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FOREWORD

This document is the 2004 (QA04) version of the A Reviewer s Guide To Statistical Data
Quahty Assessment which provides general guidance to organizations on assessing data quality
criteria and performance specifications for decision making. The Environmental Protection
Agency (EPA) has developed a process for performing the Data Quality Assessment (DQA)
Process for project managers and planners to determine whether the type, quantity, and quality of
data needed to support Agency decisions has been achieved. This gnidance is the culmination of
experiences in the design and statistical analyses of environmental data in different Program
Offices at the EPA. Many elements of prior guidance, statistics, and scientific planning have
been incorporated into this document.

This document is one of a series of quality management guidance documents that the
EPA Quality Staff has prepared to assist users in implementing the Agency-wide Quality
System. Other related documents include:

EPA QA/G-4 Guidance for the Data Quality Objectives Process
EPA QA/G-4D DEFT Software for the Data Quality Objectives Process

EPA QA/G-4HW Guidance for the Data Quality Objectives Process for Hazardous
Waste Site Investigations

EPA QA/G-9S Practical Methods For Conducting Data Quality Assessments

This document is intended to be a "living document" that will be updated periodically to
incorporate new topics and revisions or refinements to existing procedures. Comments received
on this 2004 version will be considered for inclusion in subsequent versions. Please send your
written comments on A Reviewer 's Guide To Statistical Data Quality Assessment to:

Quality Staff (2811R)

Office of Environmental Information
U.S. Environmental Protection Agency
1200 Pennsylvania Avenue, NW
Washington, DC 20460

Phone: (202) 564-6830

Fax: (202) 565-2441

E-mail: quality@epa.gov
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CHAPTER 0
INTRODUCTION

0.1  Purpose of this Guidance

Data Quality Assessment (DQA) is the scientific and statistical evaluation of
environmental data to determine if they meet the planning objectives of the project, and thus are
of the right type, quality, and quantity to support their intended use. This guidance describes
broadly the statistical aspects of DQA in evaluating environmental data sets. A more detailed
discussion about DQA graphical and statistical tools may be found in the companion guidance
document, Practical Methods for Conducting Data Quality Assessments (EPA QA/G-9S). This
guidance applies to using DQA to support environmental decision-making (e.g., compliance
determinations), and to using DQA in estimation problems in which environmental data are used
(e.g., monitoring programs).

DQA is built on a fundamental premise: data quality is meaningful only when it relates to
the intended use of the data. Data quality does not exist in a vacuum, a reviewer must know in
what context a data set is to be used in order to establish a relevant yardstick for judging whether
or not the data is acceptable. By using DQA, a reviewer can answer four fundamental questions:

1. Can a decision (or estimate) be made with the desired level of certainty, given the quality
of the data?

2. How well did the sampling design do given there could possibly be a wide range of
potential scenarios?

3. If the same sampling design strategy is used again for a similar study, would the data be
expected to support the same intended use with the desired level of certainty?

4, Is it likely that sufficient samples were taken to enable the reviewer to see an effect if it
was really present?

The first question addresses the reviewer’s immediate needs. For example, if the data are
being used for decision-making and provide evidence strongly in favor of one course of action
over another, then the decision maker can proceed knowing that the decision will be supported
by unambiguous data. However, if the data do not show sufficiently strong evidence to favor
one alternative, then the data analysis alerts the decision maker to this uncertainty. The decision
maker now is in a position to make an informed choice about how to proceed (such as collect
more or different data before making the decision, or proceed with the decision despite the
relatively high, but tolerable, chance of drawing an erroneous conclusion).

The second question addresses how robust this sampling design is with respect to slightly
changing circumstances. If the design is very sensitive to potentially disturbing influences, then
interpretation of the results may be difficult. By addressing the second question the reviewer
guards against the possibility of a spurious result anising from a unique set of circumstances.
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The third question addresses the reviewer’s potential future needs. For example, if
reviewers intend to use a certain sampling design at a different location from where the design
was first used, they should determine how well the design can be expected to perform given that
the outcomes and environmental conditions of this sampling event will be different from those of
the original event. As environmental conditions will vary from one location or one time to
another, the adequacy of the sampling design should be evaluated over a broad range of possible
outcomes and conditions.

The final question addresses the issue of whether sufficient resources were used in the
study. For example, in an epidemiological investigation, was it likely the effect of interest could
be reliably observed given the limited number of samples actually obtained.

0.2 DQA and the Data Life Cycle

The data life cycle (depicted in Figure 0-1) comprises three steps: planning,
implementation, and assessment. During the planning phase, a systematic planning procedure
(such as the Data Quality Objectives (DQO) Process is used to define quantitative and qualitative
criteria for determining the number, location, and timing of samples (measurements) collected to

produce a desired level of certainty.

QUALITY ASSURANCE ASSESSMENT
PLANNING QC/Performance
Routne Data Evaluation Data
Data Quality Objectives Process valuation
Quality Assurance Project Plan Developmen] ‘ INPUTS ‘
DAYA VERIFICATION /VALIDATION
» Verdy measurement performance
» Verify measurement procedures and
IMPLEMENTATION reportng speciications
Freld Data Collection and Associated v outPUT
Qualily Assurance / Quality Control Activitied
/ VERIFIED /VALIDATED DATA /
v INPUT
DATA QUALITY ASSESSMENT
ASSESSMENT - Review propect objecives nd
Data Venfication/ Validation samping design
Data Qualtty Assessment » Conduct preiminary data review
* Select statistcal method
= Venly assumptions of the method
» Draw conclusions from the data

ouTPUT

h 4
/ PROJECT CONCLUSIONS /

Figure 0-1: Data Life Cycle

This information, along with the sampling methods, analytical procedures, and
appropriate quality assurance (QA) and quality control procedures, is documented in the QA
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Project Plan. Data are then collected following the QA Project Plan specifications in the
implementation phase.

At the outset of the assessment phase, the data are verified and validated to ensure that
the sampling and analysis protocols specified in the QA Project Plan were followed, and that the
measurement systems were performed in accordance with the criteria specified in the QA Project
Plan. Then the statistical component of DQA completes the data life cycle by providing the
evaluation needed to determine if the performance and acceptance criteria developed by the
DQO planning process were achieved.

0.3  The Five Steps of DQA

DQA involves five steps that begin with a review of the planning documentation and end
with an answer to the problem or question posed during the planning phase of the study. These
steps roughly parallel the actions of an environmental statistician when analyzing a set of data.
The five steps, which are described in more detail in the following chapters of this guidance, are
briefly summarized as follows:

1. Review the project objectives and sampling design: Review the objectives defined
during systematic planning to assure that they are still applicable. If objectives have not
been developed (e.g., when using existing data independently collected), specify them
before evaluating the data for the projects objectives. Review the sampling design and
data collection documentation for consistency with the project objectives observing any
potential discrepancies.

2. Conduct a preliminary data review: Review QA reports (when possible) for the
validation of data, calculate basic statistics, and generate graphs of the data. Use this
information to learn about the structure of the data and identify patterns, relationships, or

potential anomalies.

3. Select the statistical method: Select the most appropriate procedure for summarizing and
analyzing the data, based on the review of the performance and acceptance criteria
associated with the projects objectives, the sampling design, and the preliminary data
review. Identify the key underlying assumptions associated with the statistical test.

4, Verify the assumptions of the statistical method: Evaluate whether the underlying
assumptions hold, or whether departures are acceptable, given the actual data and other
information about the study.

5. Draw conclusions from the data: Perform the calculations pertinent to the statistical

test, and document the conclusions to be drawn as a result of these calculations. If the
design is to be used again, evaluate the performance of the sampling design.

Although these five steps are presented in a linear sequence, DQA is by its very nature
iterative. For example, if the preliminary data review reveals patterns or anomalies in the data
set that are inconsistent with the project objectives, then some aspects of the study analysis may
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have to be reconsidered. Likewise, if the underlying assumptions of the statistical test are not
supported by the data, then previous steps of the DQA may have to be revisited. The strength of
DQA Process is that it is designed to promote an understanding of how well the data satisfy their
intended use by progressing in a logical and efficient manner.

Nevertheless, it should be realized that DQA cannot absolutely prove that the objectives
set forth in the planning phase of a study have been achieved. This is because the reviewer can
never know the frue value of the item of interest only information from a sample. Sample data
collection provides the reviewer only with an estimate, not the true value. As an reviewer makes
a determination based on the estimated value, there is always the risk of drawing an incorrect
conclusion. Use of a well-documented planning process helps reduce this risk to an acceptable

level.
0.4 Intended Audience

This guidance is written as a general overview of statistical DQA for a broad audience of
potential data users, reviewers, data generators and data investigators. Reviewers (such as
project managers, risk assessors, or principal investigators who are responsible for making
decisions or producing estimates regarding environmental characteristics based on environmental
data) should find this guidance useful for understanding and directing the technical work of
others who produce and analyze data. Data generators (such as analytical chemists, field
sampling specialists, or technical support staff responsible for collecting and analyzing
environmental samples and reporting the resulting data values) should find this guidance helpful
for understanding how their work will be used. Data investigators (such as technical investigators
responsible for evaluating the quality of environmental data) should find this guidance to be a
handy summary of DQA-related concepts. Specific information about applying DQA-related
graphical and statistical techniques is contained in the companion guidance, Practical Methods
for Conducting Data Quality Assessments (EPA QA/G-95).

0.5  Organization of this Guidance

Chapters 1 through 5 of this guidance address the five steps of DQA in turn. Each chapter
discusses the activities expected and includes a list of the outputs that should be achieved in that
step. Chapter 6 provides additional perspectives on how to interpret data and
understand/communicate the conclusions drawn from data. Finally, Appendices A through E
contain non-technical explanatory material describing some of the statistical concepts used.
Appendix F is a checklist that can be used to ensure all steps of the DQA process have been

addressed.
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CHAPTER 1

STEP 1: REVIEW PROJECT OBJECTIVES AND SAMPLING DESIGN

DQA begins by reviewing the key outputs from the planning phase of the data life cycle
such as the Data Quality Objectives, the QA Project Plan, and any related documents. The study
objective provides the context for understanding the purpose of the data collection effort and
establishes the qualitative and quantitative basis for assessing the quality of the data set for the
intended use. The sampling design (documented in the QA Project Plan) provides important
information about how to interpret the data. By studying the sampling design, the reviewer can
gain an understanding of the assumptions under which the design was developed, as well as the
relationship between these assumptions and the study objective. By reviewing the methods by

which the samples were collected, measured, and
reported, the reviewer prepares for the preliminary
data review and subsequent steps of DQA.

Systematic planning improves the
representativeness and overall quality of a sampling
design, the effectiveness and efficiency with which
the sampling and analysis plan is implemented, and
the usefulness of subsequent DQA efforts. For
systematic planning, the Agency recommends the
DQO Process, a logical, systematic planning process
based on the scientific method. The DQO Process
emphasizes the planning and development of a
sampling design to collect the right type, quality, and
quantity of data for the intended use. Employing both
the DQO Process and DQA will help to ensure that
projects are supported by data of adequate quality; the
DQO Process does so prospectively and DQA does so
retrospectively. Systematic planning, whether the
DQO Process or other, will ensure that data are not
collected spuriously. The DQO Process is discussed
in Guidance on Systematic Planning using the Data
Quality Objectives Process (QA/G-4) (U.S. EPA
2004).

In instances where project objectives have not
been developed and documented during the planning
phase of the study, it is necessary to recreate project
objectives prior to conducting the DQA. This is

Step 1. State the Problem

Definc the problem that motivates the sutdy,
Identify the planning team, mnmebd.a.uheaak

¢

Step 2. Identify the Goal of the Study
State how environmental data wall be used usolvm;lhe
problem, sdentify study defime al

'

Step 3. Identify Information Inputs
1dconfy data and mformation needed answer study questions

v

Step 4. Define the Boundaries of the Study

Speaify the target population and characterstics of mievest,
define spatial and termporal lomits, scale of méevence

'

Step 5. Develop the Analytic Approach
Define the parameter of wnterest, specify the type of mference
and develop logxc for drawmg conclusions from the findings

)

Stanetical Estimanion and other
Hypotesss Testmg snalyucal spproaches

Step 6. Specify Performance or Acceptance Criteria
Develop performance cnitena for new data bemg collected,
Acceptance craena for data already collected.

v

Step 7. Develop the Detailed Plan for Obtaining Data

Select the most resource-cflective sampling and analysts plan
that satisfies the performance or aceoptance critena

Figure 1-1: The Data Quality Objectives

Process

necessary in order to establish appropriate criteria for evaluating the quality of the data with
respect to their intended use. The seven steps of the DQO Process are illustrated in Figure 1-1.
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1.1  Review Study Objectives

First, the objectives of the study should be reviewed in order to provide a context for
analyzing the data. If a systematic planning process has been implemented before the data are
collected, then this step reduces to reviewing the documentation on the study objectives. If no
clear planning process was used, the reviewer should:

o Develop a concise definition of the problem (e.g. DQO Process Step 1) and of the
methodology of how the data were collected (e.g. DQO Process Step 2). This should
provide the fundamental reason for collecting the environmental data and identify all
potential actions that could result from the data analysis.

o Identify the target population (universe of interest) and determine if any essential
information is missing (e.g. DQO Process Step 3). If so, either collect the missing
information before proceeding, or select a different approach to resolving the problem.

o Specify the scale of determination (any subpopulations of interest) and any boundaries on
the study (e.g. DQO Process Step 4) based on the sampling design. The scale of
determination is the smallest area or time period to which the conclusions of the study
will apply. The sampling design and implementation may restrict how small or how
large this scale of determination can be.

1.2  Translate Study Objectives into Statistical Terms

In this activity, the reviewer's objectives are used to develop a precise statement of how
environmental data will be tested to generate the study’s conclusions. If DQOs were generated
during planning, this statement will be found as an output of DQO Process Step 5.

In many cases, this activity is best accomplished by the formulation of statistical
hypotheses, including a null hypothesis, which is a "baseline condition” that is presumed to be
true in the absence of strong evidence to the contrary, as well as an alternative hypothesis, which
bears the burden of proof. In other words, the baseline condition will be retained unless the
alternative condition (the alternative hypothesis) is thought to be true due to the preponderance
of evidence. In general, such hypotheses often consist of the following elements:

e apopulation parameter of interest (such as a mean or a median), which describes the
feature of the environment that the reviewer is investigating;

e anumerical value to which the parameter will be compared, such as a regulatory or risk-
based threshold or a similar parameter from another place (e.g., comparison to a reference
site) or time (e.g., comparison to a prior time); and

e arelation (such as "is equal to" or "is greater than") that specifies precisely how the
parameter will be compared to the numerical value.
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Section 3.1 provides additional information on how to develop the statement of hypotheses, and
includes a list of commonly encountered hypotheses for environmental projects.

Some environmental data collection efforts do not involve the direct comparison of
measured values to a threshold value. For instance, for monitoring programs or exploratory
studies, the goal may be to develop estimates of values or ranges applicable to given parameters.
This is best accomplished by the formulation of confidence intervals or tolerance intervals,
which estimate the probability that the true value of a parameter is within a given range. In
general, confidence intervals consist of the following elements:

o arange of values with in which the unknown population parameter of interest (such as
the mean or median) is thought to lie; and

e aprobabilistic expression denoting the chance that this range captures the parameter of
interest.

An example of a confidence interval would be “We are 95% confident that the interval 47.3 to
51.8 contains the population mean.’

Tolerance intervals are confidence intervals for proportions. Here, we wish to have a
certain level of confidence that a certain proportion of the population falls in a certain region. An
example of a tolerance interval would be ‘We are 95% confident that at least 80% of the
population is above the threshold value.” Section 3.2 provides additional information on

confidence intervals and tolerance intervals.

For discussion of technical issues related to statistical testing using hypotheses or
confidence/tolerance intervals, refer to Chapter 3 of Practical Methods for Conducting Data

Quality Assessments (EPA QA/G-9S).
1.3  Developing Limits on Uncertainty

The goal of this activity is to develop quantitative statements of the reviewer’s tolerance
for uncertainty in conclusions drawn from the data and in actions based on those conclusions.
These statements are generated during DQO Process Step 6, but they can also be generated
retrospectively as part of DQA.

If the project has been framed as a hypothesis test, then the uncertainty limits can be
expressed as the reviewer's tolerance for committing false rejection (Type I, sometimes called a
false positive) or false acceptance (Type II, sometimes called a false negatlve) decision errors’.

A false rejection error occurs when the null hypothesis is rejected when it is, in fact, true. A
false acceptance error occurs when the null hypothesis is not rejected (i.e. accepted) when it is, in

! Decision errors occur when the data collected nadvertently do not adequately represent the population of interest.
For example, the limted amount of information collected may have a preponderance of high values that were
sampled by pure chance. A decision maker could possibly draw the conclusion (decision) that the target population
was high when, in fact, it was much lower. The decision maker had no knowledge that the samples were

surpnisingly high compared to the target population.

EPA QA/G-9R Peer Review DRAFT April 2004
7



fact, false. Other related phrases in common use include "level of significance" which is equal to
Type I error (false rejection), and "complement of power" which is equal to the Type II error
(false acceptance). When a hypothesis is being tested, it is convenient to summarize the
applicable uncertainty limits by means of a “decision performance goal diagram™. For detailed
information on how to develop false rejection and false acceptance decision error rates, see
Chapter 6 of Guiddnce on Systematic Planning using the Data Quality Objectives Process

(0A/G-4) (U.S. EPA 2004).

If the project has been framed in terms of confidence intervals, then uncertainty is
expressed as a combination of two interrelated terms:

¢ the width of the interval (smaller intervals correspond to a smaller degree of
uncertainty); and

¢ aconfidence level (typically stated as a percentage) that the true value of the
parameter of interest lies within the interval (a 95% confidence level represents a
smaller degree of uncertainty than, say, a 90% confidence level).

If the project has been framed in terms of tolerance intervals, then uncertainty is
expressed as a combination of confidence level and:

e proportion of the population that lies in the interval (larger proportions
correspond to a smaller degree of uncertainty).

Note that there is nothing inherently preferable about obtaining a particular probability,
such as 95%. For the same data set, there can be a 95% probability that the parameter lies within
a given interval, as well as a 90% probability that it lies within another (smaller) interval, and an
80% probability of being in even a smaller interval. All the intervals are centered on the best
estimate of that parameter usually calculated directly from the data (see also Chapter 3.2).

1.4  Review Sampling Design

The goal of this activity is to familiarize the reviewer with the main features of the
sampling design that was used to generate the environmental data. If DQOs were developed
during planning, the sampling design will have been summarized as part of DQO Process Step 7.
The design should be discussed in clear detail in the QA Project Plan or Sampling and Analysis
Plan. The overall type of sampling design and the manner in which samples were collected or
measurements were taken will place conditions and constraints on how the data can be used and

interpreted.

The most fundamental distinction in sampling design is between judgmental (also called
authoritative) sampling (in which sample numbers and locations are selected based on expert
knowledge of the problem) and probability sampling (in which sample numbers and locations are
selected based on randomization, and each member of the target population has a known
probability of being included in the sample).
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Judgmental sampling has some advantages and is appropriate in some cases, but the
reviewer should be aware of its limitations and drawbacks. This type of sampling should be
considered only when the objectives of the investigation are not of a statistical nature (for
example, when the objective of a study is to identify specific locations of leaks, or when the
study is focused solely on the sampling locations themselves). Generally, conclusions drawn
from judgemental samples apply only to those individual samples; aggregation may result in
severe bias due to lack of representativeness and lead to highly erroneous conclusions.
Judgmental sampling, although often rapid to implement, precludes the use of the sample for any
purpose other than the original one.

If the reviewer elects to proceed with judgmental data, then care should be taken in
interpreting any statistical statements concerning the conclusions to be drawn. The further the
judgmental sample is from a truly random sample, the riskier the conclusions.

Probabilistic sampling is often more difficult to implement than judgmental sampling but
has the advantage of allowing probability statements to be made about the quality of estimates or
hypothesis tests that are derived from the resultant data. One common misconception of
probability sampling procedures is that these procedures preclude the use of expert knowledge or
important prior information about the problem. Indeed, just the opposite is true; an efficient
sampling design is one that uses all available prior information to stratify the region (in order to
improve the representativeness of the resulting samples) and set appropriate probabilities of

selection.

Common types of probabilistic sampling designs include the following:

e Simple random sampling — the method of sampling where samples are collected at
random times or locations throughout the sampling period or study area.

e Stratified sampling — a sampling method where a population is divided into non-
overlapping sub-populations called strata and sampling locations are selected
independently within each stratum using some sampling design.

e Systematic sampling — a randomly selected unit (in space or time) establishes the starting
place of a systematic pattern that is repeated throughout the population. With an
important assumption, can be shown to be equivalent to simple random sampling.

e Ranked set sampling — a field sampling design where expert judgment or an auxiliary
measurement method is used in combination with simple random sampling to determine
which locations should be sampled.

e Adaptive cluster sampling — a sampling method in which some samples are taken using
simple random sampling, and additional samples are taken at locations where
measurements exceed some threshold value.
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o Composite sampling — a sampling method in which several samples are physically mixed
into a larger sample. This technique may be employed in conjunction with other
sampling designs listed above.

The document Guidance on Choosing a Samphing Design for Environmental Data Collection
(EPA QA/G-5S) (U.S. EPA 2002x) provides extensive information on sampling design issues
and their implications for data interpretation.

Regardless of the type of sampling scheme, the reviewer should review the sampling
design documentation and look for design features that support the project’s objectives. For
example, if the reviewer is interested in making a decision about the mean level of contamination
in an effluent stream over time, then composite samples may be an appropriate sampling
approach. On the other hand, if the reviewer is looking for hot spots of contamination at a
hazardous waste site, compositing should be used with caution, to avoid "averaging away" hot
spots. Also, look for potential problems in the implementation of the sampling design. For
example, if simple random sampling has been used, can the reviewer be confident this was
actually achieved in the actual selection of data point? Small deviations from a sampling plan
probably have minimal effect on the conclusions drawn from the data set, but significant or
substantial deviations should be flagged and their potential effect carefully considered. The most
important point is to verify that the collected data are consistent with how the QA Project Plan,
Sampling and Analysis Plan, or overall objectives of the study stated them to be.

1.5  What Outputs Should a DQA Reviewer Have at the Conclusion of Step 1?

There are three outputs a DQA reviewer should have documented at the conclusion of
Step 1:

1. Well-defined project objectives and criteria,

2. Verification that the hypothesis or estimate chosen is consistent with the project’s
objective and meets the project’s performance and acceptance criteria, and

3. Alist of any deviations from the planned sampling design and the potential
effects of these deviations.
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CHAPTER 2
STEP 2: CONDUCT A PRELIMINARY DATA REVIEW

The principal goal of the second step of the process is to review the calculation of some
basic statistical quantities, and review any graphical representations of the data. By reviewing
the data both numerically and graphically, one can learn the "structure” of the data and thereby
identify appropriate approaches and limitations for using the data.

There are two main elements of preliminary data review: (1) basic statistical quantities
(summary statistics) and (2) graphical representations of the data. Statistical quantities are
functions of the data that numerically describe the data and include the sample mean, sample
median, sample percentiles, sample range, and sample standard deviation. These quantities,
known as estimates, condense the data and are useful for making inferences concerning the
population from which the data were drawn. Graphical representations are used to identify
patterns and relationships within the data, confirm or disprove hypotheses, and identify potential

problems.

The preliminary data review step is designed to make the reviewer familiar with the data.
The review should identify anomalies that could indicate unexpected events that may influence
the analysis of the data.

2.1 Review Quality Assurance Reports

When sufficient documentation is present, the first activity is to review any relevant QA
reports that describe the data collection and reporting process as it was actually implemented.
These QA reports provide valuable information about potential problems or anomalies in the
data set. Specific items that may be helpful include:

e Data verification and validation reports that document the sample collection, handling,
analysis, data reduction, and reporting procedures used;

e Quality control reports from laboratories or field stations that document measurement
system performance.

When reviewing QA reports, particular attention should be paid to information that can be used
to check critical assumptions made during the process of project planning

In many cases, such as the evaluation of data cited in a publication, these reports may be
unobtainable. Auxiliary questions such as “Has this project or data set been peer reviewed?”,
“Were the peer reviewers chosen independently of the data generators?”, and “Is there evidence
to persuade me that the appropriate QA protocols have been observed?”, should be asked to

assess the integrity of the data.
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2.2  Calculate Basic Statistical Quantities

Basic quantitative characteristics of the data using common statistical quantities is to be
expected of almost any quantitative study. Itis often useful to prepare a table of descriptive
statistics for each population when more than one is being studied (e.g., background compared to
a potentially contaminated site) so that obvious differences between the populations can be
identified. Commonly used statistical quantities and the differences between them are discussed

in Appendix A.
2.3  Graph the Data

The visual display of data is used to identify patterns and trends in the data that might go
unnoticed using purely numerical methods. Graphs can be used to identify these patterns and
trends, to quickly confirm or disprove hypotheses, to discover new phenomena, to identify
potential problems, and to suggest corrective measures. In addition, some graphical
representations can be used to record and store data compactly or to convey information to
others. Plots and graphs of the data are very valuable tools for stakeholder interactions and often
provide an immediate understanding of the important characteristics of the data.

Graphical representations include displays of individual data points, statistical quantities,
temporal data, or spatial data. Since no single graphical representation will provide a complete
picture of the data set, the reviewer should choose different graphical techniques to illuminate
different features of the data. At a minimum, there should be a graphical representation of the
individual data points and a graphical representation of the statistical quantities. If the data set
consists of more than one variable, each variable should be treated individually before
developing graphical representations for the multiple variables. If the sampling plan or
suggested analysis methods rely on any critical assumptions, consider whether a particular type
of graph might shed light on the validity of that assumption. Usually, graphs should be applied
to each group of data separately or each data set should be represented by a different symbol.
There are many types of graphical displays that can be applied to environmental data; a variety
of data plots are shown in Appendix B.

2.4  What Outputs Should a DQA Reviewer Have at the Conclusion of Step 2?
At the conclusion, two main outputs should be present:
1. Basic statistical quantities should have been calculated, and

2. Graphs showing different aspects of the data should have been developed.
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CHAPTER 3
STEP 3: SELECT THE STATISTICAL METHOD

This step concerns the selection of an appropriate statistical method that will be used to
draw conclusions from the data. Detailed technical information that reviewers can use to select
appropriate procedures may be found in Chapter 3 of Practical Methods for Conducting Data
Quality Assessments (EPA QA/G-9S).

If a particular statistical procedure has been specified in the planning process, the
reviewer should use the results of the preliminary data review to determine if it is appropriate for
the data collected. If not, then the reviewer should document why, and then select a different
method. Chapter 3 of Practical Methods for Conducting Data Quality Assessments (EPA QA/G-
9S) provides alternatives for several statistical procedures. If a particular procedure has not been
specified, then the reviewer should select one based upon the reviewer's objectives, the
preliminary data review, and the key assumptions necessary for analyzing the data.

All statistical tests make assumptions about the data. For instance, so-called parametric
tests assume some distributional form, e.g., a one-sample t-test assumes the sample mean has an
approximate normal distribution. The alternative, nonparametric tests, make much weaker
assumptions about the distributional form of the data. However, both parametric and
nonparametric tests assume that the data are statistically independent or that there are no trends
in the data. While examining the data, the reviewer should always list the underlying
assumptions of the statistical test. Common assumptions include distributional form of the data,
independence, dispersion characteristics, homogeneity, and the basis for randomization in the
data collection design. For example, the one-sample z-test requires a random sample,
independence of the data, that the sample mean is approximately normally distributed, that there
are no outliers, and that there are few “non-detects”.

Statistical methods are sensitive to departures from the assumptions and are called robust
if its performance is not seriously affected by small or moderate deviations from its underlying
assumptions. The reviewer should note any sensitive assumptions where relatively small
deviations could jeopardize the validity of the test results.

Appendix C shows many standard statistical tests and lists the assumptions needed for
each. The remainder of this chapter focuses on the two major categories of procedures that were
presented in Section 1.2: hypothesis tests and confidence interval/tolerance interval estimation.
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3.1  Choosing Between Alternatives: Hypothesis Testing

The full statement of a statistical hypothesis has two major parts: the null hypothesis and
the alternative hypothesis. For both, a population parameter (such as a mean, median, or upper
proportion) is compared to either a fixed value or another population parameter. Although the
language of hypothesis testing is somewhat archaic, it does describe precisely what is being done
in choosing between alternatives.

It is important to take care in defining the null and alternative hypotheses because the null
hypothesis will be considered true uniess the data demonstratively shows proof for the
alternative. In layman’s terms, this is equivalent of an accused person appearing in court; the
accused is presumed to be innocent unless shown by the evidence to be guilty beyond a
reasonable doubt. Note the parallel: “presumed innocent” & “null hypothesis considered true”,
“evidence” & “data”, “beyond a reasonable doubt™ & “demonstratively shows™. It is often useful
to choose the null and alternative hypotheses in light of the consequences of making an incorrect
determination between them. The true condition that occurs with the more severe decision error
is often defined as the null hypothesis thus making it hard to make this kind of decision error. The
statistical hypothesis framework would rather allow a false acceptance than a false rejection. As
with the accused and the assumption of innocence, the judicial system makes it difficult to
convict an innocent person (the evidence must be very strong in favor of conviction) and
therefore allows some truly guilty to go free (the evidence was not strong enough). The judicial
system would rather allow a guilty person to go free than an innocent person found guilty.

If the reviewer is interested in drawing inferences about only one population, then the null
and alternative hypotheses will be stated in terms that relate the true value of the parameter to
some fixed threshold value (this is known as a one-sample test). An example of this type of
problem is the comparison of pollutant levels in an effluent stream to a regulatory limit. If the
reviewer is interested in comparing two populations, then the null and alternative hypotheses will
be stated in terms that compare the true value of one population parameter to the corresponding
true parameter value of the other population (this is called a two-sample test). An example of a
two-sample problem is the comparison of a potentially contaminated waste site to a reference
area using samples collected from the respective areas

It is worth noting that all hypothesis tests have a similar structure and follow five general
steps:

Set up the null hypothesis

Set up the alternative hypothesis
Choose a test statistic

Select the critical value or p-value
Draw a conclusion from the test

b o a e

Appendix D gives examples of commonly used statements of statistical hypotheses and
the technical aspects are discussed in Chapter 3 of Practical idethods for Conducting Data
Quality Assessments (EPA QA/G-9S) (U.S. EPA 2004).
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3.2  Estimating a Parameter: Confidence Intervals and Tolerance Intervals

Estimation is used when the purpose of a project is to estimate a parameter together with
an indication of the uncertainty of that estimate. For example, the project’s objective may be-to
estimate the maximum contamination level allowable for a particular contaminant. A reviewer
can describe the desired (or achieved) degree of uncertainty in the estimate by establishing
confidence limits within which one can be reasonably certain that the true value will lie.

The most common type of interval estimate for the value of interest is a confidence
interval. A confidence interval may be regarded as combining a numerical “error’ around an
estimate with a probabilistic statement about the unknown parameter. When interpreting a
confidence interval statement such as "The 95% confidence interval for the mean is 19.1 to0 26.3",
the implication is that the best estimate for the unknown population mean is 22.7 (halfway
between 19.1 and 26.3), and that we are 95% certain that the interval 19.1 to 26.3 captures the
unknown population mean. In this case, the “error” is a function of the natural variability in data,
the sample size, and the percentage degree of certainty chosen.

Another type of interval estimate is the tolerance interval. A tolerance interval specifies a
region that contains a certain proportion of the population with a certain confidence. For
example, the statement ‘A 99% tolerance interval for 90% of the population is 5.7 to 9.3 ppm’,
means that we are 99% confident that 90% of the population lies between 5.7 and 9.3 ppm.

Examples of environmental projects for which confidence/tolerance intervals might be an
appropriate tool include the following:

e Surveys: What are the distributions of direct and indirect water ingestion for specified
sub-populations in the U.S. as well as the general U.S. population?

e Risk assessment studies: What are the total human environmental exposures to metals,
pesticides, and volatile organic compounds in a specified area?

e Demonstration projects: How effective is a proposed new technology in remediating
volatile organic compounds in soils?

In general, confidence/tolerance intervals may be applied to any project whose goal is to
estimate the value of a given parameter (such as mean, median, or upper percentile). Chapter 3
of Practical Methods for Conducting Data Quality Assessments (EPA QA/G-9S) has advice on
the statistical formulation of confidence/tolerance intervals.

3.3  What Output Should a DQA Reviewer Have at the Conclusion of Step 3?
There are two important outputs that the reviewer should have documented from this step:

1. the chosen statistical method, and

2. a list of the assumptions underlying the statistical method.
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CHAPTER 4
STEP 4: VERIFY THE ASSUMPTIONS OF THE STATISTICAL METHOD

In this step, the reviewer should assess the validity of the statistical test chosen in Step 3
by examining its underlying assumptions. This step is necessary because the validity of the
selected method depends upon the validity of key assumptions underlying the test. The data
generated will be examined by graphical techniques and statistical methods to determine if there
has been serious deviations from the assumptions.

If the data do not show serious deviations from the key assumptions of the statistical
method have occured, then the DQA process continues to Step 5, ‘Drawing Conclusions from the
Data.” However, it is possible that one or more of the assumptions may be called into question,
and this could result in a reevaluation of one of the previous steps. This iteration in the DQA
process is an important check on the validity and reliability of the conclusions to be drawn.

4.1  Perform Tests of Assumptions

Most of the commonly used hypothesis test procedures require a random sample together
with the independence of data. Some require further assumptions to make them valid; Appendix
C contains most of the commonly encountered tests together with their required assumptions.
Before implementing the statistical method selected, it is important to attain assurance that the
assumptions required for that method has been met. For example, a one-sample s-test uses the
sample mean and variance and requires the data be independent, come from an approximately
normal distribution, or have a large number of data values. Independence may be checked
qualitatively by reviewing the sampling plan and quantitatively by applying a test of
‘independence’. If only a small amount of data is available, then the normality assumption may
be checked qualitatively by inspecting the shape of a histogram of the data and quantitatively by
applying an appropriate test for distributional assumptions.

For each statistical test selected it is necessary for the reviewer to select the level of
significance or, equivalently, the false rejection error rate (known to statisticians as the
probability of a Type I error). The level of significance is the chance that the null hypothesis is
rejected when it is actually true. The choice of specific level of significance is up to the principal
investigator and is a matter of experience or personal choice. It does not have to be the same as

that chosen in Step 3 of the DQA Process.

4.2 Develop an Alternate Plan

If it is determined that one or more of the assumptions is not met, then an alternate plan is
needed. Typically, this means the selection of a different statistical method or the collection of
additional data to verify the assumptions. Each statistical method presented in Chapter 3 of
Practical Methods for Conducting Data Quality Assessments (EPA QA/G-9S) provides a detailed
list of alternatives methods.
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4.3 Corrective Actions

A common distributional assumption is normality of the underlying populations. If this
assumption is not valid, then the general corrective course of action is to use a corresponding
nonparametric procedure. There are many parametric tests that have nonparametric counterparts.
For example, suppose a one-sample z-test was selected and it was found that the data didn’t
follow an approximate normal distribution. An altemnative plan would be to use the Wilcoxon
Rank Sum test if the data follow an approximate symmetric distribution (which can be checked
by inspecting a histogram of the data), or the Sign test (which makes no distributional
assumptions). Parametric tests generally have more statistical power than the nonparametric
tests, but also have strong distributional assumptions. Parametric tests also have difficulty
dealing with outliers and non-detects. Should these be found in the data, then an alternative
would be to use the corresponding nonparametric method. In general, nonparametric methods
handle outliers and non-detects better than parametric methods. It is recommended that if
anomalous data are included in the data set, analyses be conducted both with and without those
results to understand the implications they have on meeting the project objectives.

One of the most important assumptions underlying statistical procedures is that there is no
inherent bias (systematic deviation from the true value) in the data. If bias is present, then this
can alter the statistical power up or down, depending on the direction of the bias. Substantial
distortion of the false rejection and false acceptance decision error rates can occur and so the
level of significance may be very different than that assumed, and the statistical power of the test
may be far less than expected. In general, bias cannot be discerned by examination of routine
data and special studies are needed to estimate the magnitude of the bias.

If a trend in the data is detected or the data are found not to be independent, then basic

statistical methods should not be applied. Time series analysis or geostatistical method
investigations may be required and a statistician should be consulted. Common assumptions and

the use of transformations are presented in Appendix E.
44  What Outputs Should a DQA Reviewer Have at the End of Step 4?

There are two important outputs:

1. documentation of the method used to verify each assumption together with the
results from these investigations, and

2. adescription of any corrective actions that were taken.
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CHAPTERS
STEP 5: DRAW CONCLUSIONS FROM THE DATA

In this, the final step of the DQA, the reviewer now performs the statistical hypothesis test
or computes the confidence/tolerance interval, and draws conclusions that address the projects
objectives. This step represents the culmination of the planning, implementation, and assessment
phases of the project operations. The reviewer's planning objectives will have been reviewed (or
developed retrospectively) and the sampling design examined in Step 1. Reports on the
implementation of the sampling scheme will have been reviewed and a preliminary picture of the
sampling results developed in Step 2. In light of the information gained in Step 2, the statistical
test will have been selected in Step 3. To ensure that the chosen statistical methods are valid, the
underlying assumptions of the statistical test will have been verified in Step 4. Consequently, all
of the activities conducted up to this point should ensure that the calculations performed on the
data set and the conclusions drawn here in Step 5 address the reviewer's needs in a scientifically

defensible manner.
5.1 Perform the Statistical Method

Here the statistical method selected 1n Step 3 is actually performed and the hypothesis test
completed or confidence/tolerance interval calculated. The calculations for the procedure should
be clearly documented and easily verifiable. In addition, documentation of the results should be
understandable so they can be communicated effectively to those who may hold a stake in the
resulting decision. If computer software is used to perform the calculations, ensure that the
procedures are adequately documented, particularly if algorithms have been developed and coded

specifically for the project.
5.2  Draw Study Conclusions

Whether hypothesis testing is performed or confidence/tolerance intervals are calculated,
the results should lead to a conclusion about the study questions. The conclusion should be
expressed in plain English and not just as a statistical statement, e.g., “it is statistically
significant”.

5.3  Hypothesis Tests

The goal of this activity is to translate the results of the statistical hypothesis test so that
the reviewer may draw a conclusion from the data. Hypothesis tests can only be used to show
there is evidence for or against the alternative, in neither case is there evidence for or against the
null. Failing to reject the null hypothesis does not prove or demonstrate there is evidence that the
null is true, only that there is not sufficient evidence that the alternative is true.

The results of the statistical hypothesis test will be either:

(a) reject the null hypothesis, in which case there is sufficient evidence in favor of the
alternative hypothesis. The reviewer should be concerned about a possible false
rejection error.
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(b)  fail to reject the null hypothesis, in which case there is not sufficient evidence in
favor of the alternative hypothesis. The reviewer should be concerned about a
possible false acceptance error.

In case (a), the data have provided the evidence for the altemative hypothesis, so the
decision can be made with sufficient confidence and without further analysis. This is because the
statistical tests described in this document inherently control the false rejection error rate within
the reviewer's tolerable limits when the underlying assumptions are valid.

In case (b), the data do not provide sufficient evidence for the alternative hypothesis and
the data should be statistically analyzed further to determine whether the reviewer's tolerable
limits on the false acceptance error rate (related to the statistical power of the test) have been
satisfied. In this case the data are said not to support rejecting the null hypothesis and two
outcomes must now be considered:

(1)  The false acceptance decision error limits were satisfied. In this case, the
conclusion is drawn in favor of the null hypothesis, since the probability of
committing a false acceptance error is believed to be sufficiently small in the
context of the current study (see Section 5.2).

(2)  The false acceptance decision error limits were not satisfied. In this case, the
statistical test was not powerful enough to satisfy the reviewer's performance
criteria. The reviewer may choose to tolerate a higher false acceptance decision
error rate than previously specified and draw the conclusion in favor of the null
hypothesis, or instead implement an alternate approach such as obtaining
additional data before drawing a conclusion and making a decision.

When the test fails to reject the null hypothesis, the most thorough procedure for verifying
whether the false acceptance error limits have been satisfied is to compute the estimated power of
the statistical test. The power of a statistical test is the probability of rejecting the null hypothesis
when the null hypothesis is false and is also equal to one minus the false acceptance error rate.
Computing the power of the statistical test across the full range of possible parameter values can
be complicated and usually requires statistical software.

An approximate method that can be used for checking the performance of the statistical
test utilizes the actual data generated. Using an estimate of the variance obtained from the actual
data or an upper confidence limit on variance, the sample size required that satisfies the
reviewer's objectives can be calculated retrospectively. If this theoretical sample size is less than
or equal to the number of samples actually taken, then the test is probably sufficiently powerful.
If the required number of samples is greater than the number actually collected, then additional
samples should be collected to satisfy the reviewer's performance criteria for the statistical test.
The method is only approximate as actual sample estimates are used in a retroactive manner as if
they were known, true population values. The method should not be regarded as definite, only as
an indicator of approximate statistical power.
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5.4 Confidence Intervals

A confidence interval is simply an interval estimate for the population parameter of
interest. The interval’s width is dependent upon the variance of the point estimate, the sample
size, and the confidence level. More specifically, the width is large if the variance is large, the
sample size is small, or the confidence level is large.

The interpretation of a confidence interval makes use of probability in an intuitive sense.
When a confidence interval has been constructed using the data, there is still a chance that the
interval does not include the true value of the parameter estimated. For example, consider this
confidence interval statement: “the 95% confidence interval for the unknown population mean is
43.5 t0 48.9”. It is interpreted as, “I can be 95% certain that the interval 43.5 to 48.9 captures the
unknown mean.” Notice how there is a 5% chance that the interval does not capture the mean.

The confidence level is the ‘confidence’ we have that the population parameter lies within
the interval. This concept is analogous to the false rejection error rate. The width of the interval
is related to statistical power, or the false acceptance error rate. Rather than specifying a desired
false acceptance error rate, the desired interval width can be specified.

A confidence interval can be used to make to decisions and in some situations a test of
hypothesis is set up as a confidence interval. Confidence intervals are analogous to two-sided
hypothesis tests. If the threshold value lies outside of the interval, then there is evidence that the
population parameter differs from the threshold value. In a similar manner, confidence limits can
also be related to one-sided hypothesis tests. If the threshold value lies above (below) an upper
(lower) confidence bound, then there is evidence that the population parameter is less (greater)
than the threshold.

55 Tolerance Intervals

A tolerance interval is an interval estimate for a certain proportion of the population. The
interval’s width is dependent upon the variance of the population, the sample size, the desired
proportion of the population, and the confidence level. More specifically, the width is large if the
variance is large, the sample size is small, the proportion is large, or the confidence level is large.

When a tolerance interval has been constructed using the data, there is still a chance that
the interval does not include the desired proportion of the population. For example, consider this
tolerance interval statement: “the 99% tolerance interval for 90% of the population is 7.5 t0 9.9”.
It is interpreted as, “I can be 99% certain that the interval 7.5 to 9.9 captures 90% of the
population.” Notice how there is a 1% chance that the interval does not capture the desired

proportion.

The confidence level is the ‘confidence’ we have that the desired proportion of the
population lies within the interval. This concept is analogous to the false rejection error rate.
The width of the interval is related to statistical power, or the false acceptance error rate. Rather
than specifying a desired false acceptance error rate, the desired interval width can be specified.
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A tolerance interval can be used to make to decisions and in some situations a test of
hypothesis is set up as a tolerance interval. Tolerance intervals are analogous to two-sided
hypothesis tests. If the threshold value lies outside of the interval, then there is evidence that the
desired proportion of the population differs from the threshold value. In a similar manner,
tolerance limits can also be related to one-sided hypothesis tests. If the threshold value lies above
(below) an upper (lower) tolerance limit, then there is evidence that the desired proportion of the
population is less (greater) than the threshold.

5.6 Evaluate Performance of the Sampling Design

If the sampling design is to be used again, either in a later phase of the current study or in
a similar study, the reviewer will be interested in evaluating the overall performance of the
design. To evaluate the sampling design, the reviewer performs a statistical power analysis that
describes the estimated power of the statistical test over the range of possible parameter values.
The estimated power is computed for all parameter values under the alternative hypothesis to
create a power curve. A power analysis helps the reviewer evaluate the adequacy of the sampling
design when the true parameter value lies in the vicinity of the action level (which may not have
been the outcome of the current study). In this manner, the reviewer may determine how well a
statistical test performed and compare this performance with that of other tests.

The calculations required to perform a power analysis can be relatively complicated,
depending on the complexity of the sampling design and statistical test selected. A further
discussion of power curves (performance curves) is contained in the Guidance on Systematic
Planning using the Data Quality Objectives Process (QA/G-4) (U.S. EPA 2004), and Visual
Sample Plan (VSP). VSP is free software (http:/dqo.pnl.gov/vsp/) that can be used to determine
theoretical sample sizes for determination of whether enough data is available to meet the
specified decision error tolerances.

577  What Output Should the DQA Reviewer Have at the End of Step 5?

At the end of Step 5, there should be several outputs regarding conclusions based on the

data:
1. Statistical results with a specified significance level,
2. Study conclusion in plain English, and
3. An assessment of the performance of the sampling design.
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CHAPTER 6
INTERPRETING AND COMMUNICATING THE TEST RESULTS

At the conclusion of DQA Step 5, the reviewer has performed the applicable statistical
test, and has drawn conclusions from this test. In many cases, the conclusions are so
straightforward and convincing that they readily lead to an unambiguous path forward for the
project. There are occasions where difficulties may anse in interpreting or explaining the results
of a statistical test, or issues arise related to the scope and nature of the data set. This chapter
looks at some issues relating to data interpretation and data sufficiency.

6.1  Data Interpretation: The meaning of p-values

The classical approach for hypothesis tests is to pre-specify the significance level of the
test, i.e.. the false rejection error rate (Type I error rate). This rate is used to define the decision
rule associated with the hypothesis test. For instance, in testing whether the population mean
exceeds a threshold level (¢.g., 100 ppm), the test statistic usually involves the average of the
results obtained. Now due to random variability, 1t is quite possible to have a sample average
slightly greater than 100ppm even though the true (but unknown) mean concentration is less than
or equal to 100ppm. However, if the sample mean is "much larger" than 100 ppm, then there is
only a small chance that the true site mean concentration is below the threshold. Hence the
decision rule might take the form “reject the null hypothesis if the sample average exceeds 100 +
C", where C is a positive quantity that depends on the specified acceptable false rejection rate and
on the variability of the data. If this does happen, then the result of the statistical test is reported
as "reject the null hypothesis"; otherwise, the result is reported as "do not reject the null

hypothesis."

The conclusions of the hypothesis test have to be presented in plain English to avoid
misinterpretation. The phrase “reject the null hypothesis” can be explained in plain English as “it
is highly unlikely the base line assumption (null hypothesis) is true”. The phrase “fail to reject
the null hypothesis™ or equivalently, “do not reject the null hypothesis™ can be explained in plain
English as “there is insufficient evidence to disprove the base line assumption (null hypothesis)”.

An alternative way of reporting the result of a statistical test is to report its p-value, which
is defined as the probability, assuming the null hypothesis to be true, of observing a test result at
least as extreme as that found in the data. Many statistical software packages report p-values,
rather than adopting the classical approach of using a pre-specified false rejection error rate. In
the above example, for instance, the p-value would be the probability of observing a sampie mean
as large as the sample average (or larger) if in fact the true mean was equal to 100 ppm.
Obviously, in making a decision based on the p-value, one should reject the null hypothesis when
p is small and not reject it if p is large. Thus the relationship between p-values and the classical
hypothesis testing approach is that one rejects the null hypothesis if the p-value associated with
the test result is less than the agreed upon false rejection rate. If an analyst had chosen the false
rejection error rate as 0.05 before the data were collected and reported a p-value of 0.12, then the
conclusion would be "do not reject the null hypothesis"; if the p-value had been reported as 0.03,
then the conclusion would be "reject the null hypothesis." An advantage of reporting p-values is
that they provide a measure of the strength of evidence for or against the null hypothesis, which

EPA QA/G-9R Peer Review DRAFT April 2004
22



allows reviewers to establish their own false rejection error rates. The significance level can be
interpreted as that p-value that divides "do not reject the null hypothesis” from "reject the null

hypothesis."

6.2  Data Interpretation: "Accepting" vs. "Failing to Reject” the Null Hypothesis

The classical approach to hypothesis testing results in one of two conclusions: “reject the
null hypothesis" (called a significant result) or "do not reject the null hypothesis” (a
nonsignificant result). In the latter case one might be tempted to equate "do not reject” with
"accept." Strictly speaking this not correct because of the philosophy underlying the statistical
testing procedure. This philosophy places the burden of proof on the alternative hypothesis; that
is, the null hypothesis is rejected only if the evidence furnished by the data convinces us that the
alternative hypothesis is the more likely state of nature. If a nonsignificant result is obtained, it
provides evidence that the null hypothesis could sufficiently account for the observed data, but it
does not imply that the hypothesis is the only hypothesis that could be supported by the data. In
other words, a highly nonsignificant result (e.g., a p-value of 0.80) may indicate that the null
hypothesis provides a reasonable model for explaining the data, but it does not necessarily imply
that it is the only reasonable model, and therefore does not imply that the null hypothesis is true.
It may, for example, simply indicate that the sample size was not large enough to establish
convincingly that the alternative hypothesis was more likely. When the phrase "accept the null
hypothesis" is encountered, it must be considered as "accepted with the preceding caveats."

6.3  Data Sufficiency: "Proof of Safety" vs. "Proof of Hazard"

The establishment of null and alternative hypotheses is not simply an arbitrary exercise;
the manner in which hypotheses are framed can have consequences for the expense of data
collection, for the adequacy of the collected data, and ultimately for the outcome of the project.
This is because the null hypothesis will be allowed to stand unless the data convincingly
demonstrate that it should be rejected in favor of the alternative (in other words, the “burden of
proof” is on the alternative hypothesis). During DQA, the reviewer should consider this issue
and its impact on the conclusions of the study.

In general, this question can be considered as a tradeoff between “proof of safety” (i.e.,
the null hypothesis assumes the existence of an environmental problem, and the alternative
position will be accepted only if we can reject the null), versus “proof of hazard” (i.e., the null
hypothesis assumes that there is no environmental problem). The person who formulates a set of
hypotheses unavoidably builds into them an implicit preference about what outcome we can “live
with” in the absence of compelling evidence. This can lead to consequences such as:

e Environmental contamination may remain undetected, or a mitigation effort may be
launched unnecessarily.
The degree to which a cleanup level has been achieved may be greater or lesser.
Depending on the range of measured values compared to threshold values, there may be a
need for additional data collection to resolve the hypothesis.
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As there are potential “real-world” consequences of hypothesis formulation, some
environmental programs determine in advance (by either regulation or guidance) how

hypotheses will be defined, rather than leave it to a case-by-case determination. In effect, this

can be viewed as a programmatic policy on the “proof of safety” vs. “proof of hazard”
tradeoff. See Table 6-1 for some examples.

Table 6-1. Selected Guidelines for Establishment of Hypotheses

Program Sample Provision Reference
“The objective of final status (decommissioning) Multi-Agency
surveys 1s typically to demonstrate that residual Radiation Survey
radioactivity levels meet the release criterion. In and Site

Radiation Protection demonstrating that this objective is met, the null Investigation
hypothes:s.. .tested 1s that residual contamination Manual
exceeds the release cniterion; the alternative (MARSSIM)
hypothesis...1s that residual contamination meets (NRC/EPA/DOE
the release criterion.” 2000)
“The concept of hypothesis testing relies on the
ability to distinguish statistically significant
differences between a control treatment and other :dnzthod Guidance
test treatments. ...hypothesis testing techniques... R .
ecommendations
test the null hypothests...that there 1s no difference
Whole Effluent for Whole Effluent
Toxicity Testn between the control treatment and other test Toxicity (WET)
oxieity g treatments (the effluent 1s not toxic). This null ty
. ! . Testing (40 CFR
hypothesis 1s rejected (the effluent is determined to
. Part 136) (U.S.
be toxic) if the difference between the control EPA 2000X)
treatment and any other test treatment is statistically
significant.”
“When the results of the investigation are uncertain, Methods for
the procedures 1n this guidance document favor )
. Evaluating the
protection of the environment and human health and .
Attainment of
Superfund Site conclude that the sample area d_ocs not attan the Cleanup
P cleanup standard. In the statistical terminology
Remediation ] . Standards, Volume
apphed 1n this document, the null hypothesis 1s that o .
1: Soils and Solid
the site does not attain the cleanup standard. The
. Media (U.S. EPA
null hypothesis 1s assumed to be true unless 1989)
substantial evidence shows that 1t is false.”

In cases where a planner (or the reviewer, when hypotheses are being generated

retroactively) does have flexibility in formulating hypotheses, one difficulty may be obtaining a
consensus on which error should be of most concern. The ideal approach is not only to set up the
direction of the hypothesis in such a way that controlling the false rejection error protects the
health and environment, but also to set it up in a way that minimizes uncertainty as well as
expenditure of resources in situations where decisions are relatively "easy" (e.g., all observations
are far from the threshold level of interest).
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6.4  Data Sufficiency: Quantity vs. Quality of Data

With environmental data collection, there are often a variety of methods available for
determining the results. For example, with chemical measurements of environmental media,
several different analytical methods for determining the concentrations of chemicals in the
sample are available. Project teams encounter difficult decisions in the planning phase when they
have to decide whether to gather more samples using inexpensive analytical methods or fewer
samples using expensive methods. The trade-off between quantity and quality of data is

complex.

It is intuitive that the more data that are available, the stronger certainty there can be in
the decision that is reached. However, it is also possible that much less data, but of higher
quality, could improve the certainty in the decision. This is especially true if the precision differs
greatly between the available sample analysis methods. When debating selection of analytical
method and the choice between quality and quantity of data, the statistical methods that will be
used to determine the answer to the study questions should be considered and the analytical
method that maximizes the expected certainty in decision-making should be selected.

The sampling technique known as Collaborstive Sampling (sometimes called Double
Sampling) addresses this question by taking advantage of the difference between inexpensive and
expensive sampling methods. A collaborative sampling design makes use of two measurement
methods; the “standard analysis” (sometimes called the laboratory analysis or “the expensive
method”), and the other is a less expensive and possibly less accurate measurement method
(sometimes called the field analysis or “the inexpensive method”). The idea behind collaborative
sampling is to replace the need for obtaining so many expensive measurements with collecting a
larger number of the less expensive measurements.

At n* locations, data are gathered using the field analysis (inexpensive) method. Then, at
n of the n* locations, a further collection of data is made using the laboratory (expensive)
method. If the correlation between the field and laboratory data is sufficiently high and the cost
of the inexpensive (field) method is sufficiently less than that of the expensive (laboratory)
method, then collaborative sampling will, on average, result in more cost effective estimation of
the population mean than can be achieved using the entire measurement budget on samples
measured by only the expensive analysis method. Collaborative sampling is discussed and
implemented in Visual Sample Plan, a software sampling routine available at no cost from

http://dgo.pnl.gov/vsp.
6.5 Data Sufficiency: Statistical Significance vs. Practical Significance

Statistical significance is a concept based on the weight of evidence that a hypothesis is
valid. It is never possible to have perfect knowledge about a population being studied, but it is
possible to learn enough about it to be able to say with confidence that a particular hypothesis
concerning that population cannot be true. However, one should be very careful not to allow the
statistics to dictate decisions without recourse to common sense. In particular, as more and more
data are collected, it becomes easier and easier to achieve statistical significance. The concern is

EPA QA/G-9R Peer Review DRAFT April 2004
25



that at some point it may be possible to determine statistical significance at levels that are not of
practical significance. This can be illustrated through the following example:

Based on operations at an industrial plant, and their waste release permit, it is expected that
the pH of water leaving the plant will be 5.9. The releases are monitored by weekly
collections and each week these data are combined with all previous data and the average
pH is compared to 5.9. After the first few months, the average release pH is 5.88, which is
not statistically significantly different from 5.9 and the conclusion of no real difference
justified. After several years have elapsed the average release pH is 5.8996 and this is
statistically significantly different from the permitted value of 5.9, but yet a conclusion of a
real difference be justified? This is a case where having so much data allows the reviewer
to identify very small differences from the expected level, but the statistically significant
result may very well not have any practical significance (in this case a difference in pH of
0.0004, which is barely measurable).

While statistics provide a strong and essential tool for environmental decision-making, the
science of statistics is not a substitute for common sense and can lead to bad decisions if not
tempered with practicality.

6.6 Conclusions

This document may be used to either assist in conducting a DQA, or in reviewing an
existing DQA. Steps 1-5 should be followed roughly in the order presented. However, it may
occasionally be productive to revisit earlier steps based on information gleaned during the DQA
process. For that reason it is often beneficial to view this as an iterative process rather than one
for which all inputs must be gathered sequentially. Data quality assessment should be conducted
on all data intended for use in decision-making, regardless of the level of planning defined prior
to data collection.

The information contained in this document is meant to provide an overview of the DQA
process. There are several levels of assistance available from EPA for those conducting DQAs:

1. The checklist in Appendix F provides a de minimus list of outputs necessary for a
complete DQA. This can be used on its own to check that the DQA is complete.

2. This document provides further explanation for each of the outputs on the checklist.
The user can either begin with the checklist and refer back to this document as
necessary, or follow the steps as laid out in chapters 1-5 of this document directly.

3. Practical Methods for Conducting Data Quality Assessments (EPA QA/G-9S)
provides much more detail for implementation of a DQA. Again the DQA reviewer
can either refer to that document as necessary for details of implementation of selected
methods, or can perform a DQA by following chapters 1-5 of that document directly.

4. EPA Quality Staff offers an introductory course in Data Quality Assessment. If the
course is not being offered at a time and location convenient for you, it may be
downloaded from http://www.epa.gov/quality/trcourse.html#intro_dga.
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Appendix A: Commonly Used Statistical Quantities

Measures of Central Tendency:
Measures of the center of a sample of data points

Mean: The most commonly used measure of the center of a sample is the sample mean, denoted

by X. This estimate of the center of a sample can be thought of as the "center of gravity" of the
sample. The sample mean is an arithmetic average for simple sampling designs; however, for
complex sampling designs, such as stratification, the sample mean is a weighted arithmetic
average. The sample mean is influenced by extreme values (large or small) and nondetects.

Median: The sample median is the second most popular measure of the center of the data. This
value falls directly in the middle of the data when the measurements are ranked in order from
smallest to largest. This means that % of the data are smaller than the sample median and %; of
the data are larger than the sample median. The median is another name for the 50" percentile.
The median is not influenced by extreme values and can easily be used in the case of censored

data (nondetects).

Mode: The third method of measuring the center of the data is the mode. The sample mode is
the value of the sample that occurs with the greatest frequency. Since this value may not always
exist, or if it does it may not be unique, this value is the least commonly used. However, the
mode is useful for qualitative data.

Measures of Relative Standing:
Relative position of one observation in relation to all observations

Percentiles: A percentile is the data value that is greater than or equal to a given percentage of
the data values. Stated in mathematical terms, the p“' percentile is the data value that is greater
than or equal to p% of the data values and is less than or equal to (1-p)% of the data values.
Therefore, if 'x' is the p“‘ percentile, then p% of the values in the data set are less than or equal to
x, and (100-p)% of the values are greater than or equal to x. A sample percentile may fall
between a pair of observations. For example, the 75™ percentile of a data set of 10 observations
is not uniquely defined as it falls between the 7" and 8" largest values. Important percentiles
usually reviewed are the quartiles of the data, the 25% 50" and 75" percentiles. Also important
for environmental data are the 90"', 95"', and 99" percentile where a decision maker would like
to be sure that 90%, 95%, or 99% of the contamination levels are below a fixed risk level. There
are several methods for computing sample percentiles.

Quantiles: A quantile is similar in concept to a percentile; however, a percentile represents a
percentage whereas a quantile represents a fraction. If x is the p/100 quantile of the data, then
the fraction p/100 of the data values lie at or below x and the fraction (1-p)/100 of the data values
lie at or above x, whereas if 'x' is the p"' percentile, then at least p% of the values in the data set
lie at or below x, and at least (100-p)% of the values lie at or above x. For example, the 0.95
quantile has the property that 0.95 of the observations lie at or below x and 0.05 of the data lie at

or above x.
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Measures of Dispersion:
Measures of how the data spread out from the center

Range: The easiest measure of dispersion to compute is the sample range, maximum -
minimum. For small samples, the range is easy to interpret and may adequately represent the
dispersion of the data. For large samples, the range is not very informative because it only
considers (and therefore is greatly influenced) by extreme values.

Variance and Standard Deviation: The variance measures the dispersion of the data from the
mean and is denoted by s>. A large variance implies that there is a large spread among the data
so that the data are not clustered around the mean. A small variance implies that there is little
spread among the data so that most of the data are near the mean. The variance is affected by
extreme values and by a large number of nondetects. The standard deviation (s) is the square
root of the sample variance and has the same unit of measure as the data.

Coefficient of Variation: The coefficient of variation (CV) is a unitless measure that allows the
comparison of dispersion across several sets of data. The CV is simply the standard deviation

divided by the mean.

Interquartile Range: When extreme values are present, the interquartile range may be more
representative of the dispersion of the data than the standard deviation. It is the difference
between the first and third quartiles (25™ and 75" percentiles) of the data. This statistical
quantity does not depend on extreme values and is therefore useful when the data include a large

number of nondetects.

Measures of Association:
The relationship between two or more variables

Pearson’s Correlation Coefficient: The Pearson (often “Pearson” is omitted) correlation
coefficient measures a linear relationship between two variables. Values of the correlation
coefficient close to +1 (positive correlation) imply that as one variable increases so does the
other, the reverse holds for values close to —1 (negative correlation). Values close to 0 imply
little correlation between the variables. The correlation coefficient does not detect nonlinear
relationships so it should be used only in conjunction with a scatterplot. A scatterplot can be
used to determine if the correlation coefficient is meaningful or if some measure of nonlinear
relationships should be used. The correlation coefficient can be significantly changed by
extreme values so a scatter plot should be used first to identify such values. Note that correlation
does not imply cause and effect.

Spearman’s Rank Correlation Coefficient: An alternative to the Pearson correlation is
Spearman’s rank correlation coefficient. It is calculated by first replacing each X value by its
rank (i.e., 1 for the smallest X value, 2 for the second smallest, etc.) and each Y value by its rank.
These pairs of ranks are then treated as the (X,Y) data and Spearman’s rank correlation is
calculated using the same formulae as for Pearson’s correlation. Spearman’s correlation will not
be altered by nonlinear increasing transformations of the Xs or the Ys.
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Appendix B: Graphical Representation of Data

This appendix contains examples of several types of common
graphical representations of data.

=
o
=

Histogram/Frequency Plots

o

>

Description: Divide the data range into units, count the
number of points within the units, and display the data as the

Number of Observaticns

N

{

height (frequency plot) or area (histogram) within a bar graph. . ]
0 5 0 15 2 “:r. N I X
}I?::t::ilz)zilclt(ﬁ.; daE::qulres the reviewer make arbitrary choices to Example Histogram
Uses: Distribution - A normal distribution will be bell- | _
shaped. o &l
Symmetry - Symmetric data has the same amount of 3 ]
data either side of the center point. 3
Variability - Both indicate the spread of the data 3 _
(standard deviation, variance). %-z
Skewness - Data that are skewed to the right have more éoo b 215 m] 31;_1
data on the left. Concertration e
NOTE: The y-axis of a histogram can also represent relative Example Frequency Plot
frequencies which are frequencies divided by the sample size.
Box- and-Whiskers Plot
*

Description: Composed of a central box divided by a horizontal line
representing the median and two lines extending out from the box
called whiskers. The length of the central box indicates the spread of
the bulk of the data (the central 50%) while the length of the whiskers
show how stretched the tails of the distribution are. The sample mean
is displayed using a ‘+’ sign and any unusually small or large data
points are displayed by a ‘*’ on the plot.

Drawbacks: Schematic diagram instead of numerical. '

Uses: Statistical Quantities - Visualize the statistical quantities and
relationships. :
Symmetry - If the distribution is symmetrical, the box 1s divided
in two equal halves by the median, the whiskers will be the
same length and the number of extreme data points will be
distributed equally on either end of the plot for symmetric data.

EPA QA/G-9R Peer Review DRAFT
29

‘Example Box-
and-Whiskers Plot

April 2004



Stem-and-Leaf Plot

Description: Each observation in the stem-and-leaf
plot consists of two parts: the stem of the observation
and the leaf. The stem is usually made up of the

leading digit of the numerical values while the leaf is 30.00 | 33.41 35.00 38.00 38.00 38.19 99.00
made up of trailing digits in the order that 40.00 | 40.00 40.00 41.00 41.00 42.00 43.02 43.10 .49
Corresponds to the order of magnitude from left to 50.00 | 50.00 50.00 $0.39 51.00 51.00 $3.00 53.00 55.00
right. The stem is dlsplayed on the vertical axis and 50.00 | 61.00 51.00 §3.00 63.00 ss.§ $8.00 68.00

the data points displayed from left to right. 7000 1 74.00 75.00

Advantages: Stores data in a compact form while, at
the same time, sorts the data from smallest to largest.

Outliers - Values that are unusually large or small are easily 1dent1ﬁed

Stem-and-Leaf Plot

10.00 | 14.00

20.00 | 21.00 24.00 24.00 26.00 28.00 29.00 29.00

80.00 | 84.00

Non-detects can be placed in a single stem.

Example Stem-and-Leaf Plot

Drawbacks: Requires the reviewer make arbitrary
choices to partition the data.

Uses:

Ranked Data Plot

Description: A plot of the data from smallest to
largest at evenly spaced intervals.

Advantages: Easy to construct, easy to interpret,
. makes no assumptions about a model for the data, and

shows every data point. [

Uses:

Distribution - Normally distributed data is approximately bell shaped.
Symmetry - The top half of the stem-and-leaf plot will be a mirror image of the bottom

half of the stem-and-leaf plot for symmetric data.
Skewness - Data that are skewed to the left will have the bulk of data in the top of the plot

and less data spread out over the bottom.

Data Values
H
*

Density - A large amount of data values have a po— S Largent
flat slope, i.e., the graph rises slowly. A small
amount of data values have a large slope, i.c.,
the graph rises quickly.

Skewness - A plot of data that are skewed to the
right (many low values, but few high) extends mores sharply at the top giving the graph a
‘U’ shape. A plot of data that are skewed to the left (few low values, but many high)
increases sharply near the bottom giving the graph an inverted ‘U’ shape.

Symmetry - The top portion of the graph will stretch to upper right comner in the same
way the bottom portion of the graph stretches to lower lefi, creating a S-shape, for

symmetric data.

Example Ranked Data Plot
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Quantile Plot

Description: A graph of the data against the

quantiles. 4
Advantages: Easy to construct, easy to interpret, 3t
makes no assumptions about a model for the data, g fojom o,
and displays every data point. s,
8
Uses: Density - A large amount of data values °1 I _,»-‘““"'JH
has a flat slope, i.¢., graph rises slowly. A
small amount of data values has a large """‘",“ . TW .
slope, i.e., the graph rises quickly. % 02 04 06 08 1
Skewness - A plot of data that are skewed s b o A

to the right (many low values, but few high) is steeper at the top right than the bottom
left. A quantile plot of data that are skewed to the left (few low values, but many high)
increases sharply near the bottom left of . Example Quantile Plot

the graph.

Symmetry - The top portion of the graph

will stretch to the upper right corner in the same way the bottom portion of the graph
stretches to the lower left, creating an S-shape for symmetric data.

Normal Probability Plot (Two Variables) >

Description: The graph of the quantiles of a data i

set against the quantiles of the normal distribution . i
plotted on normal probability graph paper. y il

Drawbacks: Complex to generate by hand, but can
be created with most statistical software (see G-95). T

Uses: Normality - The graph of normally
distributed data should be linear. |
Symmetry - The degree of symmetrycanbe L_°: = o » = o oo n o w = w |
determined by comparing the right and left Example Normal Probability Plot
sides of the plot.

Outliers - Data values that are much larger or
much smaller than rest will cause the other
data values to be compressed into the middle
of the graph, ruining the resolution.
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Scatterplot (Two Paired Variables) ap .
Description: Paired values are plotted on separate axes. '
m.
Advantages: Clearly shows the relationship between =
two variables, easy to construct. g
g‘” x
Uses: Correlation/Trends - Linearly correlated * . oo,
variables cluster around straight line. Nonlinear or g, *}
patterns may be obvious. e "
Outliers - Potential outliers from a single variable % 2 P P 5
or from paired variables may be identified. CrvomiumM (et
Cluster:ing - Points clustered together can be Example Scatter Plot
easily identified.
Time Plot (Temporal Data) ‘ D
Description: A plot of the data over time.
¥ *
. B}
Advantages: Easy to generate and interpret. = " ox
® X X *
= % 5 x * X
Uses: Trends - Including large-scale and small- S * xa g % By L ® g 1
scale, seasonal (patterns that repeat over g L X x . . 8 ¥
time), and directional (downward/upward ol £ox Xk
trends).
Serial Correlation — Shows relationship
betwcep .successwe ob_servat19ns. 00 s o B D B 3) 5 :EL = o
Variability - Look for increasing or Tire
decreasing variability over time.
Qutliers - Values that are unusually large or Example Time Plot
small are easily identified.
Plot of the Autocorrelation Function - Correlogram T
(Temporal Data)
1%
Description: A plot of the ordered sample s
autocorrelation coefficients. *
- 05¢
x X
Drawbacks: Data must be at equally spaced intervals. st *,( TR
It is tedious to construct by hand (see G-95). ol X x ox K .
* * *
x ¥ ¥ X
Uses: Serial Correlation - The relationship between 05¢ -
successive observations. . PR TUUIC TP PUTOT IR
0 5 0 B D 3 A
k
Example Correlogram
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Posting Plots (Spatial Data)
Description: Map of data locations along with
corresponding data values.

Drawback:  May not be feasible for large
amounts of data

Uses: Errors - 1dentify obvious errors in data
location and values.
Sampling Design - Easy way to review
design.
Trends - Obvious trends are easily
identified.

Symbol Plots (Spatial Data)

Description: Map of data locations along with
symbols representing ranges of data values.

Disadvantage: Cannot see actual data points.

Use: Errors - Identify obvious errors in data
location and magnitude.
Sampling Design - Easy way to review
design.
Trends - Obvious trends are easily
identified.
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Appendix C: Common Hypothesis Tests

g
2 2 A
E|l 8| B 2
7] ~
218 8 |£|Z
S8 F |38
g E 2 z i Other Assumptions
One-Sample ¢-Test X X X X |1 X
Compare a mean to a fixed number
- for example, to determine whether | Wilcoxon Signed X X Not many data values are 1dentical
the mean contaminant level 1s greater | Rank Test Symmetric
than 10 ppm Data come from a right-skewed
Chen Test X | X X distribution (like a lognormal
distribution)
Compare a median to a fixed Wilcoxon Signed x | x Not many data values are identical
number - for example, to determine | Rank Test Symmetric
Whether the median is greater than No sample values equal to the fixed
5% Sign Test X | X P q
level
Compare a proportion or
percentile to a fixed number - for
example, to determine if 95% of all | One-Sample x | x
companies emitting sulfur dioxide Proportion Test
into the air are below a fixed
discharge level.
Compare a variance to a fixed
number - for example, to determine .
if the variability of an analytical Chi-squared test XX X
method exceeds a fixed number.
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[Random Sample

ﬁndependence

[Normal Distribution

INo Qutliers

#No (or few) NDs

Other Assumptions

Compare a correlation coefficient
to a fixed number - for example,
determine if the correlation between
two contaminants exceeds 0.5.

Test of a Correlation
Coefficient

>

>

* Linear relationship

Compare two means - for example,
to compare the mean contaminant
level at a remediated Superfund site
to a background site or to compare
the mean of two different drinking
water wells.

Student's
Two-Sample ¢-Test

* Same variance

Satterthwaite's
Two-Sample ¢-Test

Compare several means against a
control population - for example, to
compare different analytical methods
to the standard method.

Dunnett’s Test

*  All group si1zes are approximately
equal

Compare two proportions or
percentiles - for example, to compare
the proportion of children with
elevated blood lead in one area to the
proportion of children with elevated
blood lead in another area.

Two-Sample Test for
Proportions

Compare two correlations - for
example, to determine which of two
contaminants is a better predictor of a
third

Kendall’s Test

* Linear relationships
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g
2 "
L =
Els| B 2
28| A& | £]2
& — =
S1&| §F |8|s
5 E 2 2| 2 Other Assumptions
F-Test X X X s 2 populations only
Compare the variances of 2 or
more populatio_ns - for example, to | ga tett's Test X X X « 2 or more populations
compare the variances of several
analytical methods.
Levene's Test X1 X X * 2 or more populations
»  The two distributions have the same
Wilcoxon Rank Sum sha]pe a?d d}:persm? (’approxlmately)
Determine if one population Test X | X *  Only a few identical values
distribution differs from another * The difference is assumed to be some
distribution - for example, to fixed amount
compare the contaminant levels at E
. X . qual vanances
a ;enl:ed;(ated S:perfund site those ¢ Data generated using systematic or
0% 2 background area. Quantile Test X1 X X simple random sampling design
» The difference is assumed to be only
part of the distributions
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Appendix D: Commonly Used Statements of Hypotheses

. . Alternative
Type of Decision Null Hypothesis Hypothesis
Compare environmental conditions to a fixed The value of the The value of the
threshold value, such as a regulatory standard or measured parameter measured parameter
acceptable risk level; presume that the true 1s at most the 1s greater than the
condition 1s at most the threshold value. threshold value. threshold value.
Compare environmental conditions to a fixed gzs‘;arl:g oafI:he e Tt: val:: of the ;
threshold value; presume that the true condition 1s ) g‘ meter measurec parameter
at least the threshold value. 1s at least the 15 less than the
threshold value. threshold value.
Compare environmental conditions to a fixed
threshold value; presume that the true condition 1s The value of the The value of the
measured parameter measured parameter

equal to the threshold value and the reviewer 1s
concerned whenever conditions vary sigmficantly
from this value.

1s equal to the
threshold value.

is not equal to the
threshold value.

Compare environmental conditions associated with

two different populations to a fixed threshold value | The difference The difference

such as a regulatory standard or acceptable nsk between the two between the two
level; presume that the true condition 1s at most the | measured parameters | measured parameters
threshold value. If it 1s presumed that conditions 1s at most the 1s greater than the
associated with the two populations are the same, threshold value. threshold value.

the threshold value 1s 0.

Compare environmental conditions associated with

two different populations to a fixed threshold value | The difference The difference

such as a regulatory standard or acceptable nsk between the two between the two
level; presume that the true condition is at least the | measured parameters | measured parameters
threshold value. If it is presumed that conditions 1s at least the 15 less than the
associated with the two populations are the same, threshold value. threshold value.

the threshold value is 0.

Compare environmental conditions associated with

two different populations to a fixed threshold value | The difference The difference

such as a regulatory standard or acceptable nsk between the two between the two

level; presume that the true condition is equal to
the threshold value. If it is presumed that

measured parameters
1s equal to the

measured parameters
is not equal to the

conditions associated with the two populations are | threshold value. threshold value.
the same, the threshold value is 0.
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Appendix E: Common Assumptions and Transformations

Independence

' The assumption of independence of data is the key to the validity of the false rejection

. and false acceptance error rates associated with a selected statistical test. When data are truly
independent between themselves, the correlation between data points is by definition zero and
the selected statistical tests work with the desired chosen decision error rates (given appropriate
other assumptions have been satisfied). When correlation (usually positive) exists, the
effectiveness of statistical tests is diminished. Environmental data are particularly susceptible to
correlation problems due to the fact that such environmental data are collected under a spatial
pattern (for example a grid) or sequentially over time (for example, daily readings from a
monitoring station).

The reason non-independence is an issue for statistical testing situations is that if
observations are positively correlated over time or space, then the effective sample size for a test
tends to be smaller than the actual sample size — i.e., each additional observation does not provide
as much "new" information because its value is partially determined by (or a function of) the
value of adjacent observations. This smaller effective sample size means that the degrees of
freedom for the test statistic decreases, or equivalently, the test is not as powerful as originally
thought. In addition to affecting the false acceptance error rate, applying the usual tests to
‘correlated data tends to result in a test whose actual significance level (false rejection error rate)
is larger than the nomlnal error rate.

One of the most effective ways to determine statistical independence is through use of the
Rank von Neumann Test. Compared to other tests of statistical independence, the rank von
Neumann test has been shown to be more powerful over a wide variety of cases. This means that
very little effectiveness is lost by always using the ranks in place of the original concentrations;
the rank von Neumann ration should still correctly detect non-independent data.

Distributional Assumptions

Many statistical tests and models are only 03¢
appropriate for data that follow a particular
distribution. Two of the most important distributions | o2 Mol Distiation
- for tests involving environmental data are the normal
distribution and the lognormal distribution. To test if | o1} Logmumal Disibusion
the data follow a distribution other than the normal ' i
distribution or the lognormal distribution, apply the o> g p” po 5 ol

chi-square test or consult G-9S.

The a‘ééumption of normality is v§ry important, as it is the basis for the majority of
statistical tests. A normal distribution is a reasonable model of the behavior of certain random
phenomena and can often be used to approximate other probability distributions. In addition, the
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Central Limit Theorem shows that as the sample size gets large, some of the sample summary
statistics (e.g., the sample mean) behave as if they are a normally distributed variable. Asa
result, a common assumption associated with parametric tests or statistical models is that the
errors associated with data, or a proposed model, approximate a normal distribution.

Environmental data commonly exhibit distributions that are non-negative and skewed
with heavy or long right tails. Several standard probability models have these properties,
including the Weibull, gamma, and lognormal distributions. The lognormal distribution is a
commonly used distribution for modeling environmental contaminant data. The advantage to this
distribution is that a simple (logarithmic) transformation will transform a lognormal distribution
into a normal distribution. So, methods for testing for normality can be used to test for
lognormality if a logarithmic transformation has been used.

Tests for Normality

Sample

. Recommended Use
Size

Test

Highly recommended but difficult to compute by

Shapiro-Wilk Test < 50 hand.

Filliben's Statistic < 100 | Highly recommended but difficult to compute.

Geary's Test >50 | Useful when tables for other tests are not available.

Highly recommended if the data are symmetric, the
tails of the data are not heavier than the normal
distribution, and there are no extreme values.

%:tientlzed Range < 1000

Useful for grouped data and when the comparison
Chi-Square Test Large | distribution is known. May be used for other
distributions besides the normal distribution

Outliers are measurements that are extremely large or small relative to the rest of the data
and, therefore, are suspected of misrepresenting the population from which they were collected.
Outliers may result from transcription errors, data-coding errors, or measurement system
problems such as instrument breakdown. However, outliers may also represent true extreme
values of a distribution (for instance, hot spots) and indicate more variability in the population
than was expected. Not removing true outliers and removing false outliers both lead to a
distortion of estimates of population parameters.

Outliers

Statistical outlier tests give the reviewer probabilistic evidence that an extreme value
(potential outlier) does not "fit" with the distribution of the remainder of the data and is therefore
a statistical outlier. These tests should only be used to identify data points that require further
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investigation. The tests alone cannot determine whether a statistical outlier should be discarded
or corrected within a data set; this decision should be based on expert or scientific grounds.

Potential outliers may be identified through a graphical representation of the data. If
potential outliers are identified, the next step is 1o a statistical test. If a data point is found to be
an outlier, the reviewer may either: 1) correct the data point; 2) discard the data point from
analysis; or 3) use the data point in all analyses. This decision should be based on scientific
reasoning in addition to the results of the statistical test. For instance, data points containing
transcription errors should be corrected, whereas data points collected while an instrument was
malfunctioning may be discarded. One should never discard an outlier based solely on a
statistical test. Instead, the decision to discard an outlier should be based on some scientific or
quality assurance basis. Discarding an outlier from a data set should be done with extreme
caution, particularly for environmental data sets, which often contain legitimate extreme values.
If an outlier is discarded from the data set, all statistical analysis of the data should be applied to
both the full and truncated data set so that the effect of discarding observations may be assessed.
If scientific reasoning does not explain the outlier, it should not be discarded from the data set.

If any data points are found to be statistical outliers through the use of a statistical test,
this information will need to be documented along with the analysis of the data set, regardless of
whether any data points are discarded. If no data points are discarded, document the
identification of any "statistical" outliers by documenting the statistical test performed and the
possible scientific reasons investigated. If any data points are discarded, document each data
point, the statistical test performed, the scientific reason for discarding each data point, and the
effect on the analysis of deleting the data points.

Statistical Tests for Outliers

———
ompesi|  ter | e [ e |
ng25 Extreme Value Test Yes Yes
n<50 Discordance Test Yes No
n>x25 Rosner's Test Yes Yes
n250 Walsh's Test No Yes
-
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Values below Detection Limits

Data generated from chemical analysis may fall below the detection limit (DL) of the
analytical procedure. These measurement data are generally described as not detected, or
nondetects, (rather than as zero or not present) and the appropriate limit of detection is usually
reported. In cases where measurement data are described as not detected, the concentration of the
chemical is unknown although it lies somewhere between zero and the detection limit. Data that
includes both detected and non-detected results are called censored data in the statistical

literature.

There are a variety of ways to evaluate data that include values below the detection limit.
However, there are no general procedures that are applicable in all cases. All of the suggested
procedures for analyzing data with nondetects depend on the amount of data below the detection
limit. For relatively small amounts below detection limit values, replacing the nondetects with a
small number and proceeding with the usual analysis may be satisfactory. For moderate amounts
of data below the detection limit, a more detailed adjustment is appropriate. In situations where
relatively large amounts of data below the detection limit exist, one may need only to consider
whether the chemical was detected as above some level or not. The interpretation of small,
moderate, and large amounts of data below the DL is subjective.

In addition to the percentage of samples below the detection limit, sample size influences
which procedures should be used to evaluate the data. For example, the case where 1 sample out
of 4 is not detected should be treated differently from the case where 25 samples out of 100 are
not detected. In some cases, the data investigator should consult a statistician for the most
appropriate way to evaluate data containing values below the detection level.

Guidelines for Analyzing Data with Nondetects

Percentage of . )
Nondetects Statistical Analysis Method

Replace nondetects with DL/2,

0,
<15% DL, or a very small number.
Trimmed mean, Cohen's
15% - 50% adjustment, Winsorized mean

and standard deviation.

> 50% - 90% Use tests for proportions
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Transformations

Data that do not satisfy statistical assumptions can sometimes be converted or
transformed mathematically into a form that allows standard statistical tests to perform
adequately. Any mathematical function that is applied to every point in a data set is called a
transformation and the most commonly used transformation is:

Logarithmic (Log X or Ln X): This transformation may be used when the original
measurement data follow a lognormal distribution or when the variance at each level of
the data is proportional to the square of the mean of the data points at that level.

By transforming the data, assumptions that are not satisfied in the original data can be
satisfied by the transformed data. For instance, a right-skewed distribution can be transformed to
be approximately Gaussian (normal) by using a logarithmic or square-root transformation. Then
the normal-theory procedures can be applied to the transformed data. If data are lognormally
distributed, then apply procedures to logarithms of the data. However, selecting the correct
transformation may be difficult and the reviewer should consult a statistician.

Once the data have been transformed, all statistical analysis must be performed on the
transformed data. No attempt should be made to transform the data back to the original form
because this can lead to biased estimates. For example, estimating quantities such as means,
variances, confidence limits, and regression coefficients in the transformed scale typically leads
to biased estimates when transformed back into original scale. However, it may be difficult to
understand or apply results of statistical analysis expressed in the transformed scale. Therefore,
if the transformed data do not give noticeable benefits to the analysis, it is better to use the

original data.
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Appendix F: Checklist of Outputs for Data Quality Assessment

G-9R G-9S
Step Toput Section Section

1 Well-defined project objectives and 11 11
criteria ’ ’
Verification that the hypothesis chosen

1 | is consistent with the objective and 1.2 1.1
criteria
A list of any deviations from the

1 | planned sampling design and the effects 1.4 1.1
of these deviations

2 Statistics of interest have been 22 29
calculated

2 Gra.phs and plots of the data are 23 23
available
The statistical method for data analysis

3 3.0 3.1
has been selected
The assumptions underlying the method

3 | have been identified 3.0 3.2-34
Documentation of the method used to

4 | verify each assumption and the results 41 4.1
from these investigations
A description and rationale for any

4 | corrective actions that were taken, if 42&4.3 4.1
any were necessary
Statistical results with a specified

5 .. 5.1 5.2
significance level
An assessment of the performance of

5 . . 5.5 54
the sampling design

5.6 Interpretation of the statistical result and | 5.3 - 5.4, 5.5
’ study conclusions 6.1 &6.2 )
6 | A final product or decision 6.3-6.5 5.5
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