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Analysis of Messy Data
Abstract
Raw data collected through surveys, experiments, coding of textual artifacts or
other quantitative means may not meet the assumptions upon which statistical
analyses rely. The presence of univariate or multivariate outliers, skewness or
kurtosis in a distribution, and heteroscedasticity or multicollinearity among
variables may compromise data analysis. Scholars have devised a variety of
techniques to discern and address such problems.
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STATISTICAL analyses rely on some assumptions about the distribution of
observations in a data set as well as the relationships among the variables being
studied. If the raw data is “messy” and does not meet one or more of such
assumptions, the reliability of the analyses and the generalizability of the results
comes in doubt. It is necessary, therefore, to check for messy data, identify the
ways in which sample distributions and variable relations violate basic
assumptions, and take ameliorative measures. Detecting and dealing with
messy data is the very first step of a quantitative research project after data
collection – conducted before analyses meant to address the objectives of the
research are carried out.
The presence of univariate or multivariate outliers, skewness or kurtosis in a
distribution, and heteroscedasticity or multicollinearity among variables are all
examples of messy data. Scholars have outlined mathematical techniques to
detect such problems in a data set, determine the extent to which they could
compromise analysis, as well as methods to address these issues.
Outliers
Data samples often have a few observations with extreme values on one
variable, or with an irregular combination of values on two or more variables.
Such observations are called outlying observations, or outliers, as they lie outside
the normal distribution of the sample. While outliers represent “uncommon”
cases in a sample, finding outliers is quite common and most medium- to largesized randomized samples will have a few outliers. However, as statistical
analyses typically assume a normal distribution of observations, the presence of
outliers can potentially lead to erroneous interpretations and false
generalizations (Bradley, 1982).
Outliers can creep into a data set in a number of ways. Mistakes in data
entry, failure to specify missing value codes, or errors in experimentation or
instrumentation can lead to the presence of outlying observations. Therefore,
every outlier should be checked carefully to ensure that data has been entered
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correctly, that missing values, if any, have been imputed properly, and that the
instruments and procedures of experimentation worked as they were supposed
to. A second reason could be that the outlier does not belong to the sampled
population. Such an observation may simply be excluded from the sample.
Finally, outliers may be present in a sample because the population does
indeed have cases with extreme values or combination of values on some
variables.
While there are no strict mathematical rules for classifying particular
observations as outliers, they have been viewed as a problem since the mid-18th
century (Dodge, 2008). Early studies on identifying and dealing with outliers
include the works of Adrien M. Legendre, Benjamin Peirce, and George B. Airy in
the early to mid-19th century (see Stigler, 1973). Scholars follow certain norms for
identifying outliers, which depend on the type of data a sample has and the
type of outlier.
Univariate Outliers
Univariate outliers are observations that register extreme values on one variable
when compared with the rest of the sample. For example, in a sample of 50
elementary school students, if all students are aged five to 12 except one who is
aged 17, then the oldest student may be considered an outlier on the age
variable. As age is measured here in terms of open-ended consecutive
numbers, this is also an example of univariate outlier in continuous variables.
Mathematically, in a sample of n observations of variable X such that x1 < x2 < x3
< … < xn, the biggest observation of xn may be deemed an outlier if its value is
exceptionally higher than all other values. As a rule of thumb, outliers in
continuous variables are cases with large standardized scores, or z-scores –
typically in excess of 3.29 (Tabachnick & Fidell, 2013). Graphical methods such
as histograms and normal probability plots may also be used to identify outliers.
Univariate outliers may also be present in categorical variables, that is if
the data is coded into two (dichotomous) or more categories. If the frequency
of distribution among the categories is highly skewed and there are very few
observations in a particular category, then those observations may be
considered outliers. In the example presented above, if age is measured in
categories of 0-4, 5-10, 11-15 and 16-20 years, we will again identify the same
student as the outlier as all other students would fall in the second and third
categories. For dichotomous variables, a 90:10 split in the number of cases
generally implies that the smaller group is comprised of outliers.
Scholars have recommended several ways of dealing with univariate
outliers, depending on why they occur as well as the purposes of the data
analysis. The most basic is to make sure there were no mistakes in data entry, no
errors in experimentation or instrumentation, and that missing value codes were
imputed properly. Next, the researcher needs to consider if the outlying cases
are indeed from the sampled population. If they are not, they can simply be
deleted. Third, the researcher should check if most of the outliers are occurring
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on a single variable. If that is the case, one may consider eliminating the
variable, especially if it is not vital to the analysis or is highly correlated with other
variables.
If the outlying cases or the responsible variable(s) cannot be eliminated,
the researcher should take steps to reduce their impact. There are two strategies
to achieve this. The first is through variable transformation, or using a statistical
technique that brings the shape of the distribution closer to normal. Several
techniques may be used for variable transformation, depending on how
different the sample is compared with normal distribution. A square root
transformation is appropriate for a moderately different distribution. If the
sample is substantially different from normal, logarithmic transformation may be
tried. For severely different distributions, an inverse transformation is required (see
Box and Cox, 1964; Bradley, 1982). All these techniques will bring the outlying
observations closer to the mean, thus reducing their impact. A second strategy
for reducing the impact of univariate outliers is altering the scores of outlying
observations so that they are no longer as deviant. Tabachnick & Fidell (2013)
suggest assigning a raw score a unit larger or smaller than the next most extreme
score.
Multivariate Outliers
Some cases are outliers not because their values on a particular variable are far
from normal but because their combination of values on two or more variables
is unusual. In the sample mentioned above, suppose all students – after
excluding the univariate outlier – are also measured for height and the range is
found to be 40-60 inches. In this sample, all observations with age 6 will
seemingly be normal, as will be all observations with a height of 58 inches.
However, as younger students would likely be shorter and older students taller, if
we find that a case that has both an age of 6 and a height of 58 inches, then
that may be an outlier – a student who is too tall for his age.
Mahalanobis distance, a measure of how far an observation is from the
intersection of the means of all variables in multivariate space, is commonly
used to identify such outliers. It conceptually replicates the idea of z-scores in
multivariate space. Each observation in the data set occupies a unique position
in multivariate space by virtue of its unique combination of values on all
variables. Typically, the observations cloud around the centroid, or the
intersection of means of all variables. A multivariate outlier would occupy a
point outside the cloud and can be distinguished using Mahalanobis distance.
For an observation xi = (x1, x2, x3, … , xn)T in a sample with a mean of mi = (m1, m2,
m3, … , mn)T and covariance matrix S, the Mahalanobis distance is measured as
MD(xi) = [(xi – mi)T S-1 (xi – mi)]1/2
The Mahalanobis distance gives lower weight to groups of highly
correlated variables as well as to variables with large variances. The square of
Mahalanobis distance corresponds to a chi-square distribution with the same
degrees of freedom as the number of variables in the data set. A conservative
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significance test of a case being an outlier – p<.001 for the X2 value – is therefore
appropriate with Mahalanobis distance (Tabachnick & Fidell, 2013).
Variable transformations or score alteration of outliers may be used to
reduce the impact of multivariate outliers on statistical analyses, just as they are
with univariate outliers. If a few outliers are still left after transformations or
alterations, they may be deleted.
Non-normality
When observations for a random variable are normally distributed, as
represented by the Bell curve, the mean and the median of the distribution
converge and the frequency of observations across the distribution follow an
expected pattern. But distributions could be distorted in a number of ways. The
mean may diverge from the median, or the frequency of observations could be
higher than expected closer to the mean or in the tails. Depending on the
sample size, these distortions may affect statistical analyses and their
interpretation.
Skewness
Skewness pertains to the horizontal symmetry of a distribution. Conceptually, it
measures discrepancies in the values of observations in a distribution compared
with a normal distribution. A skewed variable’s mean does not coincide with its
median. When a distribution has some observations with values that are quite
high, the right tale of the Bell curve becomes longer. For instance, the values 3,
5, 5, 5, 7 represent a fairly normal distribution with both the mean and the
median being 5. If we add another observation of 11 to the distribution, it will
elongate the right tail of the curve. This is known as a positive skew. Conversely,
when a distribution has some observations with values that are quite low, it is the
left tale of the Bell curve that is elongated – constituting a negative skew. An
often-followed rule of thumb for differentiating between the two kinds of
skewness is that the mean lies to the right of the median in a positive skew, and
to the left in a negative skew.
Skewness is zero for a normal distribution. Positive skewness is a lot more
common because the lowest value of many distributions representing natural or
social phenomena is fixed at zero while higher values are not bounded (von
Hippel, 2011). Examples include distributions of age, income, time elapsed and
so on. Negative skewness is less common but occurs when observations tend to
be closer to the maximum than the minimum value, such as the scores of an
easy test.
Traditionally, skewness has been understood as the difference between
the mean (m) and the median (v), divided by its standard distribution (s). This
formula – (m - v)/s, attributed to Karl Pearson – conforms to the rule of thumb
differentiation of positive and negative skewness. As the median is being
subtracted from the mean in the numerator, a positive skew would imply the
mean is to the right of the median and a negative skew would imply the mean is
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to the left of the median. Pearson later introduced a coefficient of skewness
viewed in terms of the third standard moment, a more descriptive measure
better suited for larger data sets (Dodge, 2008). Skewness for random variable X
is thus measured as
μ3 = E[{(X - m)/s}3]
Von Hippel (2005) warns that the rule of thumb does not always hold true
with this definition, especially for categorical data. Variable transformations such
as square-root or log transformation may be considered to deal with highly
skewed data. But scholars have cautioned that transformed variables are
difficult to interpret (Levin et al., 1996) and transformations may also alter the
relationship among different variables (von Hippel, 2011). Decisions about
transformation to normalize skewed data, therefore, should not be taken lightly –
especially as the impact of skew is limited by the size of the sample. In large
samples, skewness does not make a substantive difference to the analysis
(Tabachnick & Fidell, 2013).
Kurtosis
Kurtosis pertains to the vertical contours of a distribution – its “peakedness” near
the mean or flatness in the tails. Conceptually, it measures discrepancies in the
frequency of observations in a distribution compared with a normal distribution.
Following Pearson, kurtosis is mathematically defined as the fourth standard
moment. Thus, for a random variable X with mean m and standard deviation s,
the coefficient of kurtosis is measured as
μ4 = E[{(X - m)/s}4]
This is technically a measure of the “tailedness” of a distribution. The
kurtosis of a normal distribution is 3. Distributions with kurtosis higher than 3 have
thick, short tails and are known as leptokurtic. The frequency of observations is
concentrated in the center of such a distribution, stretching its peak. Variables
with this kind of non-normality would have low variance. Distributions with kurtosis
lower than 3 have thin, long tails and are known as platykurtic. As a kurtosis
coefficient of 3 is normal, non-normality is traditionally discussed in terms of
“excess kurtosis.” Some scholars, however, prefer to subtract 3 from the formula
to bring the kurtosis coefficient of a normal distribution to zero. They also use
positive and negative kurtosis to refer to leptokurtosis and platykurtosis,
respectively (e.g. Tabachnick & Fidell, 2013).
As with skewness, the impact of kurtosis on statistical analyses diminishes
with the size of the sample. Waternaux (1976) suggested that the impact of
leptokurtosis disappears with 100 or more cases, while platykurtosis has little
effect when the samples is in excess of 200 cases.
Heteroscedasticity
Linear regression models assume that the variance at each value point of the
outcome variable corresponds to the variance of the explanatory variable.
When this does not happen – a condition of heteroscedasticity – the model’s
6

SAIF SHAHIN

ANALYSIS OF MESSY DATA

predictive power is reduced. A common example of heteroscedasticity is the
positive relationship between age and income. Teenagers typically don’t earn a
lot of money. But as they grow into their 20s, 30s, and 40s, their careers – and
earnings – increase disproportionately. Some become lowly-paid school
teachers or clerks, others become corporate executives or basketball coaches
earning much higher salaries. Thus, even as income rises with age, the variance
in income levels is much higher by comparison. The regression model’s ability to
predict income by age is, therefore, limited.
In other words, the random errors of such a regression model – residuals –
will not belong to the same probability distribution with consistent variance.
Mathematically, therefore, heteroscedasticity is said to occur when residuals
have different probability distributions and different variances. Often, the
variance increases proportionally to the square of some factor, F, which could
be an explanatory variable. For residuals ei in an ordinary least squares (OLS)
linear regression model with common variance σi2,
var(ei) = σi2Fi2
Heteroscedasticity can emerge from a number of reasons. Non-normality
of variables is a common one, as apparent from the example above in which
income is positively skewed. Another reason could be the difference in the
sample sizes of variables. Such differences increase the probability that residuals
will have different variances, leading to heteroscedasticity in the regression
model. Finally, heteroscedasticity can occur if the regression model itself is not
specified correctly and a significant explanatory variable is not included.
Several statistical tests are recommended for detecting heteroscadisticity.
The Park test comprises regressing the natural logarithm of squared OLS residuals
– ln[ei2] – on the natural logarithm of the squared proportionality factor – ln[F2]. A
statistically significant relationship between them would indicate
heteroscadisticity. More commonly used is the White test, in which the squared
residuals are regressed on all explanatory variables, their squares and crossproducts. If the product of the R2 and the sample size (n) is large, it indicates
heteroscadisticity.
A popular way of dealing with heteroscadisticity in a regression model is
to use “weighted” instead of ordinary least squares. When the residuals increase
proportionally to Fi, all the variables in the model are divided by the “weight” Fi
and the regression analysis is carried out again. The error terms would now have
constant variance. When the residuals do not increase proportionally, the
variables should be divided by 1/(ei)1/2.
Multicollinearity
Multicollinearity occurs when two or more explanatory variables in a linear
regression model are highly correlated. In other words, there exists linear
dependence among the explanatory variables. This is a problem because OLS
regression presumes there is no significant linear relationship among explanatory
variables and they only predict the outcome variable with a high degree of
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certainty – not each other. If they are correlated, they predict the “same part”
of the outcome variable, leading to redundancy. The presence of
multicollinearity does not bias the overall regression model for a given sample.
But it shows large standard errors for the correlated variables. That means it is not
reliable for specific calculations involving these variables. Also, if the coefficients
from the model are applied to another sample from the same population, it
could lead to erroneous predictions.
Multicollinearity can occur in all kinds of data sets. A common reason is
the presence of too many dummy variables. Smaller sample size can also be a
cause. Minor levels of multicollinearity are acceptable. The problem arises when
the correlation between two variables is .70 or above – a conservative rule of
thumb (Tabachnick & Fidell, 2013). Bivariate correlation among explanatory
variables is thus easy to detect. Measures such as variance inflation factor (VIF)
and tolerance (TOL) are used to discern if the multivariate correlation is too high.
For a linear regression model with Ri2 as the coefficient of determination,
VIF = 1/(1-Ri2)
TOL = 1/VIF
Conservative rules of thumb for identifying multicollinearity are VIF > 5 or
TOL < .02.
There are several ways to deal with multicollinearity. If the problem is
bivariate, one of the two variables may be omitted from the model. When the
problem is multivariate, increasing the sample size of the data set can help
reduce standard errors and bring down the correlation among explanatory
variables.
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