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For decades, linear regression has served as the bedrock of statistical modeling, offering a

powerful framework for examining the relationship between a set of predictor variables and a

designated response variable. The fundamental goal of this classical technique is to model the

conditional mean of the outcome, providing crucial insight into the average effect of the

independent variables across the entire dataset. While highly effective for understanding central

tendencies, relying solely on the mean assumes that the relationship between variables is uniform

across the distribution, which is often an oversimplification in complex real-world data.

However, the limitations of focusing only on the mean become apparent when data exhibits

heterogeneity. In many practical applications--ranging from economics to medicine--the influence

of a predictor does not remain constant; it might affect lower values of the response variable

differently than higher values. For instance, the impact of a new policy on income might be

negligible for the richest segment of the population but highly significant for the poorest.

Furthermore, standard linear regression is notoriously sensitive to asymmetry, conditional

skewness, and the presence of extreme observations or outliers, which can heavily skew the

estimated mean and lead to misleading conclusions about the underlying data patterns.

These challenges highlight the need for analytical methods that move beyond the conditional

mean. When the goal is to capture the full complexity of distributional effects, especially in non-

normal or heteroscedastic datasets, alternative methodologies are required. This shift in focus,

from modeling the average to modeling specific points along the distribution, paves the way for a

more granular and robust perspective on how covariates influence the outcome--a perspective

uniquely provided by Quantile Regression.

What is Quantile Regression?

Quantile regression is a sophisticated statistical technique that offers a powerful alternative to

traditional mean-based linear regression. Instead of modeling only the conditional mean, this

approach allows researchers to estimate the effect of predictor variables on various quantile

points (or percentile points) of the response variable distribution. Pioneered by Roger Koenker

and Gilbert Bassett in 1978, quantile regression provides a comprehensive, distribution-wide

understanding of relationships within complex data structures.

The core advantage of Quantile regression lies in its flexibility: it enables us to estimate

parameter effects for any percentile of interest, such as the 10th, the 50th (which represents the

conditional median), the 90th, or any point in between. This capability is invaluable when dealing

with conditional distributions that are non-normal, asymmetric, or exhibit varying levels of spread

across different predictor values (heteroscedasticity). By examining different quantiles, we can

effectively detect heterogeneous effects--where the magnitude or even direction of a covariate's

impact changes depending on where the outcome falls in its distribution.
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Consider a practical example: analyzing the factors influencing housing prices. Traditional

regression might tell us the average effect of square footage. However, Quantile regression can

separately analyze how square footage affects the lowest 25% of property values versus the

highest 25%. Furthermore, this methodology possesses strong resilience against outliers in the

response variable and avoids making strict assumptions about the distributional form of the error

terms, granting it significant versatility and robustness in applied statistical modeling.

Implementing Quantile Regression with PROC QUANTREG in SAS

The SAS statistical software suite, a standard tool in analytical and corporate environments,

facilitates Quantile regression through a dedicated procedure: PROC QUANTREG. This

procedure is specifically engineered to fit linear models for conditional quantiles of a response

variable, enabling analysts to investigate relationships that extend well beyond the simple

conditional mean estimated by standard procedures like PROC REG or PROC GLM.

The structure and syntax for utilizing PROC QUANTREG are designed for ease of use, mirroring

other common SAS modeling routines. The primary structure requires users to define the

response variable and all predictor variables within the essential MODEL statement. However,

the unique and critical component is the QUANTILE option. This addition allows the user to specify

one or multiple quantiles (tau values, ranging from 0 to 1) for which the regression coefficients

should be estimated, defining the specific distributional slices of interest.

To illustrate, if an analyst wishes to estimate the conditional median (the 50th percentile) and the

upper boundary (the 95th percentile), the MODEL statement would incorporate the / QUANTILE =

0.5 0.95 option. This flexibility is key to performing tailored analysis, empowering users to test

specific hypotheses about how the effects of predictor variables might vary at different levels of

the outcome, thereby providing a much deeper understanding than a single conditional mean

estimate.

Practical Example: Performing Quantile Regression in SAS

To solidify the understanding of Quantile regression implementation, we will walk through a

practical scenario using SAS. Our objective is to analyze the relationship between the time

students spend studying (hours) and their resulting exam scores (score). We hypothesize that the

benefit of additional study hours may be more pronounced, or structured differently, for high-

achieving students compared to those at the lower end of the performance spectrum. This variance

suggests that modeling the conditional mean alone would fail to capture the full story.

Preparing the Data

https://en.wikipedia.org/wiki/Quantile_regression
https://en.wikipedia.org/wiki/Outlier
https://en.wikipedia.org/wiki/Statistical_model
https://www.sas.com/en_us/software/sas-viya.html
https://en.wikipedia.org/wiki/Quantile_regression
https://documentation.sas.com/doc/en/pgmsascdc/9.4_3.5/statug/statug_quantreg_toc.htm
https://en.wikipedia.org/wiki/Quantile
https://documentation.sas.com/doc/en/pgmsascdc/9.4_3.5/statug/statug_quantreg_toc.htm
https://www.sas.com/en_us/software/sas-viya.html
https://en.wikipedia.org/wiki/Dependent_and_independent_variables#Independent_variable
https://en.wikipedia.org/wiki/Quantile
https://en.wikipedia.org/wiki/Percentile
https://en.wikipedia.org/wiki/Quantile_regression
https://www.sas.com/en_us/software/sas-viya.html
https://statistics.arabpsychology.com/?p=3592
https://statistics.arabpsychology.com
https://statistics.arabpsychology.com


Learning Quantile Regression with SAS: A Comprehensive Guide 4

PSYCHOLOGICAL STATISTICS statistics.arabpsychology.com

The initial step involves structuring the data within a SAS environment. We must create a dataset,

here named original_data, which contains our two crucial variables: hours serving as the

predictor variable and score as the response variable. The following SAS code snippet outlines

the necessary steps to input the sample data and subsequently verify its successful loading and

structure using PROC PRINT.

/*create dataset*/

data original_data;

input hours score;

datalines;

1 75

1 79

2 78

2 83

2 85

3 84

3 84

3 89

4 93

4 88

4 79

4 94

5 96

5 98

;

run;

/*view dataset*/

proc print data=original_data;
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Verification through PROC PRINT is a standard and essential practice in SAS programming. This

step ensures that the variables and observations have been correctly read into the system,

confirming the data integrity before proceeding to the computationally intensive statistical modeling

procedures. Once the dataset is verified, we are ready to proceed with the core analysis.

Fitting the Quantile Regression Model

Having prepared the data, we now proceed to fit the Quantile regression model. For this specific

analysis, we are primarily interested in the 90th percentile (or tau = 0.9) of exam scores, which

allows us to focus exclusively on the relationship between study hours and performance among the

top 10% of students. This choice illustrates how the model can provide insights specific to high-

performing segments. The following SAS code executes the necessary procedure using PROC

QUANTREG:

/*perform quantile regression*/

proc quantreg data=original_data;

model score = hours / quantile = 0.9;

run;

The syntax is explicit: PROC QUANTREG is called upon the original_data. The MODEL
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statement establishes score as the dependent (response variable) and hours as the

independent (predictor variable). The critical / QUANTILE = 0.9 directive mandates that SAS

calculate the estimated coefficients specifically for the 90th percentile of the conditional

distribution of exam scores. The resulting output will contain the necessary statistics to interpret the

effect of study hours at this high performance level.

Interpreting the Output

After running the PROC QUANTREG statement, SAS delivers a detailed output table, providing

the estimated parameters for the specified quantile. By examining the coefficients table (often

labeled "Parameter Estimates"), we can construct the specific regression equation tailored for the
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90th percentile of exam scores. Based on the coefficients derived from this model run, the

estimated equation is:

90th percentile of exam score = 76 + 4.5(hours)

This result carries a specific interpretation distinct from linear regression. The coefficient 4.5

indicates that for every unit increase in study hours, the predicted 90th percentile score is

expected to increase by 4.5 points. The intercept of 76 represents the estimated 90th percentile

score for a hypothetical student who studies zero hours. It is vital to remember that these estimates

pertain only to the upper tail of the score distribution.

To further illuminate this interpretation, let us use the equation to calculate the expected 90th

percentile score for students who dedicate 2 hours to studying:

90th percentile of exam score = 76 + 4.5 * (2) = 76 + 9 = 85.

The calculated value of 85 signifies that, among all students who study for 2 hours, we expect 90%

of them to score 85 or below. Conversely, only 10% of those students are expected to achieve a

score exceeding 85. This probabilistic interpretation centered around the specific quantile is the

fundamental difference compared to a conditional mean estimate derived from standard linear

regression.
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Unlike a typical linear regression model that fits a line through the mean value of the response

variable for each value of the predictor variable, the Quantile regression model fits a line

specifically optimized to pass through the 90th percentile of scores for every level of study hours.

This provides highly tailored insight into the performance characteristics of high-achieving

students, allowing analysts to understand factors driving success at the extreme ends of the

distribution.

Advantages and Considerations of Quantile Regression

When compared to modeling techniques like Ordinary Least Squares (OLS) regression, which

focuses strictly on the conditional mean, Quantile regression offers significant statistical

advantages. Foremost among these is its capacity to deliver a complete distributional portrait of the

relationship between variables. By estimating coefficients across multiple quantiles, it allows for

the clear identification of heterogeneous effects--a situation where the impact of a predictor

variable varies substantially depending on the magnitude of the response variable. OLS,

constrained by its mean-based approach, is structurally incapable of detecting such distributional

nuances.

A second critical benefit is the inherent robustness of Quantile regression to outliers within the
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response variable. While OLS minimizes the sum of squared residuals (making it highly

susceptible to extreme values), Quantile regression minimizes a sum of asymmetrically weighted

absolute residuals. This computational approach ensures that extreme scores have a far less

disproportionate influence on the estimated coefficients. Furthermore, this method is distribution-

free concerning the error terms, requiring only the assumption of independence, which significantly

broadens its applicability to various data types, especially those with heavy tails or severe

skewness.

Despite these compelling advantages, analysts must be aware of certain considerations.

Interpreting Quantile regression coefficients requires a slight paradigm shift; they represent

changes in the conditional quantile rather than the conditional mean, which can initially be less

intuitive for those primarily trained in mean-based linear regression. Additionally, the

computational requirements for Quantile regression can be higher than those for OLS. However,

these minor drawbacks are often overshadowed by the richer, distribution-specific insights

provided by the model.

Conclusion

Quantile regression, implemented efficiently in SAS via PROC QUANTREG, establishes a

powerful and flexible methodology for conducting in-depth statistical analysis that extends beyond

the average outcome. By enabling researchers to precisely model how predictor variables

influence specific quantiles of the response variable, it becomes possible to uncover nuanced

and heterogeneous effects that are systematically hidden when using traditional linear

regression techniques. This distribution-aware approach delivers a more complete and robust

framework for statistical modeling.

The practical example demonstrated the straightforward implementation of Quantile regression in

SAS and clarified how to interpret its resulting coefficients. By embracing this approach, analysts

gain actionable insights into complex phenomena, especially in fields where the effects of

covariates are known not to be constant across all levels of the response variable distribution.

Integrating Quantile regression into your analytical toolkit will significantly enhance the depth,

accuracy, and comprehensiveness of your statistical findings.

Further Learning Resources

To deepen your expertise in advanced analytical methods and the capabilities of SAS, consider

exploring tutorials and documentation covering related statistical procedures. These resources

provide essential guidance for mastering complex analytical techniques:

Explore the official SAS documentation for detailed information on PROC QUANTREG syntax and

advanced options, including bootstrap inference and model diagnostics.
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Study tutorials on generalized linear models (GLMs) in SAS to understand the foundation of many

distributional modeling approaches.

Investigate comparative analyses of Quantile regression versus Ordinary Least Squares (OLS)

regression to better understand model selection criteria based on data characteristics.

For those interested in exploring diverse analytical methods, including tasks performed in R, these

tutorials offer valuable insights:

Tutorials focusing on robust regression methods in various software packages.

Guidance on handling heteroscedasticity and non-normal error distributions in statistical modeling.
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