	[image: A close-up of a logo

Description automatically generated]
	
Centre for Research into Ecological
and Environmental Modelling
The Observatory,
Buchanan Gardens.
St Andrews, KY16 9LZ, Scotland
P: +44 1334 461803
e-mail: css6@st-andrews.ac.uk
URL: http://sutherlandecology.com/




Dear Professor Hans Heesterbeek,
Please find below our responses to the comments from the Associate Editor and two reviewers on our manuscript “Practical advice on variable selection and reporting using AIC” (ID: RSPB-2023-1261). We were delighted with the overwhelmingly positive assessment of our work and would like to thank you, the Associate Editor, and both reviewers for taking the time to consider our contribution, and for providing some excellent suggestions for further improvements.
We have implemented all the excellent changes suggested by both reviewers and provide details below in response to each of the points made (in maroon). We have included a rendered PDF as the track changes document, for which line number are exact. These amount to several points of clarification throughout the manuscript as well as the addition of text that 1) increases accessibility of the material by explicitly pointing out various features of AIC, 2) highlights the importance of interpreting effects sizes, 3) clarifies how this work fits in the context of other information criteria, and 4) provides some additional guidance on interpreting parameters under AIC-based model selection. Reviewer two suggested the addition of an illustrative example, which we have not included in the main text (see below), but that we have included as an appendix. We hope this is a reasonable compromise between providing a grounded example and retaining the manuscript’s generality. 
We hope that you agree that the revised version has addressed all the comments and represents an improvement on the original submission. 
Many thanks
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Chris Sutherland
(on behalf of all authors)
Response to Associate Editor
Two expert reviewers have returned very positive assessments of your submitted manuscript. There is all round agreement on the benefits of an explanatory article on this subject and that the current manuscript does a good job. Both reviewers have made some suggestions for quite small modifications, which I agree could help with clarity for readers. Please consider these in the final preparation of your paper.
Many thanks to you and both reviewers for the extremely positive assessment of our work. We are happy with the agreement that this is an important topic, and that it was agreed that we managed to make a meaningful contribution to it. We greatly appreciate the excellent comments made by both reviewers and we believe that our consideration of each of them has led to further clarification.

Response to Referee 1
I enjoyed this paper and especially appreciated the simulation-based approach to understanding the relationships between true parameters, AIC, and p values. I tried to review it from your intended perspective of helping beginning practitioners to better use and understand papers written using AIC-based model selection.
Given your 2010 paper is a resource we regularly recommend, and that the goal of our work was to complement that paper, we really appreciate your positive assessment of our contribution, especially the fact that you reviewed it from the perspective of the intended audience. Your comments, which we have addressed in full, were great and have no doubt strengthened the manuscript. 

For the 2 models listed after line 68, and the 4 models listed after line 94, I recommend you list models in the same order (e.g. start with the intercept only model in line 68) and explicitly include the error term in all equations, as you do in line 85. 
Good point. Error terms have been added to all equations for clarity around parameter counts and the order of multi-line equations has been made consistent throughout (from null to full models). [equations around lines: 70, 99, 109, 214]

After introducing the simple models in line 68, formally walk the reader through a parameter count, e.g. the intercept-only model has k = 2, 1 parameter for the intercept and one parameter for the residual variance. And perhaps point out that readers may encounter variation in parameter counts in the literature based on whether or not residual variation was formally included as part of the parameter count k (e.g. lm and glm approaches in R include it, but if I remember correctly, SAS doesn’t, and in program MARK with mark-recapture data it was optional, but most parameter counts excluded overdispersion). 
Another excellent point. We have added words to this effect, taking the liberty of using your suggested language [starting line 74]:
“The first model of these models is commonly referred to as the 'null' or 'intercept-only' model and has  parameters, one parameter for the intercept, , and one parameter for the residual variance, . The second model includes one additional covariate, and hence one additional parameter, , which is estimated effect of a unit change in the covariate on the response. The second model therefore has  parameters, the two regression parameters and the residual variance. We note that there is some inconsistency in the literature and between software in whether the residual variance parameter is formally included as part of the parameter count.”

Figure 1. Consider adding an additional sentence to the legend along the lines of: “Note that although the simulated effect size of X2 was 0, the estimated regression slope is not perfectly horizontal; hence X2 will often explain a small amount of variation in the data simply through chance.”
Figure 1 caption has been changed accordingly, using the language provided (around line 109):
“Simulated relationships between the response variable  and two covariates. The effect of  is positive (), and  has no effect (). Black points are simulated data points, the blue line is the estimated relationship from a univariate linear model with the focal covariate as the predictor. The shaded areas are corresponding 95% confidence intervals around the expected relationship. Note that although the simulated effect size of  was 0, the regression slope is not perfectly horizontal; hence  will often explain a small amount of variation in the data simply by chance.”

B1 changes from 1 to 2 in example 1 (Fig. 1) vs. example 2 (Table 1). I could imagine readers getting confused by this. Why not keep the same model for both (b0 = 30, b1 = 0). Actually, looking at your code, it looks like you did keep b1 constant at 2 and it’s simply incorrectly listed as b1 = 1 in the text for Fig. 1.
We have fixed this (it was a typo), and now the coefficients are consistent between the two examples.

For the code, recommend that you formally define the coefficients as an R object (although this is well commented in your current code). Doing so will better allow learners to adapt your code and plug in their own observed values from simple regression models. 
We have adapted the code for Example 1 so the code and the notation in the main text are explicitly linked. However, we kept the ‘design matrix’ matrix multiplication in the second example as we believe this is useful and general simulation code. We have added a comment in the code for Example 2 to clarify that the link between code and notation is less explicit, but that it’s a useful bit of code.

Page 11: I did recommend using 85% CI under an AIC framework in Arnold 2010.  
Indeed. We have added a ‘see also’ citation at line 249

I would encourage you to provide some additional guidance to readers about how to interpret “confusing parameters.” In ecology, everything is related to everything somehow, so it’s hard to imagine someone designing a study where all effect sizes are truly zero. Instead they probably taper towards zero, as your 6-parameter model does with the first 4 parameters. Parameters 1 & 2 are strong and clearly significant at p < 0.05. Parameters 3 & 4 are weaker, but supported by AIC, and might be biologically important, but clearly less important that parameters 1 & 2. More data might render them statistically significant at P < 0.05, but emphasizing a focus on effect sizes will allow authors to provide some guidance/interpretation about what these parameters actually mean, e.g. “Although parameters 3 and 4 were supported by lower AIC values in model 4, their estimated effect sizes were smaller than for parameters 1 and 2, and there was a greater chance that the true effect size could have been in the opposite direction of our point estimates.’ (I would try to get away from b = 0 terminology, because that seems like a silly null in most ecological studies).  
We agree with the point made here (and by R2, see below) and have added some additional text about the importance of focussing on effect sizes:
Paragraph starting at line 250:
“It is important to note that another strategy for interpretation of all parameters, not just confusing ones, is to focus on relative effect sizes. In doing so, the parameters that suggest strong evidence for relationships can be highlighted, while those with weak evidence, which is typical of a confusing parameter, are given less attention. This is illustrated in the example above where, although models containing parameters 3 and 4 were supported by lower AIC values, the effect sizes of those parameters were smaller than parameters 1 and 2, and there was a greater chance that the true effect size could have been in the opposite direction of our point estimates. This nuance is particularly important for studies using observational data, where in any single study, many measured and unmeasured relationships are likely to be at play to varying degrees of importance (Tredennick et al. 2021).”
Added to #3 in the Summary starting at line 312: 
“We also note that an examination of effect sizes (relative to other parameters) is crucial for the interpretation of confusing parameters while acknowledging that only additional data can clarify the relationships suggested by the model.”
I really like how you showed both 85 and 95% CI using 2 different line widths, and you might play up that recommendation in the concluding paragraphs.
Thanks. We have added a sentence to the very end of Summary under #4 at line 330: 
“Plotting multiple intervals (as we did in Figure 5) can make clear how the results fit within the context of more than one inferential perspective, giving readers the option for multiple interpretations.”

Line 38: Not just apply, but interpret too. Students and non-statistically trained practitioners also struggle to read and interpret published papers that use these methods.
Added: “how to interpret them” at line 38

Line 93 and 94: Parenthetically insert m3 and m0, e.g. “full” or “global” model (m3), … ‘null’ or ‘intercept-only’ model (m0)  
Added the model names as suggested at line 107

Line 117: “between models”
Changed ‘model’ to ‘models’ at line 133

Line 177: footnote looks like it could be part of the equation.
We will leave this until the editorial/proofs stage and see what the preference is at formatting.

Code, line 169: add comment to point out that this set.seed value will give you the exact results included in Fig. 1, omitting it will give a single random permutation like those in Fig. 2.
We have added the following comment in the code:
# set a seed. This will give the exact results in Figure 1. Omitting the seed
# will give a single random permutation like those in Figure 2.

Perhaps add parenthetical clause to text (114), “, simulations using a different random seed value (see code) could provide delta AIC values that would be closer to zero, so…“
We have changed the opening sentence, starting line 127, to read:
“In the example above, we simulated a single data set from the model, and using a different seed value in the supplementary code could produce a situation with different AIC values”
Response to Referee 2
I am privileged to serve as a reviewer for this meticulously crafted manuscript. The authors have adeptly expounded upon the concept of AIC (Akaike Information Criterion) and have offered valuable guidance to professionals in the field. Drawing upon my extensive experience of over 25 years in teaching applied statistics to graduate students specializing in environmental and ecological studies, I anticipate that the current form of this manuscript will garner widespread readership and appreciation.

Thank you very much for your very positive assessment of our work. We are particularly pleased that you consider this a useful contribution given your experience teaching statistics to non-statistical audiences, which represents a large part of our intended readership. Thanks also for your thoughtful comments below which we have addressed and that have definitely helped improve the manuscript.


Elucidating the nature of AIC: It would be advantageous for the authors to clarify the essence of AIC and distinguish it from other information criteria, such as DIC (Deviance Information Criterion) and WAIC (Widely Applicable Information Criterion). From a Bayesian standpoint, these criteria serve as approximations of a model's predictive uncertainty beyond the data used for model fitting. Specifically tailored for linear regression problems with normally distributed response variables, AIC necessitates the explicit presentation of the likelihood function to demonstrate the adjustment of the fitted sum of squares by a bias-correction factor. The sum-of-squares denotes the measure of fitted uncertainty, but it underestimates the model's predictive uncertainty for out-of-sample data. Due to the term "information" associated with AIC, it has garnered exaggerated attention in the literature. Consequently, as the application of AIC extends beyond its original scope, it would be beneficial to provide practitioners with a lucid account of its origin and intended use.

We agree with this point and appreciate the nuance in selecting among the various information criteria. We feel that the existing literature contains many such expositions, so we attempt to avoid too much discussion about whether and when to use AIC over other information criteria. However, we also appreciate that, as written, our guidance could read as a tacit endorsement of AIC as a tool for statistical inference. We have attempted to address this issue in the motivation section, which now reads [lines 44-49]: 

“A variety of information criteria with different properties can be used to rank models, including the 'Deviance' (DIC), 'Bayesian' (BIC), and 'Widely Applicable' (WAIC) information criteria (@link2009; @gelman2014; @brewer2016]. Here, we focus on AIC as it currently dominates the ecological literature [@aho2017graphical], although we suggest its properties are not always carefully considered when applied [@link2009].”

We hope that this addition inspires readers to dig deeper on the philosophical matters regarding information criteria in general, or at least points interested readers to relevant literature.

We have also added a concluding paragraph to the manuscript that we believe goes some way to addressing these points [lines 333-342]:

“We conclude with one final consideration, which is that AIC is not always the optimal tool for a given modelling exercise [@tredennick2021practical]. AIC can tend to favour complex models due its default prior model weighting, a fact that seems underappreciated [@link2009] given how often the properties of AIC as a model selection criterion do not align with the objectives of a published study. AIC was popularized among ecologists in part as a method to address the potential structure of complex observational processes in hierarchical models of natural systems [@burnham2002mumin]. It is intended for making predictive inferences, not necessarily causal assertions. Our goal here is not to expound on the justifications for AIC in ecological applications, but instead we simply hope to enable better statistical practices when using this tool.”


When statistics are employed to make causal assertions, a more rigorous standard should be applied compared to the standard for constructing predictive models. This aligns with the objective of AIC, which aims to approximate a model's predictive uncertainty.

We believe this point is addressed with the addition of a new concluding paragraph that reads [lines 333-342]:

“We conclude with one final consideration, which is that AIC is not always the optimal tool for a given modelling exercise [@tredennick2021practical]. AIC can tend to favour complex models due its default prior model weighting, a fact that seems underappreciated [@link2009] given how often the properties of AIC as a model selection criterion do not align with the objectives of a published study. AIC was popularized among ecologists in part as a method to address the potential structure of complex observational processes in hierarchical models of natural systems [@burnham2002mumin]. It is intended for making predictive inferences, not necessarily causal assertions. Our goal here is not to expound on the justifications for AIC in ecological applications, but instead we simply hope to enable better statistical practices when using this tool.”


Given that contemporary ecological studies rely heavily on observational data, whereas statistical classes in graduate schools primarily draw from biostatistics, which is rooted in the analysis of experimental data, model selection based on observational data inherently entails greater nuance. The discourse surrounding AIC and p-value should remind readers that a criterion based on probability is unavoidably subjective. There cannot be a universally applicable threshold for all practical applications. The subjective interpretation of probabilistic evidence finds its foundations in a rich lineage, spanning from David Hume to Thomas Bayes and Ronald Fisher, and is consistent with scientific methodology. Conversely, the frequency interpretation finds support within a narrower philosophical framework.

We agree with the point made here (and by R1, see above) and have added some additional text about the importance of focussing on effect sizes:
Paragraph starting at line 250:
“It is important to note that another strategy for interpretation of all parameters, not just confusing ones, is to focus on relative effect sizes. In doing so, the parameters that suggest strong evidence for relationships can be highlighted, while those with weak evidence, which is typical of a confusing parameter, are given less attention. This is illustrated in the example above where, although parameters 3 and 4 were supported by lower AIC values, their estimated effect sizes were smaller than parameters 1 and 2, and there was a greater chance that the true effect size could have been in the opposite direction of our point estimates. This nuance is particularly important for studies using observational data, where in any single study, many measured and unmeasured relationships are likely to be at play to varying degrees of importance (Tredennick et al. 2021).”
Added to #3 in the Summary starting at line 312: 
“We also note that an examination of effect sizes (relative to other parameters) is crucial for the interpretation of confusing parameters while acknowledging that only additional data can clarify the relationships suggested by the model.”

The manuscript incorporates well-constructed simulation examples that effectively address the two pertinent questions. However, simulated data lack the ecological context crucial for model selection. Abstract variables (e.g., ) accompanied solely by abstract p-values or AIC values may prove challenging for readers to relate to their professional experiences. To reinforce the points made in the Summary section, it would greatly benefit the manuscript to include a compelling real-world data example, perhaps by referring readers to numerous such examples in the literature. An illustrative case is the "well-switching" problem presented by Gelman and Hill (2007) and further explored in Gelman, Hill, and Vehtari (2021), which involves model selection to identify factors influencing residents in a Bangladesh village with arsenic-contaminated wells to switch their water source. Interestingly, this example does not employ AIC at all but rather utilizes p-values in conjunction with relevant subject-matter information to select predictor variables.
We certainly appreciate the point that the simulation study is abstract and as such lacks the ecological context that a) motivates the need for selecting among models, and b) provides an accessible and engaging context. However, this was actually our original intention, i.e., to present a simple but general and intuitive simulation study without the distraction of a specific (and arguably arbitrary) context. Arnold (2010) presents a working example of the issue and both Arnold (2010) and Leroux (2019) report on reviews that highlight a diversity of interesting and relevant examples of when model selection has been conducted well and less well. Indeed, we wanted to offer something that gets directly to the technical heart of the ‘confusions’. 
As such, we have decided not to include an illustrative example in the main text, but we have tried to make the abstract model terms more intuitive:
Lines 71-73: “We use 𝛽 to denote regression parameters, 𝑋 to denote covariates, and 𝜀 are observation-specific residuals”
Nevertheless, we see the value in having an example, especially for readers who might be interested in seeing a real-world case. We have therefore added the “well-switching” example suggested as an appendix, which hopefully reinforces the points made by our simulation and is a compromise between the suggestion from the reviewer and our original motivation.

Appendix 1 - A brief illustrative example [starts at line 381]

We briefly discuss a text-book example that highlights some of the point we have addressed in the simulation exercise in the main text. This example is particularly interesting because the original application did not actually employ AIC. Gelman et al. (2020) illustrate a “well-switching” problem that uses logistic regression to estimate the probability that a household in Bangladesh would switch from a home drinking well to a nearby alternative based on the level of toxic arsenic contamination in the home well. The simple two-variable model finds that both arsenic level and distance to an alternative well are significant predictors (p << 0.05). An interaction between arsenic and distance is added to the model (i.e., one term is added) with equivocal results, suggesting the interaction may not be needed.
In replicating the example (see supplementary code), we note that parameter estimates using maximum likelihood (Table 4) closely match the Bayesian posterior distributions (Gelman et al. 2020; section 14.2). The interaction term has a p-value of 0.08, making it “non-significant” at an alpha of 0.05, yet as expected, the additional term improves the AIC enough to make it the top model.  Gelman et al. 2020 use different model selection criteria to conclude that the additional term does not change the predictive performance and is therefore unnecessary, but note that it is still plausible for the interaction to be describing a true relationship. Further interpretation could acknowledge the effect sizes as indicating weak evidence for the interaction.


Table A1 – Coefficient table from the “well-switching” model of Gelman et al (2020) showing the maximum likelihood estimates, standard errors, and associate p-values for the 4 parameters. Note that the Distance*Arsenic interaction term is not significant at the 5% level, but as seen in Table A2, is in the top model when using AIC (i.e., it is a ‘confusing’ or ‘pretending’ variable).

	Parameter
	Estimate
	Standard Error
	p-value

	Intercept
	-0.148
	0.118
	0.20838

	Distance
	-0.578
	0.209
	0.00579

	Arsenic
	0.556
	0.069
	0.00000

	Distance*Arsenic
	-0.179
	0.102
	0.08040




Table A2 – AIC model selection table comparing AIC scores for two formulations of the “well-switching” model of Gelman et al (2020): a model with a Distance*Arsenic interaction, and a model without the interaction term

	Model
	AICc
	No. parameters
	AICc
	AIC weight
	Log likelihood

	Interaction
	3935.64
	5
	0.00
	0.63
	-1963.81

	No interaction
	3936.68
	4
	1.00
	0.37
	-1965.33




R CODE :
# fitting the well-switching example from Gelman et al. 2020
# https://avehtari.github.io/ROS-Examples/index.html
library(rstanarm)
library(AICcmodavg)

wells$dist100 <- wells$dist/100

fit1 <- glm(switch ~ dist100 + arsenic,
            family=binomial(link="logit"), data=wells)
fit2 <- glm(switch ~ dist100 + arsenic + dist100:arsenic,
            family=binomial(link="logit"), data=wells)

aictab(list(fit1, fit2))
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