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Combining information from multiple sources (studies) in environmental epidemiology is 

a common task for decision makers in inferring causality. There is an important step 

before combining information; the reliability of each information source should be 

evaluated. Reliability should not be assumed as claimed risk factor−disease relationships 

may fail to replicate. Also, because many hypotheses can be tested in a study, researchers 

may be more inclined to publish positive relationships with many negative relationships 

remaining unpublished. The reliability of information to be combined should not be taken 

at face value. Environmental epidemiology methods require a strong statistical component 

to develop useful and interpretable causal relationships. Our idea is to use two techniques, 

one ancient (simple counting) and one relatively new (p-value plots) to evaluate statistical 

reliability. A source can be examined to determine the analysis search space (number of 

hypotheses tested). How many hypotheses were open to the researcher to search for a 

positive relationship. The larger the search space the greater the opportunity that a 

claimed relationship (or its size) could have been influenced by chance. A p-value plot is 

simple. The p-value linked to each source is determined, and the ranked p-values are 

plotted against the integers. If the p-values fall on a roughly 45-degree line (they roughly 

are uniformly distributed), then there is evidence that chance is at play. The benefit of 

examining the reliability of the information to be combined is that the decision maker can 

be more confident chance is not driving the decision process.
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Figure 1. Counting, example 1

Introduction

Methods and Materials

For the counting we have presented here and many other base studies that we have 

examined, we find that large numbers of hypotheses tend to be typically examined in 

environmental epidemiology observational studies. The median number of analyses we 

observe elsewhere in this discipline is on the order of ten thousand, which has important 

implications on the possible reporting of false positive findings.

The p-value plot offers an independent look at the reliability of a meta-analytic statistic 

and the strength of evidence for a research question. In our example, the presented p-

value plot is in the shape of a hockey stick. The p-values on the blade are small and 

suggest a real effect. Those on the handle suggest randomness (chance findings). We have 

a mixture. Very small p-values (i.e., < 0.001) merit special comment. Do they indicate a 

real effect? Might these be due to large numbers of hypotheses examined (multiple testing 

bias)? In our example, there are also many p-values on a 45-degree line suggesting no 

effect.  Overall, the hockey stick, shaped p-value plot indicates ambivalence (uncertainty) 

in an effect.

From our analysis we can see that a set of base studies in a meta-analysis whose possible 

numbers of hypotheses examined are large and whose p-values demonstrate bilinearity in 

a p-value plot should not be accepted as reliable evidence and should require closer 

independent inspection.

Discussion

Meta-analysis is an accepted and standard way to combine evidence for a specific 

research question over many studies. The studies can be similar in form, or they can be 

from different kinds of studies, human, animal, in vitro. In the case of observational 

epidemiology, triangulation of evidence has an opportunity of strengthening causal 

inference. Here we suggest that use of counting and p-value plots can assist in 

strengthening causal inference in meta-analytic evidence. Counting of numbers of 

hypotheses examined in observational studies used in meta-analysis can aid in 

understanding the importance of multiple testing bias and possible reporting of false 

positive findings. Also, p-value plots can be used to evaluate reliability of multiple similar 

or disparate studies in a meta-analysis. 

Conclusions

Results

Figure 4. California Air Basins Figure 5. Mortality (model corrected) vs PM2.5

Figure 3. P-value plot   

Figure 2. Counting, example 2

Julia Galef in her 2021 book, The Scout Mindset, gives strategies for trying to sort reality 

from non-reality. She wants to know why some people see things clearly and others don’t. 

One of her rules is to back off from full belief in something, keeping somewhat of an 

open mind, and let new evidence move your opinion up or down from where you start. 

Thus, the need for use of different/independent approaches to gather evidence on a 

research question and for triangulation of the evidence. 

On the surface of the sea of evidence, we may just see the tips of icebergs through some 

mist and fog. Just how many icebergs are there and how much large are they under the 

surface is what we want to try understand to sort out reality. Why is this important? It 

turns out that in research today, there is a case made about questioning reliability of 

evidence – 50 to 100% of science statements made cannot be reproduced depending on 

the discipline.

Epidemiology largely relies on statistics to make meaningful statements about causality in 

observational risk factor−disease association studies. Here we explore here some 

alternative statistical approaches to attempt to triangulate/lend independent support to 

statistical evidence derived from observational studies combined in meta-analysis. Our 

framework is straightforward – given the importance of statistics, we promote use of 

independent statistical approaches to improve causal inference.

We can count and approximate the number of questions (hypotheses) at issue in an 

observational study to understand whether examining multiple hypotheses is a key source 

of bias. Also, we can examine a meta-analysis, a study of studies, focusing on a specific 

research question. Here we can examine the statistical reliability of the included base 

studies in the meta-analysis. 

This poster is based on our Shifting Sands report.

The methods we promote are based on theory and can offer strong statistical support in 

triangulation of epidemiological evidence. A meta-analysis is an accepted formal way to 

combine evidence from multiple base studies (in our case observational studies). 

Typically, a computer literature search is done and the found papers evaluated and 

screened for suitability. Risk ratios and confidence limits are extracted and are used to 

estimate the overall effect including confidence bounds.

Counting – Observational studies generally use a direct statistical analysis strategy on 

data collected – e.g., what causes, or risk factors are related to what outcomes (health 

effects). If an observational data set contains “C” causes and “O” outcomes, C × O 

possible hypotheses can be investigated. 

An adjustment factor “A” (also called a covariate) can be included as a yes/no adjustment 

– such as income or education – to see how it can modify each of the C × O hypotheses. 

Here an adjustment factor is included or excluded; and a multiplier of 2 is assumed for 

each adjustment factor considered. 

We can count causes (C), outcomes (O), and yes/no adjustment factors (A); where the 

number of hypotheses can be approximated as = C × O × 2A. Observational studies with 

large counts (numbers of hypotheses examined) have an increased likelihood of 

registering a false positive finding.

P-value plots – From risk ratios and confidence limits a p-value can be computed for each 

base study in a meta-analysis. A p-value plot can be constructed by rank ordering p-values 

from smallest to largest and plotting them against the integers, 1, 2, 3, . . . 

If p-values roughly fall on a 45-degree line, they support randomness (no real effect). If 

the p-values are mostly smaller than 0.05, they support a real effect. A bilinear, hockey 

stick, shaped p-value plot indicates ambivalence (uncertainty) in an effect. 
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