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Create Added Variable Plots in R

When conducting rigorous statistical analysis, especially within the context of Multiple Linear

Regression (MLR), researchers frequently encounter complexities in evaluating the precise,
marginal contribution of each independent variable. Simple coefficient interpretations can be
misleading due to the interconnected nature of predictors. This inherent challenge necessitates
advanced diagnostic tools that can visually isolate these effects. Among the most essential
visualizations are Added Variable Plots (AVPs), which are critical for model validation and

identifying potential structural flaws.

These powerful plots, sometimes referred to as Partial Regression Plots, offer a specialized

graphical lens. They are meticulously designed to strip away the influence of all other covariates in
the model, allowing the analyst to focus solely on the unique linear relationship between the
response variable and a single, targeted predictor variable. By doing so, AVPs provide clear visual

confirmation of the calculated coefficient estimate for that specific predictor, ensuring that its
magnitude and sign are accurately represented independent of confounding factors.

The core utility of AVPs extends far beyond mere confirmation of coefficients; they are
indispensable for regression diagnostics. They enable researchers to quickly identify troublesome
observations, such as influential outliers, that might be disproportionately skewing the correlation
for a specific variable. Furthermore, AVPs are vital for checking the underlying assumptions of the
model. If the visualization reveals a strong curvilinear pattern where the model assumes linearity, it
strongly suggests the need for data transformation, the inclusion of polynomial terms, or a
reconsideration of the model's fundamental functional form. This ensures the final model
specification is robust and statistically sound.

The Statistical Foundation: Isolating Marginal Effects

A pervasive difficulty in interpreting complex multiple linear regression models stems from the

issue of multicollinearity--the correlation among predictor variables. When predictors are highly

correlated, a simple scatter plot comparing the response variable against one predictor is
fundamentally misleading because it fails to account for the shared variance explained by the other
variables already present in the model. This uncontrolled view can lead to erroneous conclusions
about the marginal impact of the variable of interest.

The Added Variable Plot ingeniously resolves this interpretive ambiguity by employing a method

based on two separate partial regressions. For any given predictor variable, say Xk, the plot does
not display the raw data points. Instead, the vertical axis plots the residuals obtained when the
response variable (Y) is regressed against all other predictors (excluding Xk). Similarly, the
horizontal axis plots the residuals obtained when the predictor Xk itself is regressed against all
those same other predictors.

By plotting these two sets of residuals against each other, the resulting scatterplot effectively
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visualizes the portion of variance in the response variable (Y) that remains unexplained by the
other variables, matched against the portion of variance in the predictor Xk that is also unexplained
by the other variables. This process mathematically "holds constant” the influence of all other
predictors, allowing the analyst to see the unique, incremental contribution of adding Xk to the
model. The slope of the line fitted to these partial residuals is precisely the estimated coefficient for
Xk in the full MLR model, confirming its isolated marginal impact.

Implementing AVPs in R: The 'car' Package

To generate reliable added variable plots within the modern R programming environment,

reliance on specialized packages is standard practice. The robust car package (an acronym for
Companion to Applied Regression) is universally utilized in R for advanced regression diagnostics
and provides the essential tooling required. The primary function for this visualization task is
avPl ot s(), which streamlines the complex residual calculations required for partial regression.

Before executing the visualization function, the car package must be explicitly loaded into the R
session using the li brary() command. The avPl ot s() function is designed for simplicity,
requiring only one mandatory argument: the fitted multiple linear regression model object. This
object is typically generated using R's fundamental | n() function, which stores all necessary
statistical information, including coefficients, residuals, and predictor variables.

The workflow for generating these diagnostic plots is highly efficient and follows a concise
sequence of commands. Once the necessary library is active and the statistical model has been
successfully estimated, the model object is simply passed to the function. It is a powerful
convenience that avPl ot s() automatically iterates through the model, generating a separate,
dedicated added variable plot for every single predictor variable included in the provided model

object, thereby automating a substantial part of the diagnostic process.
The general syntax structure demonstrates this simplicity:

# Load the essential car package for diaghostics
library(car)

# Fit the multiple linear regression model using R's standard function
model <- Im(y ~ x1 + x2 + ..., data = df)

# Generate the set of added variable plots for all predictors
avPlots(model)
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Practical Application: Analyzing the mtcars Dataset

To fully appreciate the practical utility of the avPl ot s() function, we will apply it to a classic,
readily available dataset in R: the nt cars dataset, which compiles specifications for 32
automobiles. Our goal is to develop a predictive model for fuel efficiency (nmpg, the response
variable) based on a selection of three key vehicle characteristics: engine displacement (di sp),
engine horsepower (hp), and rear axle ratio (dr at ).

The initial step involves fitting the multiple linear regression model using | n{) and meticulously

reviewing the summary statistics. This crucial step establishes the baseline statistical estimates,
including the coefficients and their statistical significance, providing the analytical context before
we transition into the graphical visualization phase. The summary confirms the initial algebraic
findings that the plots must subsequently validate.

# Fit the multiple linear regression model
model <- Im(mpg ~ disp + hp + drat, data = mtcars)

# View summary of model estimates
summary(model)

Call:
Im(formula = mpg ~ disp + hp + drat, data = mtcars)

Residuals:
Min 1Q Median 3Q Max
-5.1225 -1.8454 -0.4456 1.1342 6.4958

Coefficients:

Estimate Std. Error t value Pr(>|t|)

(Intercept) 19.344293 6.370882 3.036 0.00513 **
disp -0.019232 0.009371 -2.052 0.04960 *

hp -0.031229 0.013345 -2.340 0.02663 *

drat 2.714975 1.487366 1.825 0.07863 .

Signif. codes: 0 ***' 0.001 **' 0.01 * 0.05''0.1''1

Residual standard error: 3.008 on 28 degrees of freedom
Multiple R-squared: 0.775, Adjusted R-squared: 0.7509
F-statistic: 32.15 on 3 and 28 DF, p-value: 3.28e-09

With the model successfully fitted and stored as the nodel object, the generation of the added
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variable plots is the next logical step. These plots will provide a clear, graphical representation of
the partial correlation between npg and each of the three predictors (di sp, hp, and dr at).
Crucially, this visualization is achieved while the influence of the remaining two predictors is
statistically isolated and controlled, offering an unbiased view of each variable's unique role.

# Load car package (if not already loaded)
library(car)

# Produce added variable plots for all predictors in the model
avPlots(model)
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Decoding the Visualization: Interpreting Plot Components

The visual output produced by avPl ot s() contains several critical components that must be
correctly interpreted to glean meaningful diagnostic insights. A thorough understanding of the axes,
the fitted regression line, and the labeled points is paramount for successful model assessment
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and the identification of potential anomalies or influential data points within the regression
structure.

Fundamentally, the axes of an Partial Regression Plot represent residuals from partial

regressions, not raw data values. The X-axis specifically represents the residuals of the predictor
variable being examined, after it has been regressed against all other predictors in the model. In
parallel, the Y-axis displays the residuals of the response variable, after it too has been regressed
against those same other predictors. This double residualization process is what achieves the
necessary control over confounding variables.

The following list details the essential elements visualized in these diagnostic plots:

The Axes: The X-axis isolates the variance in the predictor unique from the other model terms.
The Y-axis isolates the variance in the response variable (mpg) unigue from the other model terms.
The Fitted Blue Line: This line demonstrates the estimated partial relationship between the
predictor and the response. Most importantly, the slope of this line is mathematically identical to
the estimated coefficient for that specific predictor derived from the full MLR model. The slope
visually confirms the strength and direction of the association while controlling for all other
variables.

Labeled Data Points: These points, often labeled by their observation index (e.g., 'Maserati
Bora'), typically highlight observations that exhibit either the largest studentized residuals (vertical
distance from the line) or the largest partial leverage (horizontal influence on the line). Identifying
these points is key to diagnosing influential observations that may disproportionately pull the
regression slope away from the main cluster of data.

Diagnostic Utility and Conclusion

One of the most valuable aspects of added variable plots is their ability to provide immediate

visual validation of the algebraic coefficient estimates. The graphical representation must perfectly
align with the statistical output: a positive coefficient must always correspond to an upward-sloping
line, reflecting a positive marginal relationship, while a negative coefficient necessitates a
downward-sloping line, indicating an inverse marginal relationship. Any discrepancy between the
visual slope and the algebraic sign would immediately signal a fundamental error in the analysis or
interpretation.

Referring back to the derived coefficients from our nt car s model summary, we established the
following expectations:

disp: Coefficient = -0.019232 (Expect a Negative slope)
hp: Coefficient = -0.031229 (Expect a Negative slope)
drat: Coefficient = 2.714975 (Expect a Positive slope)
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By meticulously examining the generated plots below, we confirm that these visual expectations
are met. The plots for di sp and hp exhibit clear downward slopes, graphically demonstrating that
as engine displacement or horsepower increases, fuel efficiency (npg) decreases, assuming the
rear axle ratio (dr at) is held constant. Conversely, the plot for dr at shows a distinctly upward-
sloping line, confirming its positive marginal relationship with npg.

Added-Variable Plots
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Beyond coefficient validation, AVPs offer superior diagnostic capabilities compared to standard
residual plots when assessing the impact of individual observations on specific coefficients. They
allow the analyst to pinpoint exactly which predictor's estimate is being disproportionately
influenced by an observation with high leverage. If the scatter of points around the fitted line
suggests a strong non-linear pattern, despite the model being linear, it provides compelling
evidence that the functional form of the model needs immediate adjustment, making AVPs a
fundamental, non-negotiable tool for achieving robust statistical conclusions in R-based analysis.

Further Exploration and Resources
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For researchers and students committed to mastering regression diagnostics and advanced
statistical modeling, leveraging high-quality resources is essential. Continued investigation into the
tools provided by the car package is strongly recommended. The official documentation details
numerous other diagnostic functions vital for validating complex models, such as calculating
Variance Inflation Factors (VIF) for addressing high multicollinearity.

Furthermore, exploring academic texts on applied regression analysis provides the necessary
theoretical depth to fully interpret sophisticated concepts like partial leverage and studentized
residuals. Integrating these theoretical underpinnings with the visual insights provided by
avPl ot s() ensures that all statistical conclusions drawn from the regression analysis are
comprehensive, rigorous, and trustworthy.
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