THE GENERAL IDEA

In contaminated site studies it is common to find that the data
contain some surprisingly high values. Knowing that such high
values are likely to have a profound effect on statistical analysis
and interpretation, many of us are tempted to dismiss these un-
expected (and possibly unwelcome) observations as “outliers”
and to remove them from the data base. Discarding actual
observations is not a good practice, however, since a thorough
evaluation of the reasons for these unexpected values may lead
to new insights into the data or to a reconsideration of under-
lying assumptions about the data and their distribution.

Whatever we decide to do with the outliers, tis single decision
will be one of the most critical in our study. If an erroneous
high value is kept it may cause uncontaminated material to be
misclassified as contaminated; such errors are costly because
they lead to needless remediation. On the other hand, the de-
cision to discard erratic high values may be even worse. If such
values represent a previously unforeseen population, then arbi-
trarily discarding them will cause contaminated material to be
left unremediated. With decisions on remediation often hinging
on the proper evaluation and use of outlier values, it is neces-
sary to have some consistency and objectivity in the treatment
of outliers in contaminated site studies. This document aims
to provide this much-needed consistency and objectivity by pro-
viding guidance on the identification and evaluation of outliers.

WHAT IS AN OUTLIER?

Barnett and Lewis (1984) give the following definition of an
outlier: An outlier in a set of data is an observation that appears
to be inconsistent with the remainder of that set of data. This
definition identifies two aspects of the outlier problem: the prior
decision to group data together and the apparent inconsistency
that results. One possible solution to the outlier problem will
be to rethink how we have grouped the data — ma ybe the
outlier is providing clues to the existence of another previously
unrecognized subpopulation. Another possible solution will be
to revisit why it appears inconsistent — ma ybe we have faulty
underlying assumptions about how the data should behave.

HOW TO IDENTIFY OUTLIERS

Figures 1 and 2 show two of the graphical displays that can as-
sist with detection of outliers. Figure 1 is a probability plot of
lead concentration measurements from the soil in the vicinity of
a smelter. For most of the data values, their cumulative prob-
abilities plot on a fairly straight line; at the high end, however,
this trend breaks up. The highest few values fall to the right
of the trend, meaning that these highest values are even higher
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than we might expect based on our observations of the rest of
the data. Figure 2 shows a scatterplot of the same lead data
plotted versus their distance from the smelter. The cloud of
points shows a tendency for the lead concentration in the soil
to decrease with distance from the smelter. There are some
aberrant samples, however, that have abnormally high lead val-
ues when compared to other measurements taken at a similar
distance from the smelter.
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Figure 1 A cumulative probability plot for lead concentration mea-
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Figure 2 A scatterplot showing lead concentration data used in
Figure 1 versus distance from the smelter.

The probability plot in Figure 1 and the scatterplot in Figure 2
complement each other since the sample(s) that appear as out-
liers on one plot do not necessarily appear as outliers on the
other. A combination of statistical and spatial displays provides
a more complete basis for identifying outliers than would any
single plot.
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In contaminated site studies, where there are several suspected
contaminants, scatterplots of the concentration of one con-
taminant versus another may reveal that some samples have
unusual ratios of the suspected contaminants. For example,
if a plot of lead versus arsenic shows a narrow cloud in which
the Pb/As ratio is quite consistent, then any samples that plot
away from this main cloud could be classified as outliers.

Maps or cross-sections on which the data are colour-coded ac-
cording to their order of magnitude can assist with identifying
dubious samples that have moderate values but are inconsistent
in their spatial context.

HOW TO EVALUATE OUTLIERS

Once an observation has been designated an outlier, we need to
evaluate its significance. It should not be discarded as spurious
until we have explored the possibility that our prior decision
about the populations was reasonable and that our assumptions
about how the distribution should behave are all appropriate.
This examination of our prior decision and our assumptions
must take into account not only the provenance of the data
— where they came from and how they were collected and
analyzed — but also the study objectives. Outlier data that
might be appropriately dropped from one study may still be
useful in another study with a different objective.

The lead data used in Figures 1 and 2 provide a good example
of how data provenance and study objectives impinge on the
treatment of outliers. In Figure 1, there are three values that
might be treated as outliers due to their departure from the
trend shown by the other values. When their distance from the
suspected source of contamination, the lead smelter, is taken
into account (Figure 2), only one of them remains suspicious
— the value that approaches 10,000 ug/g far from the smelter.

In this lead study, the samples were located without consid-
eration of the local site conditions. In addition to collecting
the samples from their designated locations, the field staff also
described the local conditions in the vicinity of each sampling
site. The resulting set of field notes was an invaluable source
of information for decisions regarding the treatment of out-
liers. These field notes record the fact that the value approach-
ing 10,000 ug/g was collected from a junkyard that contained
dozens of leaking car batteries. The knowledge that this sam-
ple is likely affected much more by a very localized source of
contamination — leaking battery acid — than by the smelter
allows an appropriate treatment of the outlier value.

Decisions about the handling of outliers are much easier to
make if we maintain a clear audit trail that allows us to trace
each and every data value back through the data base com-
pilation, through the laboratory analysis, through the sample
preparation procedure, and ultimately back to the specific time,
location and conditions under which the sample was collected.
Without a carefully maintained set of field notes and labora-
tory records, it may become impossible to make appropriate
decisions about outliers.

Data errors

Some outliers are due to human error during sample collection,
preparation and analysis; further errors can occur when analyti-
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cal values are transcribed and compiled into a data base. Sam-
ples may be tagged and labelled incorrectly; they may be con-
taminated during handling in the field, during transportation to
the laboratory or during the laboratory preparation process; the
analytical procedure may not be implemented correctly. Even if
a sample survives all of these possible humiliations, its analyti-
cal value may be transcribed incorrectly or it may be corrupted
when it is electronically merged into a data base.

One of the few universal rules that we can make about handling
outliers is this: we should not use data values that are clearly in
error. At the same time, however, we should not be too quick
to use the excuse of data errors to justify a decision to discard
outliers. Data errors are a double-edged sword; while they can
provide one of the few non-controversial reasons for discarding
outliers, they also call into question the entire data base. If it
becomes apparent that an outlier value is erroneous, then all
data should be checked to see if any of the other data have
been affected by the same problem For example, if “suspected
contamination” is the reason given for discarding an outlier, we
must also question whether any of the other samples with more
moderate data values might also be contaminated. Particularly
in the case of cross-contamination between samples it is not
appropriate to discard the high values and keep the low ones.
Similarly, if “data transcription error” is the reason given for
discarding an outlier, then we need to consider the possibility
that some of the lower and more moderate numbers that remain
in the data base are erroneously low for exactly the same reason.

Choice of population

If there is no reason to suspect that an outlier is due simply to
human error, we should then consider the possibility that the
value appears inconsistent with the rest of the samples because
it does not belong in the same group — that we have made
the mistake of mixing apples and oranges. This was the case
with the very high lead concentration from the example shown
in Figures 1 and 2; though the lead concentration in the rest
of the samples might reflect the effect of the smelter, the lead
concentration in the sample that came from the junkyard likely
has very little to do with the smelter.

If qualitative information about the provenance of the data
makes it clear that a particular value is not relevant according
to the study objectives, then we should discard the irrelevant
value from our study and document the reasons for doing so. In
choosing to discard a particular observation for this reason, we
must be clear about why it does not belong to the population
under study. This requires that we have an unambiguous defini-
tion of what population is under study and that we know what
other population the offending data value belongs to. h doc-
umenting the reasons for believing that an outlier belongs to a
different population, we also need to reconsider the study objec-
tives. If an outlier has revealed a previously unforeseen source
of contamination, for example, should the study be broadened
to address this new source, or should the objectives remain
unchanged? In the example of the lead contamination in the
vicinity of the smelter, field notes made it clear that the lead
in one of the sample values was likely due to leaking battery
acid. In addition to identifying this sample as part of a separate
population, we should also consider whether the appearance of
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this unanticipated new population — leaking battery acid —
affects the study objectives.

Distribution assumptions

If we cannot dismiss an outlier as simply erroneous and if we
cannot dismiss it on the grounds that it belongs to a different
population, we can then consider the possibility of rejecting it
on statistical grounds. The decision to use a statistical argu-
ment for discarding an outlier is a desperate last resort, how-
ever, because virtually all of the statistical approaches to the
problem rely entirely on our assumptions about the underlying
distribution. Any statistical argument for the rejection of an
outlier can be turned around into an argument that the un-
derlying assumptions about the distribution are faulty Before
resorting to statistical arguments for rejecting outliers, we need
to document why we continue to believe that our distribution
assumptions are appropriate in spite of the outlier observations.
One of the other documents in this series, entitled CHOOSING A
DISTRIBUTION, discusses this issue in greater detail and provides
recommendations for selecting a distribution and documenting
the appropriateness of the choice.

Discarding outliers for statistical reasons

If, despite the observation of outliers, we are sure that the
assumed distribution is appropriate, outlier values should be
checked for consistency with the assumed distribution. By “as-
sumed distribution”, we mean the distribution that is assumed
for all of the non-outlier values. For example, if we have de-
cided that a normal distribution is an appropriate model for
our data values, then the estimation of the mean and standard
deviation of our assumed distribution should be based only on
the non-outlier values and should not consider any outliers.

To justify the decision to discard an outlier, we should check
two things. First, we should make sure that there is a very
low probability that the outlier value belongs to the assumed
distribution. Second, we should make sure that it is not part of
a continuous tail of high values. Both of these checks require
the ability to calculate percentiles of the assumed distribution.

To check that the outlier has a very low probability of belonging
to the assumed distribution, we need to confirm that it falls in
the upper 1% of the distribution. Tables and formulas in John-
son and Kotz (1970) allow us to calculate the percentiles for
the distributions commonly used in contaminated site studies.
For two of the more common choices, here are some rules of
thumb:

Normal distribution. If the data are assumed to be normally
distributed then any value more than three standard devi-
ations above the mean will be in the upper 1% .

Exponential distribution. If the data are assumed to be expo-
nentially distributed then any value more than five times
the mean will be in the upper 1%.

Most of the distributions commonly used in contaminated site
studies, including the two given above, have a maximum at in-
finity, so we can never completely reject the possibility that the
outlier might belong to the assumed distribution. If it belongs
to the upper 1%, however, it is an unlikely enough value that
we can continue with the second check.
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The upper 1% rule should not be the sole basis fa identifying
outliers; in addition to confirming that the outlier value is in
the upper 1%, we should therefore also make sure that it is
aberrant even for a large value. One way of doing this is to
check if there is an unexpectedly large gap between the value
of the highest non-outlier and the outlier. Having made an as-
sumption about the distribution, we can see what the assumed
distribution would predict for the difference between the two
largest values. If the actual difference is more than twice that
predicted by the assumed distribution, then the outlier can be
discarded.

To implement this gap check, we need to know what value the
assumed distribution would predict for the largest two values
in a set of N observations. For the purposes of this gap check,
we assume that the largest two values should correspond to the
following percentiles of the assumed distribution:

=
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x 100

Assumed percentile for largest value =

x 100

Assumed percentile for second largest value =

z| Tz
N

Once we know which two percentiles we are interested in, we
then use the standard tables or formulas to find the two cor-
responding values from our assumed distribution. We are not
particularly interested in how these two theoretical values com-
pare to the two highest values that were actually observed; what
we are interested in is their difference. If the difference actually
observed between the outlier and the highest non-outlier value
is more than twice the difference predicted by our assumed dis-
tribution, then the outlier can be discarded as inconsistent.

There are not many rules of thumb for what the difference
described above should be; it will vary with the number of data
and with the specific distribution model being assumed. For
a quick approximation, however, one can assume that the tail
of the distribution behaves like an exponential distribution, in
which case the procedure described above depends aly on the
number of samples. Rather than explicitly checking that the
absolute difference between the actual values is more than twice
the absolute difference predicted by our assumed distribution,
we can implement exactly the same gap check in terms of the
relative difference:

log(N)
log(N) - log(2)

If the actual relative difference between the outlier and the high-

Predicted difference (in %) = 1| x 100

est non-outlier value is more than twice the predicted relative
difference given above, then the outlier may be discaded.

Replacing outliers with new samples

Since there is a loss of information whenever sample values are
discarded, we should always try to replace outlier samples with
new samples. This is especially important if the sample val-
ues are being used for local mapping to support remediation
planning. The new sample should be taken as close as pos-
sible to the discarded outlier, ideally within 1 m. If the new
sample value is the same as the discarded outlier (within the
tolerance predicted by QA/QC procedures on duplicate samples)
then there is likely an unanticipated "hot spot” that needs to



be better delineated. Even if the new sample value is quite dif-
ferent from the discarded outlier, we should still make an effort
to understand why the original sample value was so unusual
since this may lead to useful insights about the appropriate
interpretation of the other data that we have decided to keep.

STATISTICAL M ETHODS FOR ERRATIC DATA

If outliers cannot be discarded for any of the reasons discussed
above, then they must be used with care. Many common statis-
tical tools are very sensitive to erratic high values. Any statistic
that involves some type of averaging — such as the mean, the
standard deviation and the correlation coefficient — will be
strongly influenced by erratic high values. There s a large set

of statistical tools and procedures that are said to be “robust”

because they produce sensible results even in the presence of
erratic high values. Huber (1981) is a standard reference for
robust statistical methods; Hoaglin et al. (1983) provide an ex-

tensive discussion of robust methods for exploratory data anal-

ysis. Isaaks (1984) addresses the problem of mapping contam-
inant concentrations in the presence of erratic high values.

Before choosing more robust procedures, many of which are
considerably more complicated than the less robust traditional
alternatives, we can check to see if our remediation decisions
are affected by the inclusion or exclusion of outliers By run-
ning every relevant calculation first with the outliers included
and then with the outliers excluded, we can document the sen-
sitivity of our final decision to the presence of the outliers. It
is important in such sensitivity studies to keep in mind that it
Is not the actual statistics themselves that are of interest, but
their effect on our remediation decision. If a statistic changes
considerably when an outlier is included or excluded but the
remediation decision remains the same, then the outlier has no
real effect on the decision.

If sensitivity studies show that statistical tools and procedures
being used in the study do not lead to different remediation de-
cisions regardless of whether outliers are included or excluded,
then there is no reason to explore the use of more robust alter-
natives. If such sensitivity studies do lead to different remedia-
tion decisions, then the outliers should remain in the data base
and more robust statistical procedures should be used.

RECOM MENDED PRACTICE

1. Use probability plots, scatterplots and data postings to
identify outliers.

2. Evaluate each outlier in its spatial context and consider
whether the outlier requires any critical assumptions to be

modified.

3. If an outlier is due to human error, then correct it if possi-
ble. If the correct value cannot be established, then discard
the erroneous value and confirm that a similar error has
not affected other data.

4. If an outlier is not due to human error, then consider the
available qualitative information regarding the data prove-
nance and the site history and discard the outlier only if
there is documentation to support the belief that the out-
lier observation is not part of the population under study.
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In all such cases, describe the population that the out-
lier does belong to and justify why this population is not
relevant according to the study objectives.

5. If an outlier is not due to human error and cannot be
assigned to a different population based on the available
qualitative information, then consider carefully the under-
lying assumptions about the distribution of the data val-
ues; if a re-examination of the available quantitative and
qualitative data suggests that the assumed distribution is
inappropriate then either choose a more appropriate dis-
tribution or adopt a non-parametric statistical approach.

6. If an outlier is not due to human error, and if the assumed
distribution is believed to be correct despite the outlier,
then two checks should be performed:

(a) a check to see if the outlier value falls in the upper
1% of the assumed distribution; and

(b) a gap check to see if the difference between the out-
lier value and the next highest non-outlier value is
more than twice the value that the assumed distribu-
tion would predict.

If an outlier is inconsistent with the assumed distribution
for both of these tests, then discard it.

7. If an outlier cannot be discarded for any of the reasons
given above, then use it in the statistical analysis and
interpretation and, if necessary, choose robust statistical
procedures that can produce sensible results even with dis-
tributions that have erratic high values.

8. In all cases where an outlier value is discarded, document
the reason for this decision and give all relevant informa-
tion about the sample value that was discarded.

9. In all cases where an outlier value is discarded, a new
sample should be taken at a random location within 1 m
of the discarded outlier sample.
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