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Encountering the "aliased coefficients in the model" error is a common challenge when performing

regression model analysis in R. This error signals a fundamental issue with the design matrix: the

presence of perfect multicollinearity, where one predictor variable is an exact linear combination of

others. When this occurs, the model design matrix is singular, making it impossible for standard

estimation techniques, such as Ordinary Least Squares (OLS), to calculate unique parameter

estimates for all variables.

The term aliased coefficient means that the effect of one variable cannot be distinguished from

the effect of another, essentially masking their individual contributions. This statistical redundancy

prevents the reliable calculation of the variance associated with the parameter estimates. To

generate a stable and accurate regression model, it is imperative to identify and remove these

redundant predictors, restoring the necessary mathematical independence among the explanatory

variables.

While techniques like the `lm.influence()` function can sometimes be used to identify aliasing, the

most direct approach for resolving errors caused by perfect linear dependence (the typical trigger

for this message during diagnostic checks) involves using correlation analysis to pinpoint the exact

redundant relationship, followed by the systematic removal of the aliased variable. This proactive

step ensures the resulting statistical model is both robust and statistically sound, free from the

computational ambiguity caused by perfect linear dependencies.

The Core Problem: Perfect Multicollinearity

The error message "there are aliased coefficients in the model" is R's explicit way of stating that a

state of perfect multicollinearity exists within your set of predictor variables. Perfect multicollinearity

occurs when the correlation between two or more independent variables is exactly 1 or -1,

meaning one variable can be perfectly predicted from the others. Statistically, this means that the

variables occupy the exact same dimension in the data space.

In the context of linear modeling, if one variable is a perfect multiple of another, or if one is an

exact sum of several others, the model cannot uniquely determine the separate contributions of

these variables. This leads to an infinite number of possible parameter estimates that could equally

fit the data. Since the system of equations required to solve for the coefficients becomes

indeterminate, R cannot proceed with the calculation, resulting in the aliasing error.

This issue frequently arises when researchers inadvertently include variables that are functionally

redundant--for instance, including both total revenue and a subcomponent of that revenue, or

defining one variable as an exact mathematical transformation of another, as we will demonstrate

in the reproducible example below. When performing diagnostic tests like the Variance Inflation

Factor (VIF) calculation, the underlying matrix inversion required to calculate the variance breaks

down, immediately halting the process and returning the aliased coefficients error.
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Identifying the Common R Error Message

This specific error is often encountered not during the initial model fitting (R's standard `lm()`

function handles perfect multicollinearity by silently dropping one of the aliased variables), but

during subsequent attempts to perform advanced diagnostics, particularly when trying to calculate

the VIF using the popular `car` package.

When the `lm()` function detects perfect collinearity, it typically sets the coefficient of the redundant

variable to `NA` and assigns its rank to be zero, effectively excluding it from the model. However,

functions designed for diagnostic checking, such as `vif.default()` from the `car` package, are often

more sensitive to the presence of these dependencies in the model object, leading to an explicit

error message, as seen below:

Error in vif.default(model) : there are aliased coefficients in the model

The appearance of this message confirms that although the model structure might have been

accepted initially by R's core functions, it remains mathematically compromised due to the linear

dependence between two or more predictor variables. Before proceeding with any interpretation or

further diagnostics, this underlying dependency must be resolved.

Step-by-Step Guide: Reproducing the Error in R

To understand and effectively fix the aliasing problem, it is helpful to first deliberately create a

scenario where perfect multicollinearity exists. This demonstrates how easily the error can occur,

especially when preprocessing data or generating new features based on existing ones. In the

following setup, we define three predictors, `x1`, `x2`, and `x3`, but intentionally define `x3` as a

perfect multiple of `x2` (`x3 <- x2*3`). This ensures perfect correlation between these two variables.

We begin by setting a seed for reproducibility and generating the necessary data vectors. We then

fit a linear regression model attempting to use all three highly correlated variables (`x1`, `x2`, and

`x3`) as predictors of the outcome `y`:

#make this example reproducible

set.seed(0)

#define data

x1 <- rnorm(100)

x2 <- rnorm(100)

x3 <- x2*3

y <- rnorm(100)
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#fit regression model

model <- lm(y~x1+x2+x3)

Although the `lm()` function runs without error, attempting to calculate the Variance Inflation Factor

(VIF) confirms the underlying issue. The VIF metric quantifies the severity of multicollinearity, but

because the correlation here is perfect, the calculation fails completely when trying to invert the

correlation matrix, leading directly to the aliasing error:

library(car)

#calculate VIF values for predictor variables

vif(model)

Error in vif.default(model) : there are aliased coefficients in the model

This result provides definitive proof of the perfect linear relationship. The next crucial step in fixing

this error is not guessing which variable is redundant, but precisely identifying the pair (or group) of

predictors that are perfectly correlated.

Diagnosis: Using the Correlation Matrix (`cor()`)

The most effective way to diagnose perfect multicollinearity is by generating and inspecting a

correlation matrix for all predictor variables involved in the model. A correlation matrix provides the

pairwise correlation coefficient between every variable, allowing us to visually scan for values

exactly equal to 1.0 (perfect positive correlation) or -1.0 (perfect negative correlation).

First, we must combine the relevant variables into a single data frame object. We then apply the

`cor()` function to this data frame to compute the correlation coefficients:

#place variables in data frame

df <- data.frame(x1, x2, x3, y)

#create correlation matrix for data frame

cor(df)

x1 x2 x3 y

x1 1.00000000 0.126886263 0.126886263 0.065047543

x2 0.12688626 1.000000000 1.000000000 -0.009107573

x3 0.12688626 1.000000000 1.000000000 -0.009107573

y 0.06504754 -0.009107573 -0.009107573 1.000000000
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Upon reviewing the resulting correlation matrix, the source of the problem becomes immediately

apparent. We observe that the correlation between variable x2 and variable x3 is exactly

1.000000000. This confirms that these two predictors are perfectly correlated, meaning they are

carrying the same information and causing the design matrix to be singular. This perfect

dependency is what leads R to report the existence of aliased coefficients.

Implementing the Fix: Removing Redundant Variables

Once the perfectly correlated variables have been identified, the fix is straightforward: we must

remove one of the redundant predictors from the regression model. When deciding which variable

to remove, the choice is generally arbitrary from a purely statistical standpoint since they convey

the identical information. However, in practice, researchers often choose to keep the variable that

is more theoretically relevant, easier to interpret, or represents the original, untransformed data.

In our example, since x3 was defined as a simple transformation of x2 (`x3 <- x2*3`), removing x3

is the logical and simplest solution. By removing this variable, we eliminate the linear dependency,

thereby ensuring that the design matrix is full rank and that unique parameter estimates can be

calculated for all remaining predictors. This ensures that the computational requirements for all

diagnostic functions, including VIF, are met.

We proceed by redefining and refitting the model, this time explicitly excluding the redundant

predictor x3 from the formula:

library(car)

#make this example reproducible

set.seed(0)

#define data (x3 is still defined but not used in the model)

x1 <- rnorm(100)

x2 <- rnorm(100)

x3 <- x2*3

y <- rnorm(100)

#fit regression model (Excluding x3)

model <- lm(y~x1+x2)

Validation: Rerunning the Model and Checking VIF

After refitting the model using only the independent predictors (`x1` and `x2`), we must validate the

solution by re-running the diagnostic test that previously failed--the calculation of the VIF. A
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successful calculation confirms that the design matrix is now full rank and free from perfect

collinearity.

Calculating the VIF values for the updated model should now execute without error:

library(car)

#calculate VIF values for predictor variables in model

vif(model)

x1 x2

1.016364 1.016364

The successful execution and output of the VIF values confirm that the fix was effective.

Furthermore, the VIF values are very close to 1.0, which indicates that not only is the perfect

aliasing resolved, but there is also minimal residual (non-perfect) multicollinearity remaining in the

model structure. The resulting coefficients are now uniquely determined and reliable for

interpretation.

Alternative Scenarios and Best Practices

While the most common fix for aliased coefficients is removing a redundant variable, it is important

to consider alternative scenarios that can also lead to this error, particularly when dealing with

categorical variables or complex interactions. For example, if you include a set of dummy variables

representing all categories of a factor, along with the intercept, perfect multicollinearity (known as

the dummy variable trap) will occur. The standard solution in this case is either to remove one

dummy variable (making it the reference category) or explicitly remove the intercept from the

model.

For situations where multicollinearity is severe but not perfect (i.e., correlation is 0.95, not 1.0), the

aliased coefficient error will not appear, but the VIF values will be extremely high. In these cases,

removal of a variable is still a strong option, but researchers might also explore other techniques,

such as Principal Component Analysis (PCA) to create orthogonal predictors, or Ridge Regression,

which is specifically designed to handle highly correlated variables by adding a small bias to

stabilize the coefficient estimates.

Ultimately, preventing the "aliased coefficients" error starts with careful data preparation and robust

feature engineering. Always check for perfect linear relationships among predictors before fitting

complex models. The use of a simple correlation matrix, as demonstrated, is an invaluable

diagnostic tool for ensuring data quality and model stability in R.
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