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The Trap of ‘Publish or Perish’ 

Early in my undergraduate studies, I was offered to co-author my first research paper in health 

psychology. Thrilled and naïve, I assumed my experienced academic colleague would guide us towards 

producing high-quality work. I began realising something was ‘off’ when tasked with the analysis. I was 

instructed to run a few correla/on tables, select variables that reached the 'magical' significance 

threshold, and then run regression models including all the ‘significant variables’. I did raise the issue 

of data fishing but was told it was 'standard prac/ce'. Conflicted and confused, I consulted several 

researchers about whether I should decline co-authoring the publica/on. They replied that even 

though the methodology was far from ideal, any publica/on would boost my career, regardless of its 

quality.  

I never regreOed my decision to refuse the co-authorship – I feel I acted in line with my values 

and maintained my sense of integrity. Having said that, my experience will likely not come across as 

surprising or even rare to anyone who has spent /me working in academia. The ‘publish or perish’ 

mentality can be hard to avoid in many research areas. It is also considered one of the many reasons 

why people resort to using ques/onable research prac/ces (QRPs), that may bias the evidence in 

favour of the authors’ asser/ons, such as data fishing (Banks et al., 2016). Given that QRPs are common 

in psychology research (John et al., 2012), they can be challenging to navigate for both early career 

and more senior researchers.  

 

Do We Know What Cons2tutes ‘Good Prac2ces’?  

Fast forward a few years, I began working on my MSc research project, which I saw as the 

perfect opportunity to publish my first research paper. I had more research experience and was 

determined to do things the ‘right way’. Despite my ini/al enthusiasm, I soon realised that it is much 

easier to spot QRPs than to incorporate good prac/ces. Much of the literature on the replica/on crisis 

has focused on what went wrong. This is not to say that solu/ons and alterna/ves have been ignored. 

Collabora/ve efforts to promote open science and reduce bias are on the rise. However, many of these 
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alterna/ves depend on idealised, simple examples and offer limited guidance for the messy reality of 

complex research ques/ons and datasets. As a result, researchers may struggle to adopt these 

prac/ces simply because they do not know how. In many cases, there is no consensus on what actually 

cons/tutes ‘good prac/ces’. 

In my own thesis, I encountered several situa/ons where, at first, it seemed as if anything you 

could possibly do might be wrong. I faced my first dilemma when pre-registering my analysis protocol. 

Such a task can be rela/vely straighiorward with randomised controlled trials or smaller-scale studies. 

However, my project was a secondary analysis of a large cohort dataset. Whilst there are exis/ng pre-

registra/on templates for secondary data analysis (e.g., Akker et al., 2021), it was unclear to me how 

much detail one should provide. Realis/cally, with analyses of complex datasets, it is prac/cally 

impossible to predict all that could ‘go wrong’ with your models. Researchers some/mes keep similar 

pre-registra/ons vague, which, however, defeats the purpose of limi/ng researcher degrees of 

freedom. On the other hand, if one wishes to an/cipate all the poten/al issues, pre-registra/on can 

take an extraordinarily long /me, to the point where it arguably becomes unfeasible. 

Apart from pre-registra/on, some of the other issues relate to sta/s/cal inference. Sta/s/cal 

significance and the use of p-values are some of the par/cularly controversial topics. Some have 

proposed that we maintain thresholds but improve the ways in which they are used (Lakens et al., 

2018). Others suggest that we abandon cut-offs (McShane et al., 2019; Wasserstein & Lazar, 2016). In 

most extreme cases, journals have gone as far as banning the use of p-values completely (Gill, 2018; 

Trafimow & Marks, 2015). In addi/on, plenty of alterna/ve and supplementary metrics have also been 

developed (Wasserstein et al., 2019). The plurality of approaches can feel quite overwhelming, and 

researchers may, understandably, choose to adhere to the status quo.  

 

Naviga2ng Good Prac2ces as a Student 

I have not found the ul/mate answer to any of these dilemmas. However, I was fortunate 

enough that my MSc supervisor had a strong background in research methods and was extremely 
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open-minded. In the end, exploring these issues was not just a maOer of searching for the best op/on 

available but of finding solu/ons that were feasible for my skillset and transparent enough to address 

various forms of bias, whilst providing the reader with tools to decide for themselves whether they 

deemed our solu/ons acceptable. 

We kept our pre-registra/on more congruent with the nature of secondary data analysis. As 

some decisions required seeing the data beforehand, we openly stated the pre-registra/on was 

conducted aoer having obtained the data and noted which checks were done prior to designing the 

analysis protocol. We acknowledged the star/ng points for various analy/cal steps and noted where 

challenges and amendments were expected, aiming for flexibility without compromising transparency. 

This also helped us clarify some points in our analyses, which subsequently helped us proceed 

smoothly with the analysis itself. 

Having read recent guidelines on sta/s/cal inference (Wasserstein et al., 2019; Wasserstein & 

Lazar, 2016), we wanted to address some of the limita/ons of null hypothesis tes/ng, yet we did not 

want to completely change our metrics, as it would make our research less accessible to others. Whilst 

we deliberately avoided using the term ‘sta/s/cally significant’ and applying arbitrary thresholds, we 

s/ll reported p-values as con/nuous quan//es. Because p-values scale unintui/vely, we also provided 

s-values to aid the interpreta/on of our findings. The s-value is a re-expression of the p-value as the 

number of heads in a fair coin toss. For instance, obtaining a p = .03 would be equally likely as obtaining 

about 5 heads in a row in a fair coin toss (s = 5.1; Greenland, 2019). We also followed the compa/bility 

interval approach to interpre/ng confidence intervals, meaning all the effects within our confidence 

intervals were seen as highly compa/ble with our data (Amrhein et al., 2019). Addi/onally, we also ran 

sensi/vity power calcula/ons as a convenient op/on for secondary data analyses (Lakens, 2022).  
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Recommenda2ons 

Implemen/ng new methodological and sta/s/cal approaches into my project was an invaluable 

experience, but it was also a journey filled with uncertainty and trial and error. From this journey, I 

have learnt a few principles worth sharing:  

1. Advocate for good prac2ces: Unless your research group is heavily focused on research 

methods, it is likely that you will need to take the ini/a/ve and advocate for implemen/ng 

new prac/ces. This presents an excellent opportunity to start a dialogue about current 

methods and set an example.  

2. Priori2se transparency over perfec2on: In the real world of research, the perfect study is a 

mirage. Transparency allows others to learn from your experiences, both posi/ve and 

nega/ve, and it provides the founda/on for replica/on and extension of your work. If you face 

difficult decisions, report a sensi/vity analysis showing alterna/ve outcomes. If your plans 

change, admit what you have changed and explain why.  

3. Aim for accessibility: The reach of your research is drama/cally extended when it is easily 

comprehensible and accessible. Ensure that the language in your work is as jargon-free as 

possible and provide supplementary materials that help explain complex methods or analyses.  

4. Adapt good prac2ces to your project: Recommenda/ons about good prac/ces come from 

various backgrounds, and authors do not always consider how this may have influenced their 

views. Make sure you understand how any given recommenda/ons relate to your own 

project.  

5. Aim for balance between what might be best versus feasible: There is an ooen-

unacknowledged tension between ideal research prac/ces and the prac/cal limita/ons of 

/me, skillset, and resources. Striving for the 'best' should be balanced with what is actually 

'doable' within these constraints.  
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My Main Takeaway 

Receiving the DHP award for Outstanding MSc Health Psychology Research Project and 

presen/ng my MSc project at the annual conference was not only a great honour but also an 

opportunity to share the broader challenges in advancing good research prac/ces in health psychology. 

Between submirng my disserta/on and finalising the project for publica/on, I started a PhD and 

developed a passion for causal inference methodologies. This has led me to reconsider some of my 

previous choices once again. Aoer ini/ally worrying that I should have known beOer, I have come to 

realise that this is a posi/ve indicator of learning—an ongoing process, even for experienced 

researchers. This is perhaps the most valuable lesson I have learnt: although we should strive for 

research excellence, ul/mately, we must also be suppor/ve and kind to one another and ourselves to 

facilitate progress. 
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