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Introduction: The Critical Role of Normality in Statistical Analysis

In the demanding field of statistical analysis, numerous powerful and frequently utilized parametric
statistical tests--including t-tests, Analysis of Variance (ANOVA), and linear regression--are

founded upon a non-negotiable prerequisite: that the data characterizing the variable of interest
must be normally distributed. This requirement is far more than a mere convention; it is absolutely

fundamental because the mathematical theory underpinning these tests assumes a symmetric,
characteristic bell-shaped distribution. Ignoring or violating this core assumption can severely
compromise the integrity of any research endeavor, often resulting in inaccurate standard errors,
inflated or distorted test statistics, misleading p-values, and consequently, unreliable or flawed
conclusions regarding the research hypotheses.

Yet, researchers working with empirical, real-world observations quickly discover that data seldom
naturally conforms to the ideal, perfect normal distribution. Variables commonly exhibit significant

deviations, such as substantial positive or negative skewness (asymmetry) or high kurtosis
(excessive peakedness or flatness). When data deviates significantly from normality, the statistical
validity of parametric inferential tests is compromised. Confronted with such non-normal data
structures, veteran statisticians and data scientists routinely deploy data transformation
technigues. These methods represent a powerful and practical suite of solutions engineered to
help the observed data meet the rigorous distributional assumptions required by the most robust
statistical methodologies.

Among the various transformation techniques available, the log transformation stands out as one

of the most widely adopted and demonstrably effective strategies. It is particularly useful when
analyzing data characterized by **positive skewness**--meaning the distribution has a long,
attenuated tail extending toward the right. This technique involves calculating the logarithm of
every single data point, which mathematically compresses the larger, more spread-out values
while simultaneously expanding the smaller values. This precise mathematical manipulation
effectively pulls the distribution inward, shifting its shape significantly closer to the desired normal
distribution. This comprehensive guide will meticulously detail the necessary steps for
implementing and rigorously evaluating a log transformation using SAS, one of the industry's most
robust and widely used statistical software environments.

Understanding the Mechanics of Log Transformation

The fundamental concept behind a log transformation is remarkably simple: every single

observation (represented as x) is systematically replaced by its corresponding logarithm. While the
choice of logarithmic base is flexible, the most common choices in professional statistical practice
are the natural logarithm (base e, commonly denoted as | n(x) or | og(x) in computing
environments) or the base 10 logarithm (I og10( x) ). Mathematically, we are applying a non-linear
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function, log(x), to every observation within the variable. The resulting statistical impact of this
procedure is a substantial reduction of variability among data points that are widely dispersed,
proving exceptionally beneficial for variables defined by a long, heavy tail on the positive side of
the distribution, which is the defining characteristic of positive skewness.

This transformation proves intrinsically valuable for specific types of dataset structures. It performs

optimally for variables where the underlying relationships are hypothesized to be multiplicative
rather than additive, or for data that are inherently positive and span several orders of magnitude.
Archetypal examples of such data include financial metrics like income, epidemiological measures
such as disease incidence rates, or complex behavioral metrics like reaction times in rigorous
psychological experiments. By converting the data to a logarithmic scale, we achieve multiple
simultaneous statistical benefits: we often succeed in stabilizing the variance (a desired state
known as **homoscedasticity**), improve the assumption of linearity crucial for regression models,
and, most importantly for this specific context, achieve a frequency distribution that closely
approximates the properties of normality.

A critical and non-negotiable prerequisite for applying a standard log transformation is that the

input data must consist exclusively of strictly positive values. This limitation arises directly from the
mathematical properties of the logarithm function, which is undefined for both zero and negative
numbers. Should your dataset contain observations that are zero or negative, a direct calculation is

impossible without adjustment. The standard statistical remedy involves adding a small constant
value (known as c) to all observations before calculating the logarithm (e.g., transforming x to
log(x+c)). The selection of the constant c is typically governed by ensuring that the minimum value
of (x+c) is marginally greater than zero. For the scope of this practical tutorial and demonstration,
we will proceed under the assumption that our sample variable contains only positive values,
permitting the direct application of the logarithm function.

Initial Data Setup and Exploration in SAS

To effectively illustrate the entire procedure of log transformation, the first step is to establish a
reproducible sample dataset within the SAS environment. We will construct a dataset named
my_dat a, containing a single, continuous variable, x. This variable x is deliberately engineered to
be positively skewed, supporting our initial hypothesis that it is not normally distributed. The

following SAS code snippet details the necessary steps to both create this dataset using the
"DATA’ step and then display its contents using the standard procedure.

[*create dataset: my_data*/
data my_data,;

input x;

datalines;
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run;

[*view dataset contents*/
proc print data=my_data;

Upon the successful execution of the provided code block, the PROC PRINT statement generates
output listing every observation within our newly created ny_dat a dataset. This crucial initial step
allows for a quick, visual inspection of the raw numerical values of variable x. While this simple
inspection cannot replace formal statistical testing, it immediately provides an intuitive sense of the
data's range and concentration, confirming the presence of numerous smaller values and a few
distinctly larger values, which strongly suggests the presence of **positive skew**,
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Assessing Initial Normality with PROC UNIVARIATE

Before proceeding with any form of data manipulation, it is an absolutely indispensable step to
formally and rigorously assess the current state of normality for our variable x. Within SAS, the
PROC UNIVARIATE procedure is the guintessential tool for this task. This powerful procedure

provides a comprehensive suite of descriptive statistics, including essential measures of skewness
and kurtosis, several specialized tests for normality, and the immediate ability to generate a
histogram, which is vital for visually inspecting the distribution's shape.

The following SAS code snippet invokes PROC UNIVARIATE. We include the NORVAL option,
which is mandatory to request key statistical tests for normality, most notably the crucial Shapiro-

Wilk test. Furthermore, the H STOGRAM statement is added to produce a graphical representation,
allowing us to simultaneously evaluate the distribution both statistically and visually. This dual
analytical approach provides the most robust assessment of data assumptions possible.

[*create histogram and perform normality tests on original data*/
proc univariate data=my_data normal;

histogram x;

run;
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Upon running this code, PROC UNIVARIATE generates extensive, detailed output, but our primary
focus must be the table clearly designated as **Tests for Normality**. Specifically, we scrutinize the
results of the Shapiro-Wilk test. The decision rule for this test is standard practice: if the calculated
p-value falls below a pre-determined level of significance (conventionally set at 0.05), we are
compelled to reject the null hypothesis, concluding definitively that the data are significantly non-
normal. This statistical finding must be corroborated by the visual confirmation provided by the

generated histogram.

PSYCHOLOGICAL STATISTICS statistics.arabpsychology.com



https://documentation.sas.com/doc/en/pgmsascdc/9.4_3.5/proc/title1/n139a036s5m934n11n8p4j2v1p4p.htm
https://en.wikipedia.org/wiki/Shapiro%E2%80%93Wilk_test
https://en.wikipedia.org/wiki/P-value
https://en.wikipedia.org/wiki/Histogram
https://statistics.arabpsychology.com/?p=1587
https://statistics.arabpsychology.com
https://statistics.arabpsychology.com

Learning Log Transformations in SAS: A Step-by-Step Guide to Normalizing Data for Statistical Analysis

The UNIVARIATE Procedure

Variable: x
Moments
N 15 | Sum Weights 15
Mean 3 | Sum Observations 45
Std Deviation 2.20389266 | Variance 4.85714286
Skewness 1.43206094 = Kurtosis 0.96326857
Uncorrected SS 203 | Corrected SS 68
Coeff Variation | 73.4630887 & Std Error Mean 0.56904264
Basic Statistical Measures
Location Variability

Mean 3.000000 = Std Deviation 2.20389

Median | 2.000000 | Variance 4.85714

Mode 2.000000 @ Range 7.00000

Interquartile Range = 1.00000
Tests for Location: Mu0=0

Test Statistic p Value

Student's t t | 5272013 Pr>|t 0.0001

Sign M 75  Pr>=|M| <.0001

Signed Rank | S 60 Pr>=]8] | <.0001

Tests for Normality

Test Statistic p Value
Shapiro-Wilk W 0.772253  Pr<W 0.0017
Kolmogorov-Smirnov | D 03 Pr>D <0.0100
Cramer-von Mises W-Sq | 0.286181 @ Pr>W-Sq @ <0.0050
Anderson-Darling A-Sq | 1.512189 Pr>A-Sq | <0.0050

As is unmistakably evident from the statistical output shown above, the calculated p-value for the
Shapiro-Wilk test is extremely small (far less than the 0.05 threshold). This robust statistical

evidence forces us to reject the assumption of normality for variable x. This finding is powerfully
supported by the visual evidence provided by the generated histogram, which unambiguously
displays a pronounced right-skewed distribution, deviating dramatically from the highly desirable,
symmetric bell curve shape that defines a normal distribution.
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The UNIVARIATE Procedure
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Performing the Log Transformation in SAS

Having definitively established the non-normality of our original variable x through both statistical
testing and visual confirmation, the logical and necessary next step is to apply the corrective log
transformation. In SAS, this manipulation is most efficiently conducted within a new "DATA" step.

During this step, we instruct SAS to read the observations from our existing dataset and
simultaneously create a brand-new variable that stores the logarithmically transformed values. This
process is crucial because it ensures that the original raw data remains untouched, while creating
a new, statistically usable transformed variable ready for analysis.

The following SAS code demonstrates the creation of a new dataset named | og_dat a. Within this
"DATA" step, the SET statement retrieves observations from our source dataset, ny_dat a.
Crucially, we then define the new version of x by applying the built-in SAS function | og() to the
original variable x. It is fundamentally important to remember that the standard | og() function in
SAS calculates the **natural logarithm** (base e). If your specific analysis required a base 10
logarithm, you would instead use the |1 og10() function. For standard normalization purposes
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aimed at achieving distributional symmetry, the natural logarithm is often the preferred choice.

/*use log transformation (natural log) to create new dataset*/
data log_data;

set my_data;

x =log(x);

run;

[*view log transformed data*/
proc print data=log_data;

Following the data transformation, we execute PROC PRINT one more time to inspect the contents
of the newly generated | og_dat a dataset. This quick visual check serves as verification that the
transformation has been applied correctly to every observation. We should observe that all values
of x are now substantially smaller than their originals, representing their natural logarithms. This
confirms the successful mechanical execution of the transformation procedure before we move on
to the crucial evaluation phase of the data's distributional properties.

Obs X
1 | 0.00000
2 | 0.00000
3 | 0.00000
4  0.69315
5  0.69315
6 069315
7  0.69315
8  0.69315
9  0.69315

10 | 1.09861
11 | 1.09861
12 | 1.09861
13 1 1.79176
14 | 1.94591
15 | 2.07944
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Evaluating Normality After Transformation

The successful mechanical application of the log transformation constitutes only half of the

solution; the absolutely crucial next step is to rigorously re-evaluate the normality of our newly
transformed variable. To achieve this, we must once again employ the versatile PROC
UNIVARIATE procedure, but this time directing it to analyze the | og_dat a dataset. This
comparative analysis will generate updated normality tests and a new histogram specific to the
logarithmically scaled variable, allowing us to quantify the precise effectiveness of the
transformation.

The SAS code required for this post-transformation evaluation is structurally identical to the initial
normality check, requiring only the substitution of the dataset name to reference the transformed
observations:

[*create histogram and perform normality tests on transformed data*/
proc univariate data=log_data normal;

histogram x;

run;

Upon examining the output produced by this second run of PROC UNIVARIATE, we must

immediately return our attention to the **Tests for Normality** section. Our ultimate goal is to
observe the p-value associated with the Shapiro-Wilk test. The desirable and expected outcome is

a p-value that is now greater than our chosen significance level (0.05). Achieving this result
signifies that we lack sufficient statistical evidence to reject the null hypothesis of normal
distribution, which is the definitive indicator that the transformation has been successful in
correcting the initial non-normality and rendering the variable suitable for further parametric
analysis.
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The UNIVARIATE Procedure

Variable: x

Moments
N 15 | Sum Weights 15
Mean 0.88478874 | Sum Observations | 13.2718311
Std Deviation 0.65910349 | Variance 0.4344174
Skewness 0.44759883 = Kurtosis -0.3719325
Uncorrected 8S | 17.8246104 | Corrected SS 6.08184366
Coeff Variation | 74.4927523 Std Error Mean 0.17017979

Basic Statistical Measures

Location Variability
Mean 0.884789 @ Std Deviation 0.65910
Median @ 0.693147 | Variance 0.43442
Mode 0.693147  Range 2.07944

Interquartile Range | 0.40547

Tests for Location: Mu0=0

Test Statistic p Value

Student's t t 5199141  Pr>|t 0.0001
Sign M 6 Pr>=|M| 0.0005
Signed Rank | S 39  Pr>=|5] 0.0005

Tests for Normality

Test Statistic p Value

Shapiro-Wilk w 0.890891 Pr<W 0.0692
Kolmogorov-Smirnov | D 0.214383 Pr>D 0.0630
Cramer-von Mises W-Sq | 0.127487 Pr>W-Sq | 0.0435
Anderson-Darling A-Sq | 0.718565 Pr>A-Sq | 0.0480

The results confirm a significant statistical success: the p-value for the Shapiro-Wilk test applied to

the transformed data is now substantially greater than 0.05 (as clearly indicated in the output). This
statistical finding signals a marked and quantifiable improvement in the distribution's adherence to
normality. This statistical triumph is further and compellingly corroborated by the accompanying
histogram for the transformed data, which now visually presents a distribution that is far more
symmetric and exhibits the characteristic bell-shape, especially when contrasted with the severely
skewed appearance of the original variable.
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The UNIVARIATE Procedure
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Based on the converging evidence--the statistically non-significant result from the Shapiro-Wilk test

and the visual symmetry displayed in the histogram--we can confidently conclude that the log
transformation successfully yielded a variable that is significantly closer to being normally

distributed than the original variable. This newly normalized, transformed variable is now
statistically suitable for inclusion in subsequent parametric statistical tests that require the

assumption of normality.

Conclusion and Further Considerations

The log transformation represents an exceptionally valuable and essential method in the
statistician's arsenal, proving particularly effective for correcting positively skewed data
distributions and simultaneously addressing problematic issues of **heteroscedasticity** (unequal
variance). As meticulously demonstrated throughout this guide, its implementation within the SAS
software environment is highly efficient, and its ability to drastically improve the distributional
properties of a variable is often profound. By successfully achieving a more normally distributed
variable, researchers gain the necessary statistical confidence to proceed with parametric
statistical tests, thereby ensuring greater validity and reliability in their analytic findings and

conclusions.
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Despite its immense utility, it is crucial to recognize that the log transformation is not a universal
solution applicable in all scenarios. It inherently introduces a layer of complexity regarding
interpretation: the conclusions derived from models developed using transformed data must be
carefully contextualized, as they strictly refer to the logarithmic scale, not the original, raw units of
measurement. Furthermore, researchers must always handle data containing zero or negative
values with utmost caution, as a direct logarithmic calculation is mathematically impossible. This
scenario necessitates the exploration of alternative strategies, such as the initial addition of a
constant (as previously discussed), or the testing of other transformation techniques like the
square root, inverse, or the more flexible **Box-Cox transformation** family, depending entirely on
the specific characteristics and underlying theory of the data.

Ultimately, the decision to transform data should always be a thoughtful, data-driven step rooted
firmly in the context of the data and any underlying theoretical reasons for its observed distribution.
Any data transformation must be followed by a rigorous, iterative re-assessment of all statistical
assumptions, covering both formal statistical tests and visual inspection. This commitment to
thoroughness ensures that your subsequent statistical analyses are robust, defensible, and that
your final research conclusions are scientifically reliable and trustworthy.

Additional Resources for SAS Proficiency

For professionals and students aiming to expand their SAS proficiency and master advanced data
preparation techniques, the following list outlines tutorials for performing other common and
essential data manipulation tasks:

Exploring the use of the Box-Cox transformation for different types of non-normal data.
How to handle missing data imputation techniques in SAS DATA steps.
Implementing the square root transformation for count data analysis.

Advanced techniques for stabilizing variance using the inverse transformation.
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