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Model Selection for Experiments e.g. (with Blocks)

1. Choose a defensible model that respects the design
2. Use a priori covariates without overfitting
3. Avoid non-identifiable terms (e.g., n≤1 per combo)
4. Handle confounding & multicollinearity
5. Decide random vs fixed effects sensibly
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1. Choose a defensible model that respects the design
2. Use a priori covariates without overfitting
3. Avoid non-identifiable terms (e.g., n≤1 per combo)
4. Handle confounding & multicollinearity
5. Decide random vs fixed effects sensibly

1. Design is key!

Identify factors
Treatment (usually fixed)

Block (nuisance; often random effects)

Plan before data peek
Pre-declare covariates & key interactions

(if your design includes a block have in it your model)
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Model Selection for Experiments e.g. (with Blocks)

1. Choose a defensible model that respects the design
2. Use a priori covariates without overfitting
3. Avoid non-identifiable terms (e.g., n≤1 per combo)
4. Handle confounding & multicollinearity
5. Decide random vs fixed effects sensibly

2. A Priori Covariates and interactions

Include covariates for a reason – you don’t have to include every 
possible interaction term between them, only if meaningful

Hierarchy principle: if include interaction A*Z, also include A and Z
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Model Selection for Experiments e.g. (with Blocks)

1. Choose a defensible model that respects the design
2. Use a priori covariates without overfitting
3. Avoid non-identifiable terms (e.g., n≤1 per combo)
4. Handle confounding & multicollinearity
5. Decide random vs fixed effects sensibly

3. Observations per Factorial Combination

Rule: If n ≤ 1 per cell, interactions at that level 
aren’t testable

(Residual df → 0; saturated model)

!! Not enough reps to 
do interaction !!
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4. Multicollinearity & Confounding

Complete confounding: e.g., each Block contains 
only one Treatment → cannot separate effects
Symptoms: rank deficiency, NA coefficients, 
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Model Selection for Experiments e.g. (with Blocks)

1. Choose a defensible model that respects the design
2. Use a priori covariates without overfitting
3. Avoid non-identifiable terms (e.g., n≤1 per combo)
4. Handle confounding & multicollinearity
5. Decide random vs fixed effects sensibly

5. Random vs fixed effects
Treatment: fixed (specific levels of interest)
Blocks: usually random (sampled nuisance 
structure; generalization)
Genotypes:

Fixed: only care about those specific lines
Random: represent a population; want 
variance components/BLUPs





Response

Predictor 
variable 
“effects”

Observations



Bias: "accuracy" – how close the model's average 
prediction is to the observed values in modeled dataset.

Variance: “consistency" – how much the model's 
predictions change for different training sets.

lm(Y ~ X) lm(Y ~ X+X2+X3+X*X3*X2+poly(X3, 4)….)
lm(Y ~ X + X2 + X3)



Objectives for the next 2 
weeks

• Why we perform model selection

• Overview of some of the main 
methods with their pros and cons

• How to implement them in R

• Model selection for different types 
of analysis

Model selection is a controversial topic where there is not always an agreed upon "correct approach".
Note: when it comes to model selection, many best practices are field specific – I encourage 
you to consult the literature for your discipline



Goals of Model Selection
1. Aim:

• Identify a model capturing key relationships between response and 
explanatory variables without being overly complex.

• Often referred to as the "MAM" or minimum adequate model.
2. Balance Between Variance and Bias:

• Avoid models that underfit or overfit the data.
• Limit the use of interaction terms unless necessary.
• Minimize the number of parameters.



Things to Keep in Mind

1. Marginality (main effects vs interactions):
• Main effects need to be prioritized before interactions in the model formula.
• If an interaction term is found to be significant, the main effects should also be included 

in the model.
• When retaining an interaction term in a model, the significance of the main effects is 

not separately assessed.

2. Handling Missing Data:
• Be aware of instances and locations of missing data.
• Comparing two models is not advised if they rely on different data subsets.



Things to Remember:

Automated Model Selection in R:
• Automated methods are widely used and simple to apply (e.g. stepAIC)
• They prioritize statistical criteria for choosing model terms.

Caveats:
• Sometimes essential design components ("block") are vital to keep.
• Approach automated methods with caution.
• Manual methods can be useful in specific scenarios.
• Some automated tools allow for customization to make smarter choices.









Stepwise regression methods

lm(y~1, data)

lm(y~x2, data)

lm(y~x2+x5, data)



Stepwise regression methods

• Begin with either a full model or a null model.
• Adjust by removing or adding variables.

• Options include backward or forward 
selection.

• A combination of both forward and 
backward methods is available.

• Implement a stopping criteria to ascertain 
when the optimal model is identified.





Forward Selection
•Start: Initiate with a model without predictors (only the intercept).
•Process:

• On every iteration, include the predictor that most enhances the model.
• Each step integrates an additional predictor.
• A predictor, once added, remains in the model.

•End: Cease when adding more predictors no longer boosts the model.
•Condition: This method is applicable when the number of observations (n) is less than the 
number of predictors (p).

… continue adding one predictor at a time, until the model no longer benefits from the inclusion of more predictors.

Example:

Step 1: null model

Step 2: (Introduce the best predictor, say x4)

Add x4

Step 3: (Add the next best predictor, say x1, along with x4)

Add x1





Backward Selection
•Start: Use a full model with all predictors.
•Process:

• At every stage, eliminate the predictor that contributes the least to the model.
• Each step reduces the predictors by one.
• A predictor, once removed, doesn't re-enter the process.

•End: Stop when removing predictors no longer enhances the model.
•Condition: Applicable only when the number of observations (n) exceeds the number of 
predictors (p).

Example:

Step 1: full model

Step 2: remove least significant predictor

Removes x3

Step 3: remove least significant predictor

Removes x1

…continue until all predictors are significant



Issues with Stepwise Methods
•Popularity: Stepwise methods aren't as favored today; specifics vary by field.
•Goal Issues: The methods aim to pinpoint the "best" model, but data often doesn't 
support such a confident choice.
•Algorithmic Concerns:

• Approach (be it forward or backward).
• Order in which parameters are added or removed.
• The count of potential parameters. All these can influence the final model choice.

•Hypothesis Testing: One stepwise regression can lead to numerous hypothesis tests.
•Model Comparison Limitations:

• For nested models, e.g., y ~ x1 + x2 + x3 vs. y ~ x1 + x3.
• Not for non-nested ones, like y ~ x1 + x4 vs. y ~ x5 + x8.

•Literature Reference: Whittingham et al., 2006 discussed the use of stepwise modeling in 
certain fields.



All subsets search



All subsets search



All subsets search



Construct a set of Candidate Models (Hypothesis testing)



Construct a set of Candidate Models 
(Hypothesis testing)





ANOVA  vs. Information Criteria vs. Cross Validation in Model Selection
•ANOVA (Analysis of Variance., i.e. hypothesis testing)

• Focus: Tests the overall fit of a statistical model.
• Application: Compares nested models, i.e., models that differ by one or more predictor variables.
• Criteria: Relies on significance testing (p-values).
• Limitations: Only suitable for comparing hierarchically nested models.

•Information Criteria: AIC (Akaike Information Criterion) and related (AICc and BIC) 
• Focus: Measures the goodness of fit and complexity of a model simultaneously.
• Application: Can compare non-nested models.
• Criteria: Smaller AIC values indicate better-fitting models.
• Strength: Balances model fit and model complexity.
• Limitations: Provides a relative measure, i.e., only useful when comparing multiple models.

•Cross Validation
• Focus: Assesses a model's predictive performance on unseen data.
• Application: Splits the dataset into training and testing subsets multiple times.
• Criteria: Uses metrics like RMSE (for regression) or accuracy (for classification) to evaluate 

performance.
• Strength: Helps prevent overfitting by validating the model on different data subsets.
• Limitations: Computationally expensive, especially with large datasets or complex models.
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Overview of Information Theoretic Approaches for Model Selection

Common IT Criteria for Model Selection
• AIC (Akaike Information Criterion)

• Balances model fit and model complexity
• Lower AIC indicates a better model

• BIC (Bayesian Information Criterion)
• Similar to AIC but penalizes complexity more heavily
• Favors simpler models, especially with larger datasets

• AICc (Corrected Akaike Information Criterion)
• Modification of AIC for small sample sizes
• Includes a correction factor to account for bias
• Tends to select more parsimonious models than AIC with small data

Key Principles
• Parsimony: Preference for simpler models to prevent overfitting
• Trade-off: Balance between model complexity and goodness of fit

Applications and Examples
• Widely used in statistics, machine learning, and various scientific fields
• Example: Model selection in linear regression, time series analysis, etc.

Advantages of IT Approaches
• Objective criteria for model comparison
• Encourages simplicity, aiding interpretability and generalization

•Limitations and Considerations
• May not always align with domain-specific goals or constraints
• Performance can depend on sample size and data characteristics
• AICc is particularly recommended when sample size is small relative to the number of parameters













(BIC)



All subsets (BIC):

Backward (AIC):

Forward (AIC):

All subsets (AICc):

Dataset:



All models result:

”Probability this is best model”

Change in AICc between models
Coefficients



Keeping multiple models

Change in AICc between models
Coefficients

Rule:
ΔAICc < 6



Keeping multiple models

Change in AICc between models
Coefficients

Rule:
ΔAICc < 2



Keeping multiple models

Coefficients

Rule:
Cumulative sum of 
weight > 0.95

”Probability this is best model”



Averaging multiple models





What analyses do expect to use in 
your analyses?

Please download and install the 
Slido app on all computers you use

ⓘ Start presenting to display the poll results on this slide.







Step 1: 
Calculated the correlations between population growth rate and each of the 
96 weather variables
Visually examined all variables with absolute value > 0.3

Outcome: kept 15 weather variables with high correlations with pop growth

Step 2:
Fit a model that included 15 weather variables from Step 1
Used stepwise NHST to remove variables and reduce the model
Used adjusted p-values to compensate for multiple hypothesis testing

Outcome: model with 6 variables remained

End point: 
The six remaining variables are hypotheses that need 
to be tested using independent data

Starting point:
Possible predictors: 96 weather variables
Response: population growth rate of P. smintheus
20 years of data

Objective: Which weather variables 
are associated with population 
growth rates of Parnassius
smintheus (a butterfly)? 

Exploratory model selection process described in Tredennick et al. 2021



|ρ| > 0.3

96 potential predictor variables

15 predictors

Calculate correlation with growth rate

Filter based on correlation

Filter 
individual 
predictors 
using 
drop1() in R

“hypotheses that 
need to be tested 

using independent 
data”

After considering multiple testing?



NHST



Hypothesis: Extreme high temperatures 
during early winter reduce P. smintheus
population growth rate, but only in years 
of low snow fall

Model selection for inference process described in Tredennick et al. 2021

Defined early winter as Nov and Dec
Averaged max temp over these two months and 
averaged amount of snowfall per month

Created two models:
1) Full: which included interaction between the 

max temp and snow fall
2) Reduced/alternative: excluding interaction

Used null-hypothesis significance testing to compare the two models
• anova(full model, reduced model) in R
Results suggested that the interaction should be retained in the 
model
Reported the results for the full model
Because the interaction was important, they did not test the 
significance of the main effects



Model 1 (full)
Growth rate ~ Temperature * Snow

Model 2 (reduced)
Growth rate ~ Temperature + Snow

ANOVA
Should interaction be kept in model?  

Model 1 (full)
Growth rate ~ Temperature * Snow



Application



Regularization

Reducing slopes can give better accuracy to predict future data



K-fold cross validation 



Mixed effect models (more later this quarter)

AIC= 1094.867

AIC = 1102.502
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