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Impulse Response Functions (IRFs) are fundamental tools in time series analysis, particularly in the
context of Vector Autoregression (VAR) models. They help researchers and analysts understand how
a shock to one variable affects other variables in a system over time. Drawing IRFs in R requires
specific coding strategies, utilizing dedicated packages and functions designed for this purpose. This
article provides a comprehensive guide to the code used to generate and visualize impulse response
functions in R, covering essential concepts, step-by-step instructions, and best practices.

Understanding Impulse Response Functions (IRFs) in R

What Are Impulse Response Functions?

Impulse Response Functions illustrate the dynamic effect of a one-time shock to a variable within a
multivariate time series system, such as a VAR model. They reveal how the shock propagates
through the system, influencing other variables over subsequent periods.

Importance of IRFs in Time Series Analysis

- Understanding Variable Interactions: IRFs help analyze the interdependencies among variables.

- Forecasting and Policy Analysis: They assist in evaluating the impact of policy changes or external
shocks.

- Model Validation: IRFs serve as diagnostic tools to assess the stability and adequacy of models.

Prerequisites for Drawing IRFs in R

Before diving into coding, ensure you have the necessary R packages installed and data prepared.

Essential R Packages

- vars: The primary package for VAR modeling and IRF analysis.
- tsibble and forecast (optional): For data manipulation and visualization.
- ggplot2: For enhanced plotting capabilities.

You can install these packages using:



.
install.packages(c("vars", "ggplot2"))

Data Preparation

- Ensure your data is in a suitable time series format, such as a data frame or matrix.
- Data should be stationary; perform differencing or transformation if necessary.
- Set appropriate time indices.

Building a VAR Model in R

Step 1: Load Data and Packages

r
library(vars)
library(ggplot2)

Example: Load sample dataset
data(Canada)
head(Canada)

Step 2: Check Stationarity

Use tests like Augmented Dickey-Fuller (ADF) to confirm stationarity.
o p

library(tseries)

adf.test(Canadase)

adf.test(Canada$prod)

If non-stationary, consider differencing

Step 3: Select Optimal Lag Length

r
lag selection <- VARselect(Canada, lag.max = 10, type = "const")
best lag <- lag selection$selection["AIC(n)"]

print(best lag)



Step 4: Fit the VAR Model

r
var model <- VAR(Canada, p = best lag, type = "const")
summary(var model)

Drawing Impulse Response Functions in R

Step 1: Generate IRFs

r
Generate IRFs over a specified horizon, e.g., 10 periods
irf results <- irf(var model, impulse = "e", response = "prod", n.ahead = 10, boot = TRUE)

- impulse: The variable receiving the shock.

- response: The variable being affected.

- n.ahead: Number of periods to forecast.

- boot: Whether to compute bootstrap confidence intervals.

Step 2: Plotting IRFs

r
Basic plot
plot(irf results)

Step 3: Customizing IRF Plots

For more control, extract IRF data and use ggplot2:
S p

library(ggplot2)

Extract IRF data
irf data <- irf results$irf[[1]] First response

Convert to data frame for ggplot2

irf df <- data.frame(

period = 1:nrow(irf data),

response e = irf data[, "prod"],

lower = irf results$Lower[[1]][, "prod"],
upper = irf results$Upper[[1]][, "prod"]
)



Plot with confidence intervals

ggplot(irf df, aes(x = period, y = response e)) +

geom line(color = "blue") +

geom ribbon(aes(ymin = lower, ymax = upper), alpha = 0.2) +
labs(title = "Impulse Response of '‘prod' to Shock in 'e"",

x = "Periods",

y = "Response") +

theme minimal()

Additional Tips for Drawing IRFs in R

Multiple Responses and Impulses

- To visualize responses of multiple variables, loop through responses or specify multiple responses
in "response’.
- Similarly, analyze effects of shocks to different variables by changing the "impulse’ argument.

Bootstrap Confidence Intervals

- Set “boot = TRUE" in "irf()" for bootstrap-based confidence intervals, which provide statistical
significance measures.

Forecast Error Variance Decomposition (FEVD)

- Complement IRFs with FEVD to understand the proportion of variance explained by shocks.
e p

fevd results <- fevd(var model, n.ahead = 10)

plot(fevd results)

Handling Non-Stationary Data

- Use differencing or transformation before modeling.
- Consider cointegration tests if variables are integrated but cointegrated.

Best Practices for IRF Analysis in R

- Model Diagnostics: Check residuals for autocorrelation and heteroskedasticity.
- Lag Selection: Use information criteria (AIC, BIC) for optimal lag length.



- Number of Simulations: Increase bootstrap iterations for robust confidence intervals.
- Number of Periods: Choose horizon length based on the context of analysis.
- Visualization: Use clear, customized plots for better interpretation.

Conclusion

Drawing Impulse Response Functions in R involves a structured process starting from data
preparation, model fitting, and visualization. The "vars' package provides comprehensive functions
to generate IRFs, with straightforward plotting capabilities or advanced visualization through
“ggplot2”. By adhering to best practices—such as selecting appropriate lags, ensuring stationarity,
and interpreting confidence intervals—you can effectively leverage IRFs to analyze dynamic
relationships in multivariate time series data.

Understanding and implementing this code allows analysts, researchers, and policymakers to gain
deeper insights into the temporal effects of shocks within complex systems. Whether for academic
research or practical decision-making, mastering IRF plotting in R equips you with a powerful
analytical tool.
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Frequently Asked Questions

Which R package is commonly used to draw Impulse Response
Functions (IRFs)?

The 'vars' package is widely used in R to estimate VAR models and plot IRFs.

How do you specify the IRF in R using the 'vars' package?

You use the 'irf()' function from the 'vars' package after fitting a VAR model to generate IRFs.

What is the basic code structure to draw an IRF in R with the
'vars' package?

First fit a VAR model with 'VAR()', then use 'irf()' to specify the response and shock variables, e.g.,
irf result <- irf(var model, impulse="'variablel’, response="'variable2')

Can base R functions be used to plot IRFs directly?

No, plotting IRFs typically requires specialized functions from packages like 'vars' or 'forecast'.



What parameters are essential in the 'irf()' function for
drawing IRFs?

Key parameters include 'model’ (the fitted VAR), 'impulse' (shock variable), 'response' (response
variable), and 'n.ahead' (number of periods ahead).

Is it possible to customize IRF plots in R after generating
them?

Yes, IRF plots can be customized using base R plotting functions or ggplot2 for enhanced
visualization.

Are there other R packages besides 'vars' for plotting IRFs?

Yes, packages like 'forecast’, 'tsDyn', or 'MTS' can also be used for time series analysis and IRF
visualization.

What is the typical workflow to draw IRFs in R?

Fit a VAR model using 'VAR()', then generate IRFs with 'irf()', and finally plot or customize the IRF
output as needed.

How do you interpret the impulse response function in R?

IRFs show how a shock to one variable affects other variables over time, helping understand
dynamic relationships.

Are confidence intervals available when plotting IRFs in R?

Yes, the 'irf()' function in 'vars' can produce confidence intervals, which can be added to the plot for
uncertainty assessment.

Additional Resources

Impulse Response Functions (IRFs) are fundamental tools in time series econometrics,
particularly within the framework of Vector Autoregressions (VARs). They enable analysts and
researchers to understand how a shock to one variable propagates through a system of
interconnected variables over time. In the realm of R programming, various packages and functions
facilitate the estimation and visualization of IRFs, with the goal of providing insights into dynamic
relationships within multivariate data. This comprehensive review explores the question: Which code
is used to draw Impulse Response Functions models in R? by examining the key packages, their
functionalities, and practical implementation strategies.

Understanding Impulse Response Functions



Before delving into the programming aspects, it is essential to grasp the conceptual foundation of
IRFs. An IRF traces the effect of a one-time shock to one variable in a VAR system on the current
and future values of all variables included in the model. It essentially provides a dynamic forecast of
how variables respond over time, offering critical insights into causal relationships and the stability
of economic or financial systems.

Why Use IRFs?

- Policy Analysis: To evaluate the impact of policy shocks on macroeconomic variables.
- System Dynamics: To understand the propagation mechanisms within interconnected systems.
- Forecasting and Scenario Planning: To simulate potential future states based on shocks.

The R Ecosystem for Drawing IRFs

R offers a rich ecosystem for conducting VAR analysis and plotting IRFs, primarily through
specialized packages. The most prominent among these are:

- vars: The foundational package for VAR modeling.

- MTS: Offers tools for multivariate time series analysis.

- urca: For unit root and cointegration testing, often pre-requisite steps.
- forecast: For time series forecasting, sometimes used in conjunction.

- tsDyn: For nonlinear and threshold VAR models.

- BVAR: For Bayesian VAR models.

- IRFtools & irfplot: For specific IRF analysis and visualization.

The core package that is widely used for IRF estimation and plotting is vars, owing to its
comprehensive functionality and user-friendly interface.

Estimating the VAR Model in R

Before drawing IRFs, the first step is to estimate the VAR model. The vars package provides the
"VAR()" function for this purpose.

Example of VAR Model Estimation

o
library(vars)

Assuming 'data’ is a multivariate time series data frame or matrix

model <- VAR(data, p = 2, type = "const")

Here, 'p’ indicates the number of lags included, and "type" specifies the deterministic components
such as constant or trend.



Generating and Plotting Impulse Response Functions

Once the VAR model is estimated, the next step is to generate IRFs. The vars package provides the
“irf()" function to compute IRFs.

Using "irf()" Function
o

irf result <- irf(model, impulse = "Variablel", response = "Variable2", n.ahead = 10, boot = TRUE)

- impulse: The variable receiving the shock.

- response: The variable to observe in response.

- n.ahead: Number of periods ahead to forecast.

- boot: Whether to use bootstrap methods for confidence intervals.

Plotting IRFs

The "irf()" function returns an object that can be directly plotted:
.

plot(irf result)

This generates a graph illustrating the response of the selected variable to a shock in the impulse
variable over the specified horizon.

Advanced IRF Visualization Techniques

While the default plot provides essential information, researchers often need advanced visualization
options for better interpretation.

Customizing IRF Plots
- Multiple Responses and Impulses:
o
irf multi <- irf(model, impulse = c("Variablel", "Variable2"),
response = c("Variablel", "Variable2"),
n.ahead = 20, boot = TRUE)
plot(irf multi)
- Confidence Bands: The bootstrap option adds confidence intervals, which are crucial for statistical

inference.

Using "plot()" Parameters



.
plot(irf result, ylab = "Response”, main = "Impulse Response Function", ci = 0.95)

This allows customization of axes labels, titles, and confidence intervals.

Alternative Packages and Methods for Drawing IRFs in R

While vars is the most widely used, other packages and methods can be employed for IRF analysis.
1. tsDyn Package

Provides functions for nonlinear VAR models and IRFs:

o
library(tsDyn)

Fit a threshold VAR

model th <-lineVar(data, lag = 2)

irf th <-irf(model th, impulse = "Variablel", response = "Variable2", n.ahead = 10)
plot(irf th)

2. BVAR Package

For Bayesian VAR models that incorporate prior information:

“p
library(BVAR)

model bvar <- bvar(data, nlag = 2)

irf bvar <- irf(model bvar, impulse = "Variablel", response = "Variable2", n.ahead = 10)
plot(irf bvar)

3. irfplot Package

Provides enhanced IRF visualization features:

“r
library(irfplot)

Assuming you have an IRF object
irf plot(irf result)

Practical Considerations in IRF Analysis



Identification Schemes

- Cholesky Decomposition: The default in "vars’, assumes a recursive ordering.
- Structural VAR (SVAR): Allows for more flexible identification, involving additional restrictions.

Bootstrap Confidence Intervals

Bootstrapping is essential for assessing the statistical significance of IRFs. The "boot = TRUE"
argument in "irf()" performs this process.

Number of Lags and Horizon Selection

Choosing the appropriate lag length ('p") and forecast horizon (‘n.ahead") is critical. Model
selection criteria such as AIC or BIC guide lag selection.

Example: Complete IRF Workflow in R

“r
Load necessary packages
library(vars)

Load sample data
data(Canada) Built-in dataset in vars package

Step 1: Fit VAR model
p <- VARselect(Canada, lag.max = 10)$selection["AIC(n)"]
model <- VAR(Canada, p = p, type = "const")

Step 2: Generate IRFs
irf res <- irf(model, impulse = "prod", response = "e", n.ahead = 20, boot = TRUE)

Step 3: Plot IRFs
plot(irf res, main = "Impulse Response of Employment to Productivity Shock")

This workflow demonstrates estimation, IRF computation with bootstrap confidence intervals, and
visualization, encapsulating best practices.

Conclusion

Which code is used to draw Impulse Response Functions model in R? The answer hinges on the
primary tools available within the R environment. The most straightforward and widely adopted
approach involves the vars package, employing the "irf()" function to compute IRFs followed by
“plot()” for visualization. This combination offers flexibility, statistical rigor (via bootstrapping), and
ease of use.

For advanced analyses, alternative packages such as tsDyn, BVAR, and irfplot extend IRF



capabilities, providing options for nonlinear models, Bayesian inference, and enhanced
visualizations. The choice of code depends on the specific research context, data characteristics, and
the analytical rigor required.

In summary, a typical IRF drawing process in R involves:

1. Estimating a VAR model with "VAR()".
2. Computing IRFs with "irf()".
3. Visualizing IRFs with "plot()".

This modular approach underscores R’s strength as a comprehensive tool for time series analysis,
enabling researchers to explore dynamic relationships in multivariate data effectively.
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