Nanterre's methodology workshop: a very brief summary

A year has passed since we initiated the monthly methodology workshop at Paris Nanterre University. To summarize this first year, here is a brief summary of some topics we went through (by order):

1) Are exploratory hypotheses more compelling than confirmatory hypotheses? (https://www.tandfonline.com/doi/pdf/10.1080/09515089.2022.2113771?needA ccess=true&role=button)

We started the year with a provocative paper from Mark Rubin and Chris Donkin (2022).

Although confirmatory hypotheses are intuitively thought to be more reliable (because less prone to bias, hidden flexibility, and because their results cannot be involved in their rationales, a crucial point for the use novelty principle), Rubin and Donkin suggest that it is valid to use the result from one statistical test to help to create another statistical hypothesis/model as long as the test statistic value from the first test is independent from the test statistic value for the second test (voir figure ci-dessous). They thus criticized the usefulness of pre-registration arguing that it does not prevent researchers from running unplanned tests or post-hoc hypotheses.They also argue that exploratory tests present several benefits from decreasing researchers' biases (commitment, prophecy), data fraud and give reviewers room to make additional contributions to the analysis.

Although we admitted the usefulness of exploratory hypotheses as a way to test statistical assumptions of the data being analyzed (e.g., normality, homogeneity of variance, etc.), calibrate free parameters and explore possibly new lines of researchers, we also concluded there were some limitations. First, one of the limits of post-hoc testing is the difficulty to control for the inflation of Type-I error. Post-hoc analyses are also usually influenced by some of the research results making them more dependent on previous testing than hypotheticodeductive models. It also makes prior quantification extremely difficult.

Figure from Rubin & Donkin (2022)

2) There is nothing magical about Bayesian statistics (https://www.tandfonline.com/doi/abs/10.1080/01973533.2020.1792297)

Approaching Christmas, we had a nice surprise with a brief introduction to Bayesian statistics and some manipulation on R/Jamovi. Swiatkowski and Carrier (2020) write up a very smooth introduction to the topic. They first recall the difference between frequentist and bayesian approaches. Following their example, if we imagine that a virus called statisticus malignum (which produces compulsive reading of statistical books and R manipulations) is present in 1 out of 1,000 individuals, the frequentist probability of having the virus is simply the ratio between the number of actual occurrences / the total number of possibles occurrences which, in the long run, give us = 1/1000 = 0.001. But after thinking it through, you realize you are a potential nerd because of your interests in maths and R and so re-evaluate your risk of having the virus at 5% (it is just a subjective belief compared to the objective frequency we calculated before).

As the authors mentioned, you could consult Dr. Golmorokov, an expert on this virus to know whether you carry it or not. He considered two hypotheses: H0: "The student does not carry the virus" and H1: "The student does carry the virus" with 99% of statistical power (β = .01) and a Type I error rate of 10% (α = .10). The test came out positive and the Dr. logically prescribed you the cure. Thus, in the long run, the question is "what should I do"? Should I reject or not the null while controlling for the error rate. Note that anything that can impact α level should thus be taken into account (e.g., multiple comparisons, post-hoc testing, etc. In social psychology, there is a tendency to force the response which could introduce other biases (we will discuss them in the 4) part). A more ecological approach is to give the participant/patient the option not to answer the question. But then you will have to decide how to handle the missing data.

Assuming the data are missing completely at random (MCAR), you could potentially eliminate participants who did not answer a question if their frequency is very low (< 10% of the total sample). It is still important to check that participants you're eliminating do not differ substantially from the remaining sample on characteristics that could impact the reliability of the results.

The first classical technique is multiple imputation (MI). According to Little et al. (2013), "Imputing missing data involves making a copy of the original data set and replacing missing values with plausible estimates of what those values would have been, had they been observed" (p.152). For instance, mean imputation consists of replacing the missing value by the mean of all other cases which preserve the sample mean for that variable. However, the SEs is thus reduced which introduces bias to the associated significant tests. Stochastic regression imputation helps with this problem by adding some variability in these predicted values. If we know the observed mean and standard deviation can help impute values much more realistic compared to deterministic regression imputation (where all values fall down on the regression line or very close to). You can see a very nice R tutorial here: https://statisticsglobe.com/regression-imputation-stochastic-vs-deterministic/ Graphic based on https://statisticsglobe.com/regression-imputation-stochastic-vsdeterministic/

The paper mentioned other techniques such as Full-Information Maximum Likelihood when missing data in SEM/multilevel modeling. Both techniques seem to yield unbiased estimates of parameters and SEs when data are missing at random (Enders, 2010 ;Schafer & Graham, 2002). Multi-form designs can also be implemented, either in cross-sectional or longitudinal, by making them complete a subset of the form or the complete form but on a subset of occasions respectively.

4) Methods for the detection of carelessly invalid responses in survey data☆ (https://www.sciencedirect.com/science/article/pii/S0022103115000931?via%3Dihub)

Our last session was subsequent to the workshop on missing data but this time dealing with careless data (which is much more common in social psychology, where answering to all items is usually mandatory). The author, Paul Curran, is detailing a comprehensive list of the different techniques used to detect aberrant or careless data.

One of the most used is the response time: how long does it take for a participant to answer a set of items. A very slow responder can be reliable whereas a very fast responder can exhibit a careless pattern. The author showed it is no easy task to remove outliers based on response time even where the respondent is clearly faster than the average sample (d = 3). Huang et al.

(2012) suggested a cut score of 2 seconds per item. Another technique is the long-string analysis that involves examining the longest string of identical responses from each participant. A lazy participant will usually use a pattern of similar response to save some time while doing the survey (such as responding a lot of 3,3,3,3…). Author suggests removing participants with a string of consistent responses equal or greater than half the length of the total scale. For instance, in a 1 to 5 a Likert scale, a pattern of response such as [3; 3; 4; 4; 4; 3; 5; 3; 3] exhibit a string of 4 three times in a row which is > to 2.5 (half the scale) and should thus be removed. The author mentioned a number of different techniques (table below) but warning we should always consider Type I and Type II errors before removing anyone from a sample. 
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  Our Nanterre's workshop group agreed on the need to use a set of different indices to exclude potential outliers such as median absolute deviation on response time for instance (Leys et al., 2013), some residual pattern (standardized residual or robust Mahalanobis distance, see Leys et al., 2018) and attention check items.

  

  

  ). However, from a bayesian perspective, you must integrate your subjective evaluation of 5% of chance you are carrying the virus. Given the power of Dr. Golmorokov's test, there is a 99% chance of the test being positive if you carry the virus. On the other hand, there is only a 10% chance of the test being positive if you do not carry the virus. We can now calculate the predictive positive value (PPV) so you can see summarization by the authors on the figure down below. It represents the ratio of true positive results of the tests divided by the total of positive results (including the false positive) : .99 (99% of detecting the virus if you carry it) x .05 (5% your prior of having the virus) / (.99*.05 + .10*.95) (the probability of your carrying the virus + the false positive).

  Table from Curran (2016)