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1 Introduction 

Statistical model selection criterion plays an important role in statistical analysis. There have been cases that 

researchers drop their original choice of model selection criterion, sometime against the advice of a statistician, 

to obtain the model that fulfills their wishes. Statistical model selection criteria is often considered as a 

‘technical detail’ behind the scene and not often discussed in applied scientific publications. Because of this, 

misuse of statistical model selection criteria is hardly noticeable and it has got much less attention compared to 

other ethical issues in science such as infringing privacy and animal experiment. However, misuse of statistical 

model selection criteria can cause biased results and when the research results are used, it can even invisibly 

lead to serious real-life problems. 

In this essay, I briefly explain what model selection criterion is with a few examples. I illustrate a typical case of 

model selection misuse with an imaginary example case of psychologist who uses statistical model selection 

criterion for her research. Then I argue why misuse of statistical model selection criteria is unethical. Further, I 

analyze the main factors that cause the misuse. In the end, I suggest some long term solutions that can prevent 

model selection criterion misuse. 

 

2 What is statistical model selection criterion? 

Statistical models are used in many different fields of science. A researcher usually has many choices for 

statistical models. For example, in case of regression, linear regression, polynomial regression, linear mixed 

model, logistic regression, generalized additive model and many more. The term ‘(statistical) model selection’ 

indicates the process where one evaluates a list of candidate models and selects the best model according to a 

pre-specified criterion. Such criterion is called ‘(statistical) model selection criterion’ (Claeskens & Hjort, 2008). 

Model selection criterion measures some properties of a model and produces a score for each model. The 

model with the lowest or the highest score, depending on how the model selection criterion is defined, is then 

seen as the best model. 

 

We now briefly go through the essence of some popular model selection criteria without being too technical. 

AIC (Akaike information criterion) is probably the most famous and popular model selection criterion in many 

fields of science (Claeskens & Hjort, 2008). It is developed by Japanese statistician Hirotugu Akaike in early 

seventies and defined as 
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AIC =  2ℓ𝑛𝑛(𝜃𝜃�) − 2dim (𝜃𝜃) 

 

where 𝜃𝜃� indicates the maximum likelihood estimator of 𝜃𝜃, ℓ𝑛𝑛(𝜃𝜃�) indicates the maximized log-likelihood 

function with given data and dim (𝜃𝜃) denotes the number of estimated parameters (Akaike, 1974). 

 

AIC is based on Kullback–Leibler divergence, which is a measure of how one probability distribution diverges 

from other (Kullback & Leibler, 1951). Let 𝑔𝑔(𝑦𝑦) be the true, but unknown true density function that generates 

data and let 𝑓𝑓(𝑦𝑦, 𝜃𝜃�) be our candidate parametric model, then 𝐾𝐾𝐾𝐾 �𝑔𝑔, 𝑓𝑓�⋅, 𝜃𝜃��� =  ∫ 𝑔𝑔(𝑦𝑦) log 𝑔𝑔(𝑦𝑦)
𝑓𝑓�𝑦𝑦,𝜃𝜃��

𝑑𝑑𝑦𝑦 is the 

Kullback–Leibler divergence from 𝑔𝑔 to 𝑓𝑓�⋅, 𝜃𝜃��. (Note that we can’t call it Kullback–Leibler distance since 

𝐾𝐾𝐾𝐾 �𝑔𝑔, 𝑓𝑓�⋅, 𝜃𝜃��� ≠ 𝐾𝐾𝐾𝐾�𝑓𝑓�⋅, 𝜃𝜃��, 𝑔𝑔�.) Ideally, we want to find a model 𝑓𝑓�⋅,𝜃𝜃�� that is as close as possible to 𝑔𝑔(𝑦𝑦). 

In other words, we are looking for the model that minimizes Kullback–Leibler divergence. However, 

𝐾𝐾𝐾𝐾 �𝑔𝑔, 𝑓𝑓�⋅, 𝜃𝜃��� can’t be evaluated directly because 𝑔𝑔(𝑦𝑦) is not observable. Instead, we approximate the non-

constant part of 𝐾𝐾𝐾𝐾 �𝑔𝑔, 𝑓𝑓�⋅,𝜃𝜃��� by Taylor expansion and we find out that the maximizer of AIC =  2ℓ𝑛𝑛(𝜃𝜃�)−

2dim (𝜃𝜃) is asymptotically equal to the minimizer of 𝐾𝐾𝐾𝐾 �𝑔𝑔,𝑓𝑓�⋅, 𝜃𝜃���. This derivation of AIC is based on many 

assumptions like smoothness and the existence of the second derivative of both 𝑔𝑔(𝑦𝑦) and 𝑓𝑓(⋅, 𝜃𝜃). One of the 

most notable and unrealistic assumptions is so-called ‘true model assumption’ which means that the model 

𝑓𝑓(⋅,𝜃𝜃) is correctly specified. This implies that if the parameter 𝜃𝜃 is correctly estimated, we have 𝑓𝑓(𝑦𝑦, 𝜃𝜃) =

𝑔𝑔(𝑦𝑦). However, this happens rarely in real life situation. 

 

BIC (Bayesian information criterion) is a popular alternative to AIC and it is defined as follows: 

BIC =  2ℓ𝑛𝑛�𝜃𝜃�� − log 𝑛𝑛 ⋅ dim (𝜃𝜃) 

 

where 𝑛𝑛 indicates size of data. The remaining terms are defined in the same way as in AIC. As its name already 

implies, BIC is based on Bayesian framework. The famous Bayes’ theorem is defined as 

𝑃𝑃(𝐴𝐴|𝐵𝐵) =  
𝑃𝑃(𝐵𝐵|𝐴𝐴)𝑃𝑃(𝐴𝐴)

𝑃𝑃(𝐵𝐵)
 

 

We use this Bayes’ rule to compute the posterior probability of our model being correct, given the prior (our 

prior knowledge about the probability of a specific model being correct) and the likelihood of the data. This 

posterior probability is not directly observable and we use Laplace approximation to estimate it and it’s where 

BIC is coming from. BIC is looking for the model that maximizes the posterior probability (Schwarz, 1978). One 

of the advantages of BIC is that it actually allows a researcher to compute the probability of a model being 

correct given the list of models. 

 

3 Misuse of model selection criteria 

In a scientific article where a statistical model is used, the chance is pretty high that a researcher had more 

than one possibility for a model and had to perform model selection. The researcher usually reports the 
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summary of the final model, but she often doesn’t tell what kind of other models were under her consideration 

and why she chose the model she chose. When a researcher does report her model selection process in an 

article, the chance that she will write about why she chose a certain model selection criterion is small. The main 

reason for this is that the most non-statisticians do not possess full knowledge of different types of model 

selection criteria. They usually have only seen and used model selection criterion that is most dominant in their 

field of science. The reviewers, who are usually also not statisticians, focus on the statistical analysis and 

summary of the final model and not on the rejected candidate models or how the other models are rejected. 

Thus, although researchers spend much time on trying out different models and picking the best model among 

them, very little attention and clarification is given in communicating about model selection process. This, 

unfortunately, sometimes opens up possibilities for a researcher to misuse model selection criteria to ‘steer’ 

the result of research to the direction she wants. An example that often happens in practice: When a 

researcher performs t-test and gets a p-value that is slightly above the alpha level, many researchers lower 

their alpha level to obtain statistical significance. In larger scale, this behavior can cause systematic bias in a 

specific fields of science (Dickersin, 1990). 

In order to illustrate the consequences of model selection criteria misuse in details, in what follows I present 

and discuss an imaginary example of psychologist who uses statistical model selection criterion for her 

research. Although it is a fictive situation, it is based on my real-life experience at a statistical consultation 

shop. 

 

Example case: a social scientist 

During my master, I worked at the statistical consultation shop at the Department of Social Sciences at Utrecht 

University. Coming from mathematics, I had rarely worked with real-life applications of statistics and it was 

fascinating to see how statistics were used. At the same time, it was shocking to see how statistical tools were 

misunderstood and used in a wrong way. This wrong use of statistics mostly happened unintended, purely due 

to the lack of proper knowledge, comprehension and insight in statistical methods. Yet, sometimes there were 

also cases where a researcher made certain statistically wrong and illogical choices with a purpose of obtaining 

a certain desired result in her research. As an illustrative case, I take an imaginary example of a master student 

in psychology named Geertje. Geertje writes her master thesis about the relationship between spatial 

intelligence and 15 variables (age, sex, IQ, happiness, income, average soft drink consumption in a week, 

average weekly hours spending on playing video game, etc) To investigate this, she designs a survey and 

obtains 500 filled-in questionnaires. After she collected all data, she goes to the statistical consultation shop. 

The statistician recommends linear regression and says that Geertje shouldn’t evaluate each variable 

individually by looking at the p-values, but she should evaluate the whole model by evaluating model fit using 

TIC as model selection criterion. Geertje never heard about TIC before, but after some googling she finds a 

package in programming language R that allows her to compute TIC very easily. She composes a list of models 

by selectively omitting some variables, runs them and computes TIC for each model. (The term ‘model 

selection’ involves not only the choice of parametric form of the model, but also everything that can be 

specified within the model such as variables and structure within the model.) The best model according to TIC 
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is the model without ‘average weekly hours of playing video game’ and some other variables. Geertje is 

disappointed. The relationship between ‘average weekly hours of playing video game’ and spatial intelligence is 

something that is not yet explored in psychology and the probability of publishing will be much higher if she 

can show this relationship. Geertje recalls that she used AIC to select a model during one of the statistics 

course she took. She repeats the whole process with AIC and finds out that the best model according to AIC 

contains the relationship between ‘average weekly hours of playing video game’ and spatial intelligence. She 

chooses this model and sends the paper to a journal. In her paper, she doesn’t mention anything about TIC. The 

reviewers, who are also social scientists without statistical background, doesn’t see anything wrong in her 

statistical analysis and accepts the paper. AIC is after all what everyone is using in their field. 

 

‘Model dropping’ 

‘Shopping’ behavior is when one chooses or adjusts elements in statistical analysis so that one can get the 

results that she wants. Perhaps the most frequent form of this ‘shopping’ behavior is so-called ‘data dropping’ 

where a researcher ‘drops’ a part of data that contradicts the theory that she wants to show (Rosenthal, 1994). 

Inspired by this terminology, I call the behavior of Geertje ‘model dropping’. In what follows I argue that ‘data 

dropping’, ‘model dropping’ or any possible form of ‘shopping behavior’, including applying a model to the data 

that have inappropriate distribution as described in (Jones, Redmond, & Templeton, 1995) is neither 

professional nor ethical. Let me start with some assumption concerning research ethics. According to (Resnik, 

2015), ‘ethics’ in its wide context can be defined as “norms for conduct that distinguish between acceptable 

and unacceptable behavior”. In the context of science, Rensink defines ‘ethics’ as “method, procedure, or 

perspective for deciding how to act and for analyzing complex problems and issues”. In my opinion, the key 

perspective and the code of conduct behind science is objectivity since science aims to uncover and explain 

truths about the natural world in an accurate, independent and reproducible manner. I believe that scientific 

procedures and perspectives should be as objective as possible. One of the most ill-natured way of violating 

this objectivity is manipulation. In my eyes, ‘model dropping’, or any form of ‘shopping’ behavior is scientific 

manipulation because a researcher is, without proper statistical grounds, violating the standard protocol of 

statistics which is a scientific procedure that is designed to be as objective as possible. Thus, the ‘shopping’ 

behavior is unethical and shouldn’t be acceptable at any case. 

 

4 Why would a researcher misuse model selection criterion 

If one knows that this ‘shopping behavior’ is unethical, why do scientists do it in many different fields? I see 

two main reasons for this. First is the ethical problem of a researcher. This is the main motive behind the abuse 

in case when a researcher is actually fully aware of the statistical impact and violence of her misbehavior. Why 

would someone cross the ethical line when she is fully aware that it’s wrong? Gardner & Resnik (2002) propose 

the following list of contributing factors: pressure on performance (publishing pressure, need for grant); career 

ambitions; economic motives; inadequate education and supervision. 
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Another important reason is a statistical ignorance of a researcher. A scientist might simply fail to see the full 

statistical consequence and impact that her statistical misuse will cause. This ignorance certainly lowers the 

psychological threshold of committing unethical statistical misuse. In my opinion, misuse of model selection 

criteria is severely suffering from this phenomenon. Most of the details and theoretical groundwork behind 

model selection criteria are heavily mathematical and therefore they are usually not known to the applied 

users of model selection criteria. In the example of Geertje and her research, she didn’t have full 

comprehension of theories behind TIC and couldn’t know the consequences of her misuse. It was then 

psychologically easy for her to swap TIC for AIC and reach the favorable result she wanted. 

What was then the real impact of switching from TIC to AIC? What Geertje didn’t know is that AIC is based on 

the true model assumption discussed in the previous part of this essay. Using AIC means that she boldly 

assumes that her model is the true model that generates the data. The reason why her statistician 

recommended TIC is because it’s more robust option. TIC stands for Takeuchi information criterion and defined 

as 

TIC =  2ℓ𝑛𝑛(𝜃𝜃�)− 2tr(𝐽𝐽−1K� ) 

 

with  𝐽𝐽 and 𝐾𝐾� defined as in (Claeskens & Hjort, 2008). 

When our candidate model is indeed the true model, we have tr�𝐽𝐽−1K� � = dim (𝜃𝜃) and TIC becomes AIC 

(Claeskens & Hjort, 2008). So, in general, TIC is more robust option than AIC. 

However, Takeuchi's work was in Japanese and was not widely known to statistical community outside Japan 

for many years and still not well known to the community of non-statistical scientists. If Geertje did know these 

stories behind AIC and TIC, she wouldn’t have switched to AIC that easily. 

 

5 Is it ethically correct to use statistical methods that a researcher doesn’t fully understand? 

The lack of proper statistical knowledge among applied statistics users has got worse in last years. Thanks to 

the recent development of computing devices and statistical software, complex statistical analysis can now be 

done with a few clicks or with a few lines of code (Wikipedia, 2017). This, unfortunately, has also brought a 

severe side effect. It has never been so easy for non-statisticians to run statistical models without proper 

theoretical knowledge. From statistician’s view, this is not a desired situation. But does that also mean that it’s 

ethically wrong to use statistical models without understanding it? 

In my opinion, yes. If someone uses statistical analysis for a private purpose, it’s up to her whether she only 

uses the methods that she understands. However, a scientist has full responsibility for her research. When a 

researcher publishes her research she should realize that her study is now in principle in everyone’s hands. A 

researcher is responsible for making sure that the content of her study is correct and carried out in a correct 

way. When a researcher doesn’t fully understand the statistical methods that she used, this is difficult. For 

example, (Thiese, Brenden, & Robbins, 2016) shows that there is a systematic incorrect use of statistics in 

surgical literature. When a surgeon makes clinical decisions based on those literatures, it’s completely possible 

that incorrect statistical analysis costs patient’s lives. 
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What is the minimum knowledge required for using model selection criteria? It is practically impossible for a 

non-statistician to understand every properties and theories behinds certain statistical methods (Yates & Healy, 

1964). What is then the border? Is it for example enough for researchers to understand general background 

information of AIC? Or should they know all the regularity conditions that AIC is based on? In my opinion, in the 

field of model selection criteria, the minimum knowledge requirement for an applied user should be that one 

understands the ‘general motivation, derivation and assumptions’. In the example of AIC, a user doesn’t need 

to know the details of the derivation and mathematical regulatory conditions. However, the user should 

conceptually understand how AIC is derived and on what kind of key assumptions it is built upon. 

 

7 Suggested solutions 

What can we do to make sure that non-statisticians understand model selection criteria properly and they do 

not misuse them? First, applied statistics education should be more focused on helping students understanding 

the methods, instead of just teaching them how to use the methods. Almost every study program at a modern 

university offers a compulsory statistics course, but these courses often just teach how to use tools 

mechanically and the exams are also made in a way that students can get a passing grade just by mechanically 

computing some values without really understanding it. In practice, I have seen many students passing an 

applied statistics course by just practicing tricks. Some of them would just memorize the formula for 

confidence interval without understanding it. And some will just memorize how to perform ANOVA by clicking 

here and clicking there in SPSS. This is a very bad practice and also the place where the future researchers learn 

that it’s okay to use statistical tools without understanding it. On a short term, this ‘click-here-click-there’ 

teaching might look more efficient, but those mechanical calculation-tricks will be forgotten very fast without 

proper fundamental understanding part. In my opinion, an applied statistics course should be designed such 

that the focus is on understanding and that students are tested and graded on inference and reasoning based 

way. 

 

Second, statistics course should include ethical guidelines for statistics in its curriculum. Compared to other 

fields of science such as biology, psychology and medicine, there is relatively less attention given for ethics in 

statistics. Most researchers have never learned about ethical guidelines for statistics during their statistics 

education. Ethical Guidelines for Statistical Practice (2008) from American Statistical Association is a good 

example of how ethical guidelines for statistics can look like. It doesn’t have to be a big part of the course, but 

it should be included in the curriculum so that scientists are aware of the ethical issues in statistics. 

 

Third, we need more statisticians so that they can help applied researchers understanding and using statistical 

methods correctly. At this moment, there is a systematic lack in number of properly educated statisticians. The 

demand for statistics has grown fast last decades while the number of people who study (mathematical) 

statistics haven’t (More Students Earning Statistics Degrees, But Not Enough To Meet Surging Demand for 

Statisticians, 2015). Unfortunately, mathematics and statistics are not the most popular subjects among 

average students. This is partly due to the ‘boring’ image that statistics has. We need to show students that 
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statistics can be cool and fun. The mathematical statistics group at the University of Oslo is active on this. For 

example, when local high school students visited the faculty in 2016, the group gave a presentation about 

mortality rate analysis of characters in Game of Thrones (Dødsraten i Game of Thrones er realistisk, 2016) with 

the conclusion that the mortality rate in the series is actually quite realistic. 

 

8 Concluding remarks 

In this essay, I shed light on the misuse of statistical model selection criteria with some suggested solutions. 

Unlike some ethical issues in science that does receive attention (e.g. privacy, animal experiment), misuse of 

statistical model selection criteria is hardly noticeable, abstract and not often discussed. This ‘invisibility’ makes 

the misuse of statistical model selection criteria extra dangerous. I think this is a reason to be extra alert about 

the misuse of statistical model selection criteria. 
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