 and 2002, 92% of sampled articles in Conservation Biology and Biological 

Conservation reported at least one p value (Table 1).  In 2005 this figure dropped to 78%.  In 2001 
and 2002, seven of the eight articles with no NHST reported only descriptive statistics.  In 2005 of 
the 22 articles that did not use NHST seven were descriptive, nine built mathematical models, four 
used AIC model selection techniques, one was Bayesian, and one reported confidence intervals 
as the primary analysis.  In addition, of those articles that did report NHST results, four 
supplemented this analysis with AIC, two supplemented with maximum likelihood estimates, and 
two supplemented with Bayesian analysis.  In Ecology and Journal of Ecology the rate of NHST in 
2005 remains higher than in the conservation biology journals (Figure 2). 

In 2001 and 2002, statistically nonsignificant results were often reported without statistical 
power: 80% of articles that used NHST reported a nonsignificant result, but only 3% of these 
reported power.  In 2005 there was a slight increase in the reporting of statistical power: 86% of 
articles that used NHST reported a statistically nonsignificant result, and 8% of those reported 
statistical power (Fig 1). 
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Figure 2. Percentage of articles reporting null hypothesis testing (NHST), statistical power 
(power), confidence intervals (CI) and information theoretic, likelihood or Bayesian methods 
(IT/L/Bayes) in 2005 in Conservation Biology, Biological Conservation, Ecology and Journal of 
Ecology.  Error bars are 95% CIs. 

 
 
There was an increase in the reporting rate of confidence intervals: up from 19% in 2001-

2002 to 26% in 2005.  There was also an increase (from 40% to 51%) in the percentage of figures 
with error bars (primarily SE or CI; Table 1). 

In 2001 and 2002 statistically nonsignificant results were interpreted as evidence of ”no 
effect” or “no relationship” in 47% of articles that included a nonsignificant result—despite the 
rarity of statistical power information.  In 2005 this misconception was present in 63% of such 
articles.  This increase can not be accounted for by the small increase in statistical power 
reporting.  In addition, there remain many cases of p values being reported without effect size 
estimates, measures of variance, or sample size information (Table 2).  Similar reporting practices 
and problems exist in recent articles in Ecology and Journal of Ecology (Table 3). 

 

Discussion 
Based on our results, we conclude that the statistical reporting practices used by authors 
publishing in two leading conservation biology journals are changing. However the changes are of 
a limited extent, and NHST continues to dominate (Fig. 1). Furthermore, when NHST was used, it 
was rarely supplemented with statistical power and often important additional information about 
effect size and variation was missing.  Clearly, further efforts are needed to improve practices. 

The medical field recognized deficiencies in NHST and, in response, institutionalized 
confidence-interval reporting (Altman et al. 2000; Fidler et al. 2004).  By the mid 1980s, most 
major medical journals (including the New England Journal of Medicine, British Medical Journal, 
and Journal of the American Medical Association) had policies warning against overreliance on p 
values (ICMJE 1988). Surveys of medical journals before and after statements of editorial policy 
suggest these were largely effective at changing statistical reporting practices (e.g., Seldrup 1997; 
Fidler et al. 2004).  In psychology, p values still dominate, despite decades of advocacy of 
alternative methods.  Recently the American Psychological Association (APA) Publication Manual, 



 6 

which sets editorial standards for over 1000 journals across many disciplines, acknowledged the 
null hypothesis test debate and recommended confidence intervals as “in general, the best 
reporting strategy” (APA 2001).  It remains to be seen what effect this encouragement will have.  
Currently, 23 journals in psychology have policies warning of pitfalls of NHST and/or 
recommending alternatives, usually effect sizes, confidence intervals, and clinical significance (Hill 
& Thompson 2004).  In economics, the theme is repeated. NHST still dominates but criticisms are 
increasing (Altman 2004; Ziliak & McCloskey 2004). 

 
 

Table 2.  Percentage of articles (and 95% CIs) with statistical significance tests that also reported, 
or omitted, an effect size measure, variance measure (SD or SE), or sample size (n or df). 
 

 Conservation Biology and 
Biological Conservation 

2000 and 2001 

Conservation Biology and 
Biological Conservation 

2005 

 % (of 92) 95% CI (%) % (of 78) 95% CI (%) 

At least one effect size 87 79-92 89 80-94 
Missing at least one effect size 43 34-54 58 47-68 
At least one SD or SE 48 38-58 47 37-58 
Missing at least one SD or SE 67 57-76 85 75-91 
At least one n or df 76 66-84 77 66-85 
Missing at least one n or df 36 27-46 51 40-62 

 
*We classified the following measures as an effect size: mean (or percent or proportion) 
difference; any relevant standardized measure, such as Cohen's d; b, or use the Greek letter; 

variance-accounted-for measures such as R
2
 (for regression) or 

2
 (for ANOVA); correlation 

coefficients and other unit-free measures, such as odds ratios. 
 
 

Table 3. Percentage of articles (and 95% CIs) with statistical significance tests, confidence 
intervals and figures. 

 Ecology 
2005 

Journal of Ecology 
2005 

 articles % (n) 95% CI (%) articles % (n) 95% CI (%) 

Any statistical significance test  92 (46/50) 81-97 86 (43/50) 74-93 
        nil null hypothesis 98 (45/46) 89-100 100 (43/43) 92-100 
        ambiguous use of „significant‟ 76 (35/46) 62-86 81 (35/43) 67-90 
        exact p value 72 (33/46) 58-83 72 (31/43) 57-83 
        -p value asterisks (i.e. *, **, ***) 43 (20/46) 30-58 44 (19/43) 30-59 
        -nonsignificant result 83 (38/46) 69-91 79 (34/43) 65-89 
               statistical power  5 (2/38) 2-17 0 (0/34) 0-10 
               Indirect reference to power 8 (3/38) 3-21 21 (9/34) 15-43 
               Interpret as „no effect‟ 74 (28/38) 58-85 79 (34/43) 65-89 

     

Any confidence interval 28 (14/50) 18-42 18 (9/50) 10-31 
        -interpret confidence interval 50 (7/14) 27-73 22 (4/18) 1-45 
     
Any figure with data 90 (45/50) 79-96 96 (48/50) 87-99 
        -error bars on figure 67 (30/45) 52-79 73 (35/48) 59-83 

 
 
Bayesian and information theoretic methods offer ways out of the current crisis in 

statistical reporting in ecology and conservation biology.  As their computational difficulties 
become less daunting, with more capable computers and better-developed software, these 
methods will increase in popularity.  However, they are yet to be incorporated in most 



 7 

undergraduate curricula and mainstream training of ecologists, so it is unreasonable to expect a 
rapid uptake.  Because current NHST practices have the potential to cause serious damage to the 
progress of sciences and to the subjects of its study (e.g., people, species and the environment), 
immediate action is desirable. A switch from null hypothesis testing and p values to effect sizes 
and estimates of uncertainty (confidence intervals) will go a long way toward preventing such 
damage.  Confidence intervals have the advantage of familiarity and wide acceptance and could 
immediately be implemented by many researchers as a step toward remediating current problems 
(see Altman et al. 2000, Cumming & Finch 2001, 2005, Smithson 2002, Kline 2004,).     
 Any recommendations for improved statistical reporting practice are unlikely to be 
effective without editorial support.  There is ample evidence from other disciplines to support this 
claim (Sedlmeier & Gigerenzer 1989; Fidler et al. 2004). In ecology there have been a few 
attempts to improve practice through editorial policy.  The Journal of Wildlife Management (1995; 
Otis 1995) encouraged the use of statistical power and confidence intervals.  The Ecological 
Society of America (ESA) publishes six journals including Ecology, Ecological Applications, and 
Ecological Monographs.  Their “Guidelines for Statistical Analysis and Data Presentation” 
(http://www.esapubs.org/esapubs/Statistics.htm, 03/08/05) also go some way toward encouraging 
reform.  For example, they point out that “effect size and biological importance must not be 
confused with statistical significance.”  They also recommend that reported information include a 
measure of precision, such as a standard error or confidence interval, and they encourage 
graphical presentation of results.  However, they confusingly refer to confidence intervals as 
“descriptive statistics” when in fact they are inferential in nature and describe power as only 
“occasionally” useful.  Perhaps more problematically, there are no examples of how to report 
alternatives to the very familiar null hypothesis tests. 

We recommend that journal editors consider a collaborative double-pronged approach to 
improving statistical practices.  First, require authors right now to avoid null hypothesis 
significance testing, especially dichotomous decision making, wherever possible, and instead use 
estimation (i.e., effect sizes and standard errors and/or confidence intervals) wherever 
appropriate; and, second, encourage authors to continue to explore a range of better alternatives 
to statistical significance testing. 
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