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In the expansive field of statistics and data science, ensuring the reliability and stability of

predictive models is paramount. When constructing regression models, researchers must critically

evaluate whether the final parameter estimates are unduly influenced by a small subset of

observations. Highly influential data points possess the power to disproportionately skew results,

potentially leading to unstable conclusions that fail to generalize to new data.

This challenge necessitates robust diagnostic tools. One of the most effective and widely utilized

metrics for pinpointing such influential observations is the DFBETAS score. This metric is designed

specifically to quantify the impact of removing a single data point on the standardized values of

every estimated model coefficient. By calculating DFBETAS, we gain granular insight into the

stability of our model structure.

This tutorial provides a comprehensive, step-by-step guide using the R programming environment.

We will cover the theoretical basis of influence diagnostics, the practical implementation of the

DFBETAS calculation, and essential techniques for visually assessing and interpreting the

resulting scores to ensure the integrity of your regression analysis.

Understanding the DFBETAS Metric and Influence Diagnostics

An observation is deemed "influential" if its omission from the dataset causes a statistically

significant alteration in the calculated regression coefficient estimates. Failing to detect and

address these points can compromise the fundamental assumptions of the model, leading to

unreliable inferences about the relationship between predictors and the outcome variable.

Therefore, influence diagnostics form a critical component of model validation, complementing

measures of fit like R-squared and p-values.

The calculation of DFBETAS (Difference in Betas) is mathematically precise. It captures the raw

difference between the estimated regression coefficient ($hat{beta}_j$) calculated using all $n$

observations, and the coefficient calculated when the $i$-th observation is excluded

($hat{beta}_{j(i)}$). This difference is then standardized by the estimated standard error of the

coefficient estimate, ensuring that the influence measure is comparable across different variables,

even if they operate on vastly different scales.

The resulting standardized score represents the number of standard errors the coefficient shifts

when the specific observation is deleted. A large absolute value of DFBETAS signals that the

observation exerts substantial leverage over that particular parameter estimate. Identifying these

points allows analysts to scrutinize them for potential issues, such as measurement errors, unique

outliers, or cases that fundamentally violate the homogeneity or linearity assumptions inherent in

the modeling approach. This proactive diagnosis prevents the publication of models whose

conclusions hinge precariously on one or two data entries.
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Step 1: Preparing the R Environment and Fitting the Model

Before performing diagnostic checks, we must establish our base statistical model. R is the ideal

environment for this task, offering powerful built-in functions for regression analysis and

diagnostics. For demonstration purposes, we will employ the well-known mtcars dataset, which

provides performance metrics for 32 different automobile models. Using a familiar dataset ensures

that the focus remains squarely on the diagnostic technique rather than complex data

manipulation.

Our objective is to construct a multiple linear regression model aimed at predicting miles per gallon

(mpg) as the dependent variable. We will use engine displacement (disp) and horsepower (hp) as

the independent predictors. This initial fitting process yields the baseline coefficient estimates

whose stability we will subsequently test using DFBETAS. Establishing this foundation is essential,

as the DFBETAS scores are calculated relative to these initial estimates.

The following R code executes the model fitting using the lm() function and provides a summary

of the initial results. These estimates serve as the foundation upon which the influence of individual

observations is measured. Notice the estimated values for the intercept, disp, and hp; the

DFBETAS calculation will show exactly how much these values change, in standard error units, if

any single car model were removed from the analysis.

#fit a regression model

model <- lm(mpg~disp+hp, data=mtcars)

#view model summary

summary(model)

Coefficients:

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

(Intercept) 30.735904 1.331566 23.083 < 2e-16 ***

disp -0.030346 0.007405 -4.098 0.000306 ***

hp -0.024840 0.013385 -1.856 0.073679 .

---

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

Residual standard error: 3.127 on 29 degrees of freedom

Multiple R-squared: 0.7482, Adjusted R-squared: 0.7309

F-statistic: 43.09 on 2 and 29 DF, p-value: 2.062e-09
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Step 2: Calculating and Analyzing DFBETAS Values

Once the model object (model) is successfully created, the calculation of the diagnostic values is

remarkably simple in R, utilizing the specialized function dfbetas(). This function is specifically

designed to work directly on fitted model objects, streamlining the diagnostic workflow and

removing the need for manual calculations or complex looping through the dataset.

When applied, the dfbetas() function generates a matrix. In this matrix, each row corresponds to

one of the 32 individual observations (the specific car models), and each column corresponds to

one of the model's coefficients (the intercept, disp, and hp). To facilitate easier analysis, sorting,

and subsequent plotting, we convert this matrix output into a standard R data frame, making it

accessible for common data manipulation techniques.

The resulting data frame clearly presents the DFBETAS score for every observation against every

coefficient. Interpreting the sign is crucial: a positive DFBETAS value signifies that deleting that

specific observation would cause the corresponding coefficient estimate to decrease (become less

positive or more negative). Conversely, a negative value indicates that the deletion would cause

the estimate to increase (become more positive or less negative). This directional information is

invaluable when interpreting the impact of an influential point.

#calculate DFBETAS for each observation in the model

dfbetas <- as.data.frame(dfbetas(model))

#display DFBETAS for each observation

dfbetas

(Intercept) disp hp

Mazda RX4 -0.1174171253 0.030760632 1.748143e-02

Mazda RX4 Wag -0.1174171253 0.030760632 1.748143e-02

Datsun 710 -0.1694989349 0.086630144 -3.332781e-05

Hornet 4 Drive 0.0577309674 0.078971334 -8.705488e-02

Hornet Sportabout -0.0204333878 0.237526523 -1.366155e-01

Valiant -0.1711908285 -0.139135639 1.829038e-01

Duster 360 -0.0312338677 -0.005356209 3.581378e-02

Merc 240D -0.0312259577 -0.010409922 2.433256e-02

Merc 230 -0.0865872595 0.016428917 2.287867e-02

Merc 280 -0.1560683502 0.078667906 -1.911180e-02

Merc 280C -0.2254489597 0.113639937 -2.760800e-02

Merc 450SE 0.0022844093 0.002966155 -2.855985e-02

Merc 450SL 0.0009062022 0.001176644 -1.132941e-02

Merc 450SLC 0.0041566755 0.005397169 -5.196706e-02

https://en.wikipedia.org/wiki/Observation
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Cadillac Fleetwood 0.0388832216 -0.134511133 7.277283e-02

Lincoln Continental 0.0483781688 -0.121146607 5.326220e-02

Chrysler Imperial -0.1645266331 0.236634429 -3.917771e-02

Fiat 128 0.5720358325 -0.181104179 -1.265475e-01

Honda Civic 0.3490872162 -0.053660545 -1.326422e-01

Toyota Corolla 0.7367058819 -0.268512348 -1.342384e-01

Toyota Corona -0.2181110386 0.101336902 5.945352e-03

Dodge Challenger -0.0270169005 -0.123610713 9.441241e-02

AMC Javelin -0.0406785103 -1.41711468 1.074514e-01

Camaro Z28 0.0390139262 0.012846225 -5.031588e-02

Pontiac Firebird -0.0549059340 0.574544346 -3.689584e-01

Fiat X1-9 0.0565157245 -0.017751582 -1.262221e-02

Porsche 914-2 0.0839169111 -0.028670987 -1.240452e-02

Lotus Europa 0.3444562478 -0.402678927 2.135224e-01

Ford Pantera L -0.1598854695 -0.094184733 2.320845e-01

Ferrari Dino -0.0343997122 0.248642444 -2.344154e-01

Maserati Bora -0.3436265545 -0.511285637 7.319066e-01

Volvo 142E -0.1784974091 0.132692956 -4.433915e-02

Establishing the Critical Threshold for Influence

While the numerical output from Step 2 provides the exact measurement of influence, interpreting

a large table of numbers can be tedious and subjective. To objectively identify points that warrant

serious attention, we must define a clear, statistical threshold for significant influence. This

threshold transforms the analysis from a qualitative review into a quantitative, actionable diagnosis.

A widely adopted rule of thumb, or heuristic, in regression diagnostics suggests flagging any

observation whose absolute DFBETAS value exceeds the calculated critical boundary. This

boundary is defined by the formula: $2 / sqrt{n}$, where $n$ is the total number of observations

utilized in fitting the linear regression model. This method scales the acceptable level of influence

based directly on the sample size.

This threshold is crucial because it standardizes the influence measure relative to the dataset size.

In smaller datasets, where individual points naturally exert more influence, the threshold will be

higher, requiring a greater shift in the coefficient to be flagged. For larger datasets, the threshold

decreases, acknowledging that a single point should have less standardized effect. If the sample

size is very large ($n > 1000$), some researchers may opt for a stricter threshold, such as $1 /

sqrt{n}$, but $2 / sqrt{n}$ remains the standard for moderate sample sizes.

Applying this rule to the mtcars dataset, which contains $n=32$ observations, we calculate the

https://en.wikipedia.org/wiki/Outlier#DFBETAS
https://en.wikipedia.org/wiki/Linear_regression
https://en.wikipedia.org/wiki/Regression_coefficient
https://statistics.arabpsychology.com/?p=11547
https://statistics.arabpsychology.com
https://statistics.arabpsychology.com


Understanding DFBETAS: A Guide to Influence Analysis in R 6

PSYCHOLOGICAL STATISTICS statistics.arabpsychology.com

precise critical value that will guide our visual interpretation. The following code calculates the

threshold, providing an objective benchmark for identifying truly influential points.

#find number of observations

n <- nrow(mtcars)

#calculate DFBETAS threshold value

thresh <- 2/sqrt(n)

thresh

0.3535534

Based on this calculation, any observation in our analysis whose absolute DFBETAS value

surpasses 0.3535534 will be designated as highly influential and flagged for necessary further

scrutiny in the final diagnostic step.

Step 3: Visualizing and Interpreting Diagnostic Results

The transition from numerical lists to graphical representation is the most effective way to complete

influence diagnostics. Visualization allows data scientists to quickly identify which specific

observations violate the established threshold and understand the direction and magnitude of their

influence on various coefficient estimates. This visual inspection drastically simplifies the process

of pinpointing problematic data points.

We leverage R's base plotting functionality to generate diagnostic plots for the coefficients of

interest (disp and hp). By plotting the DFBETAS values against the observation index, and

crucially, adding horizontal lines (using abline) corresponding to the positive and negative

threshold values, we create a clear visual boundary for influence. Points that extend beyond these

dashed lines are the ones that merit immediate investigation.

The code below sets up a multi-panel plotting region and generates the two necessary diagnostic

plots, ensuring that both the disp and hp coefficient influences are displayed side-by-side for

comparative analysis. The type='h' argument ensures a vertical line (histogram-like) plot, which

is conventional for visualizing DFBETAS.

#specify 2 rows and 1 column in plotting region

par(mfrow=c(2,1))

#plot DFBETAS for disp with threshold lines

plot(dfbetas$disp, type='h')

abline(h = thresh, lty = 2)

https://statistics.arabpsychology.com/?p=11547
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abline(h = -thresh, lty = 2)

#plot DFBETAS for hp with threshold lines

plot(dfbetas$hp, type='h')

abline(h = thresh, lty = 2)

abline(h = -thresh, lty = 2)

The resulting graphical output is displayed below:

Interpretation of the visualization confirms several highly influential points. For the disp coefficient

(top plot), we observe approximately three observations whose bars extend beyond the absolute

threshold lines (0.3535534). These specific car models, such as the AMC Javelin (index 23) and

Maserati Bora (index 31), significantly alter the estimated relationship between displacement and

MPG. Similarly, for the hp coefficient (bottom plot), two distinct observations cross the critical

boundary. These points exert the strongest leverage over the model's relationship involving

horsepower, making them crucial targets for further investigation before model finalization.
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Conclusion: Leveraging DFBETAS for Robust Modeling

The identification of highly influential observations using DFBETAS is a necessary step in

achieving robust and generalizable regression analysis. It is important to emphasize that flagging

an observation as influential does not mandate its removal from the dataset. Instead, it serves as a

powerful call to action for the data scientist to investigate the underlying reasons for the high

influence and to understand the sensitivity of their model.

The subsequent course of action depends entirely on the nature of the identified point. If the

observation is determined to be a result of a gross data entry error or mismeasurement, correction

or removal may be justified. However, if the point is a genuine, yet unusual, data point that

represents a true extreme in the population, removing it might actually distort the true underlying

relationship. In such cases, alternative strategies might be necessary, such as utilizing robust

regression methods that minimize the effect of outliers, or perhaps re-evaluating the model

specification entirely by adding interaction terms or transforming variables.

By integrating DFBETAS analysis into the standard workflow, analysts move beyond merely fitting

a model to rigorously validating its stability against individual data perturbations. This commitment

to diagnostic rigor ensures that the final parameter estimates are reliable and trustworthy. For

comprehensive model validation, DFBETAS is frequently complemented by other related influence

statistics, including Cook's Distance, DFFITS, and various measures of leverage, all contributing to

a complete picture of model robustness.

Additional Resources

How to Calculate DFFITS in R
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