
PSYCHOLOGICAL STATISTICS statistics.arabpsychology.com

What is Considered a Good AIC
Value?

Authored by

Mohammed looti

November 4, 2025

RECOMMENDED CITATION

Mohammed looti (2025). What is Considered a Good AIC Value?. PSYCHOLOGICAL

STATISTICS. Retrieved from https://statistics.arabpsychology.com/?p=9769

https://statistics.arabpsychology.com/?p=9769
https://statistics.arabpsychology.com/?p=9769
https://statistics.arabpsychology.com/?p=9769
https://statistics.arabpsychology.com
https://statistics.arabpsychology.com


What is Considered a Good AIC Value? 2

PSYCHOLOGICAL STATISTICS statistics.arabpsychology.com

Decoding the Akaike Information Criterion (AIC): A Model Selection Essential

The Akaike information criterion (AIC) stands as a cornerstone metric in advanced statistical

analysis, providing a structured framework for comparing the efficacy of multiple competing

statistical models. Its fundamental purpose is to estimate the relative quality and information loss

associated with each model when applied to a specific dataset. At its heart, AIC is designed to

resolve one of the most persistent challenges in scientific modeling: achieving an optimal balance

between the model's ability to fit the observed data perfectly (known as goodness-of-fit) and its

necessity to remain simple and broadly applicable (referred to as parsimony).

In practice, researchers often construct several alternative regression models, each incorporating

distinct subsets of predictor variables, especially when dealing with complex, real-world data. AIC

provides the mathematical mechanism to rigorously select the best candidate from this set.

Crucially, the criterion imposes a penalty for the inclusion of extraneous parameters, thereby

actively discouraging the practice of overfitting. Overfitting occurs when a model becomes so

intricate that it captures the random noise present in the sample data rather than identifying the

true, generalizable relationship within the underlying population.

The theoretical foundation of AIC rests upon minimizing the estimated Kullback-Leibler divergence,

which quantifies the information lost when a particular statistical model is used to approximate the

complex process that generated the data. Consequently, the model that minimizes this estimated

information loss is statistically preferred. It is vital for analysts to grasp that AIC offers a measure of

relative quality only; it does not provide any insight into the model's absolute fit or its inherent

statistical validity outside the context of the comparison set.

The Mechanics of AIC: Balancing Complexity and Likelihood

To formalize the required trade-off between model fit and structural complexity, the Akaike

Information Criterion is calculated using a concise formula that integrates these two opposing

components. Understanding the variables within this equation is essential for interpreting the

resulting score and appreciating the methodology behind model selection. The formula acts as the

mathematical engine that drives the selection process, prioritizing models that achieve high

explanatory power with minimum unnecessary complexity.

The standard formula for calculating the AIC is given as:

AIC = 2K - 2ln(L)

The two core variables within this equation represent specific dimensions of the model's structure

and performance:
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K: This term denotes the number of independently adjustable parameters estimated within the

model. This count includes all regression coefficients, variance terms, and, critically, the intercept.

The term 2K functions as the penalty for complexity; as K increases, the model becomes more

intricate, leading to a higher (less favorable) AIC value unless the improvement in data fit is

significant enough to counteract this penalty.

ln(L): This refers to the maximum value attained by the log-likelihood function for the specific

estimated model. The log-likelihood function rigorously quantifies how probable the observed

dataset is, given the model's specified structure and estimated parameters. A substantially higher

log-likelihood value signifies a model that provides a superior fit to the data, thus contributing a

larger negative value to the overall AIC calculation and resulting in a lower, more advantageous

AIC score.

By combining the penalty for complexity (2K) and the reward for goodness-of-fit (-2ln(L)), AIC

successfully transforms these competing concerns into a single, standardized criterion for

quantitative comparison. The ultimate goal remains consistent: identify the model that yields the

lowest overall AIC value, as this model represents the optimal compromise between minimizing

information loss and maintaining structural simplicity within the candidate set.

Why Absolute AIC Values Are Meaningless: Focusing on Relative

Comparison

A persistent source of confusion for many researchers and students involves attempting to assign

qualitative judgments--such as "good," "poor," or "acceptable"--to the absolute numerical value of

an AIC score. However, it is fundamentally important to recognize that there is no universal

threshold or absolute value for AIC that signifies a generally "good" model fit. AIC is

designed purely as a tool for relative comparison, assessing models strictly within the context of

the specific set of alternatives being evaluated.

When undertaking a comprehensive model selection exercise, the required procedure involves

calculating the AIC for every single model within the candidate pool. The model that produces the

lowest AIC value is subsequently designated as the best model relative to all others under

consideration. The actual numerical magnitude of the calculated AIC score--whether the value is,

for instance, -500, 10, or 1500--is arbitrary. This magnitude is heavily influenced by the scale of the

response variable, specific data transformations utilized, and the constant terms embedded within

the underlying log-likelihood calculation.

To illustrate this crucial point, consider a scenario where Model A registers an AIC value of 850.2,

and Model B registers an AIC value of 799.8. Even though both values appear large, Model B is

unequivocally superior because its AIC score is lower than that of Model A. The absolute numerical

value of 799.8 is statistically meaningless on its own; its utility emerges only when compared
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directly against 850.2. This interpretation is strongly supported by core statistical theory, which

emphasizes the comparative nature of information criteria.

As leading statistical texts confirm, the focus must always be placed on the differences between

the AIC values, not on the individual values themselves. The primary criterion is identifying the

model that minimizes the relative information loss compared to the hypothesized true model.

Therefore, the numerical size of the AIC itself is inconsequential; what matters is which model

achieves the lowest score within the specific context of the sample data being used.

Advanced Model Evaluation: Utilizing Delta AIC and Akaike Weights

While selecting the model with the minimum AIC score (AIC$_{min}$) is the necessary first step in

the selection process, a more sophisticated approach involves quantifying the strength of evidence

supporting all plausible models within the candidate set. This is achieved through the calculation of

Delta AIC, often denoted as $Delta_i$. Delta AIC standardizes the relative performance of each

model, transforming the raw AIC scores into a highly interpretable scale.

Delta AIC is calculated by subtracting the minimum AIC value (AIC$_{min}$) from the AIC value of

the $i$-th model (AIC$_i$):

$Delta_i = AIC_i - AIC_{min}$

The resulting $Delta_i$ values provide a clear measure of how far each model is, in terms of

estimated information loss, from the best-performing model. Guidelines for interpreting these Delta

AIC values are essential for practical model selection and inference:

Delta AIC $le 2$: Models that fall within this range are considered to have substantial empirical

support. They are often statistically indistinguishable from the absolute best model (AIC$_{min}$),

suggesting they are viable alternatives.

Delta AIC between 3 and 7: Models showing Delta AIC values in this intermediate range have

considerably less support and should be treated cautiously, though they might still offer some

relevant insight.

Delta AIC $ge 10$: Models with a Delta AIC greater than 10 are overwhelmingly unlikely to be the

best representation of the data and should typically be excluded from further consideration and

inference.

Building upon the Delta AIC, researchers can calculate Akaike weights ($w_i$). Akaike weights

are powerful because they provide an estimate of the probability that model $i$ is the actual best

model (the Kullback-Leibler divergence optimal model), given the data and the entire candidate

set. These weights are fundamental for model averaging, a technique where final predictions or
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inferences are made based on a weighted average of the predictions from all plausible models,

resulting in more robust and less model-dependent conclusions.

The Critical Gap: Why AIC Needs Absolute Goodness-of-Fit Metrics

Despite its robust utility in relative comparison, the Akaike information criterion (AIC) suffers from a

significant inherent limitation: it can only identify the best model among the candidates

provided. AIC provides zero information regarding how well the chosen model actually fits the

underlying data structure in an absolute sense. It is entirely possible, and a common pitfall, to

select a regression model that yields the lowest AIC value within the pool, yet still provides a

statistically poor, biased, or inadequate fit overall.

To confidently ensure that a selected model is not only the relatively best option but also provides

a satisfactory absolute explanation of the data, analysts must integrate metrics that specifically

quantify goodness-of-fit and assess potential bias. This shift in focus transitions the analysis from

simple internal comparison to an external validation of quality. Two of the most powerful and widely

used metrics for this purpose are Mallows' Cp and the Adjusted R-squared statistic. These metrics

allow analysts to move beyond pure comparison and establish a minimum threshold of acceptable

explanatory power and predictive accuracy.

By incorporating these absolute measures, analysts can ensure that the final selected model

meets dual criteria: being the strongest contender when compared to its peers, and simultaneously

adhering to the statistical requirements of explanatory power and low estimation bias necessary for

reliable prediction and scientifically valid inference.

Implementing a Robust Two-Step Model Selection Strategy

A truly robust and defensible strategy for statistical model selection requires a comprehensive two-

step process that successfully integrates the relative comparative power of AIC with the absolute

quality assessment provided by measures such as Mallows' Cp and Adjusted R-squared. This

combined approach minimizes the risk of selecting a relatively good model that is, in fact,

absolutely poor.

To determine if a model is statistically sound and well-fitted to a dataset, we utilize the following

essential metrics:

Mallows' Cp: This statistic is designed primarily to quantify the combined amount of bias and

prediction error present in regression models. The central objective is to identify a model where the

Mallows' Cp statistic is approximately equal to the number of parameters (K) in the model. If Cp is

close to K, it signals minimal bias in the model, strongly suggesting a good absolute fit.
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Adjusted R-squared: This widely used metric measures the proportion of the total variance in the

response variable that can be effectively explained by the predictor variables included in the

model. Crucially, the Adjusted R-squared includes a modification that penalizes the inclusion of

excessive predictor variables, thus rewarding parsimony. A high Adjusted R-squared value (ideally

approaching 1.0) is indicative of a strong, robust fit that explains a large portion of the observed

variability.

The comprehensive strategy for achieving robust model selection involves the following sequence

of steps:

First, fit the entire set of candidate regression models and apply the Akaike information criterion

(AIC), potentially using Delta AIC, to pinpoint the model or small set of models that offer the

optimal relative balance between parsimony and goodness-of-fit.

Second, focus exclusively on the model identified with the minimum AIC value. Calculate the

Mallows' Cp and Adjusted R-squared metrics specifically for this selected model.

Third, rigorously evaluate the absolute fit: Confirm that Mallows' Cp is numerically close to the

number of parameters (K) and verify that the Adjusted R-squared value satisfies the minimum

explanatory power standards required by the specific field of study.

By implementing this rigorous, multi-metric workflow, statistical analysts ensure that the final

chosen model is not just the strongest possibility among the available alternatives, but also

provides a statistically sound, low-bias, and genuinely representative description of the underlying

data generating process.

Further Resources for Deepening Statistical Insight

For statistical practitioners, data scientists, and researchers looking to expand their expertise in

advanced model selection and information theory, the following areas and resources are highly

recommended for detailed exploration:

Information Theory and Model Selection: Focus on foundational concepts such as the Kullback-

Leibler divergence, which forms the theoretical bedrock for AIC and related criteria.

Practical Documentation: Seek detailed instructions and examples on calculating and correctly

interpreting Mallows' Cp across various statistical software environments (e.g., R, Python libraries,

SAS).

Academic Literature: Review recent papers and texts that provide guidance on the proper

derivation and application of Akaike weights and advanced model averaging techniques for robust

inference.
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