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NOTICE

The United States Environmental Protection Agency (ER#ough its Office of Research and
Development (ORD) funded and managed the research desicrithésl ProUCL Technical Guiddt has
been peer reviewed by the EPA and approved for publicati@mtion of trade names or commercial
products does not coitsite endorsement or recommendation by the EPA for use.

1 ProUCL software was developed by Lockheed Martin, IS&E&3IVIL under a contract with the
EPA and is made available through the EPA Technical Support Center in Atlanta, Georgia.

1 Use of any portion foProUCL that does not comply with the ProUCL Technical Guide is not
recommended.

1 ProUCL contains embedded licensed software. Any modification of the ProUCL source code
may violate the embedded licensed software agreements and is expressly forbidden.

1 ProUCL software provided by the EPA was scanned with McAfee VirusScan v4.5.1 SP1 and is
certified free of viruses.

With respect to ProUCL distributed software and documentation, neither the EPA nor any of their
employees, assumes any legal liability or oesbility for the accuracy, completeness, or usefulness of

any information, apparatus, product, or process disclosed. Furthermore, software and documentation are
suppl tiesdb fwag hout guarantee or warrant yationemypr ess e
warranty of merchantability or fithess for a specific purpose.



Minimum Hardware Requirements
ProUCL 5.0.00 will function but will run slowly and page a lot.

Intel Pentium 1.0 GHz

45 MB of hard drive space

512 MB of memory (RAM)

CD-ROM drive orinternet connection

Windows XP(with SP3), Vista (with SP1 or later), and Windows 7.
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ProUCL 5.0.00 will function but some titles and some Graphical User Interfaces (GUIs) will need to be
scrolled.Definition without color will be marginal.

f 800 by 600 Pixed
1 Basic Color is preferred

Preferred Hardware Requirements

1 1 gigahertz (GHz) or faster Processor.
1 1 gigabyte (GB) of memory (RAM)
1 1024 by 768 Pixels or greater color display

Software Requirements

ProUCL 5.0.00 has been developed in the Microsoft .NEamEwork 4.0 using the C# programming
language. To properly run ProUCL 5.0.00 software, the computer using the program must have the .NET
Framework 4.0 prinstalled. The downloadable .NET Framework 4.0 files can be obtained from one of
the following websks:

1 http://msdn.microsoft.com/netframework/downloads/updates/default.aspx
http:/Mww.microsoft.com/erus/download/details.aspx?id=17851
Quicker site for 32 Bit Operating systems

1 http://www.microsoft.com/emis/download/details.aspx?id=24872
Use this sitefiyou have a 64 Bit operating system



http://msdn.microsoft.com/netframework/downloads/updates/default.aspx
http://www.microsoft.com/en-us/download/details.aspx?id=17851
http://www.microsoft.com/en-us/download/details.aspx?id=24872

Installation Instructions when Downloading from the EPA Web Site
1 Download the file SETUP.EXE from the EPA Web site and save to a temporary location.

1 Runthe SETUP.EXE program. This will create a ProUCL dirgaiod two folders:
1) The USER GUIDE (this document), and 2) DATA (example data sets).

1 To run the program, use Windows Explorer to locate the ProUCL application file, and
Double click on it, or use the RUN command from the start menu to locate the

ProUd..exe file, and run ProUCL.exe.

1 To uninstall the program, use Windows Explorer to locate and delete the ProUCL folder.

Caution: If you have previous versions of the ProUCL, which were installed on your computer, you
should remove or rename the directoryvhich earlier ProUCL versions are currently located.

Installation Instructions when Copying from a CD

1 Create a folder nameldroUCL 5.0 on a local hard drive of the machine you wish to
install ProUCL 5.0.

1 Extract the zipped fil®roUCL.zip to the blder you have just created.

1 RunProUCL.exe

Note: If you have extension turned off, the program will sheith the nameéProUCL in your directory
and have an Icon witthe labelProUCL.

Creating a Shortcut for ProUCL 5.0 on Desktop

1 To createa shotcut of the ProUCL program on your desktop, go teur ProUCL
directory and right click on the executable praog and sendt to desktop. A ProUCL
icon will be displayed on your desktop. This shortcut will point to the ProUCL directory
consistingof all filesrequiredto executeéProUCL 5.0

Caution: It should be noted that since all files in your ProUCL directory are needed to execute the
ProUCL software, one needs you generate a shortcut using the process describe8 pawifically,

simply dragging théProUCL executablefile from Window Exploreronto your desktop will not work
successfully(an error message will appeas all files needed to run the software are not available on
your desktop. Your shortcut should point to the direcpathwith all required ProUCL files.



Getting Started

The functionality and the use of the methods and options available in ProUCL 5.0 have been illustrated
using Screen shots of output screen generated by ProUCL 5.0. ProUCL 5.0 usedacaviputhenu
structure, similato a typical Windows program.

The screeshownbelow appears when the program is executed.
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The above screen consists of three main window panels:
1 TheMAIN WINDOW displays data sheets and outputs redtdta the procedure used.
1 TheNAVIGATION PANEL displays the name of data sets and all generated outputs.

o The navigatiorpanel can hold up to 40 output filda order to see more files (data
files or generated output files), one can click on Widow Option.

o In the NAVIGATION PANEL, ProUCL assign self explanatory names to output
files generated using the various modules of ProUCL. If the same module (e.g.,
Time Series Plot) is used many times, ProU@éntifiesthem by using letters a, b,
c,...and so on as shown below.

Mavigation Panel

MName

Well-mp-27 xds
REGRESS xds
Theil-S5en xds
Trend Test.gst
Time Series gst
Time Series_a gst
Time Series_b gst
Time Series_c gst
Mann-Kendall xls
Trend Test_z.gst




o The user may want to sign names of his choice to these output files when saving
them using the "Save" or "Sa@a" Options

1 TheLOG PANEL displays transactions in green, warnings in orange, and errors in red. For
an example, when one attempts to run a procedure meant foemsibred data sets on a full
uncensored data set, ProUCL 5.0 will print out a warning message in orange in this panel.

o Should both panels be unnecessary, you can cli@msggure 3 PanelON/OFF.

The use of this option gives extra space to see and print out the statistics of interest. For example, one
may want to turn off these panels when multiple variables (e.g., muitiletilequantie [Q-Q] plots)

are analyzed andoodnes®f-fit (GOF statistics and other statistics may need to be captured for all of
theselectedvariables.
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EXECUTIVE SUMMARY

The main objective of the ProUCL software fundedthy USEPA is to compute rigorogsatistics to
help decision makerand project teamsn making correctdecisions at a polluted sitehich arecost
effective, andprotective of human health and the environm&he ProUCL software is based upon the
philosophy that rigorous statistical methoctsn be used to compute correct issites of population
parameters and decision making statistictuding the upper confidence limit (UCLYf the mean,the
upper tolerance limit (UTL)and theupper prediction limit (UPL) to help decision makers and project
teams in making correct deasis A few commonly used text book type methods (e.g., CLT, Student's t
UCL) alonecannot address aficenarios andituationsoccurring in the various environmental studies
Since many environmental decisions are based upon a 95%WCIL95) of the populion mean, it is
important to compute correct UCLs of practicarit. Theuse and applicability of atatisticalmethod
(e.g., student's-WCL, Central Limit Theorem (CT)-UCL, adjusted gamm&CL, Chebyshev UCL,
bootstrapt UCL) depend upon data size, @akewness, and data distributiBnoUCL computes decision
statistics using several parametric and nonparametric methods coveringramwgdeof data variability
distribution,skewnessand sample sizdt is anticipated that the availability of the titical methods in
the ProUCL software covering a wide range of environmental data sets will help the decision makers in
making more informative and correct decisions at the various Superfund and RCRA sites.

It is noted that for moderately skewed to Wygbkewed environmental data sets, UCLs based on the CLT
and the Student'sstatistic fail to provide the desired coverage (e.g., 0.95) to the population mean even
when the sample sizes are as large as 100 or more. The sample size requirements agtotiet€s T
increases with skewness. It will be naive and incorrect to state that a C&ilident'sstatistic based

UCLs are adequate to estimate EPC terms based upon skewed data sets. These facts have been described
in the published documents summargisimulation experiments conducted on positively skewed data
sets to evaluate the performances of the various UCL computation methods. The use of a parametric
lognormal distribution on a lognormally distributed data set yields unstable impractaraé/UCLs

values, especially when the standard deviatamh ¢f the logtransformed data becomes greater than 1.0

and the data set is of small size less thatd@BOMany environmental data sets can be modeled by a
gamma as well as a lognormal distributioneTise of a gamma distribution on gamma distributed data
sets tends to yield UCL values of practical merit. Therefore, the use of gamma distribution based decision
statistics such as UCLs, UPLs, and UTLs cannot be dismissed by stating that it is eas@g@hana

model) to use a lognormal model to compute these upper limits.

The suggestions made in ProUCL are based upon the extensive experience of the developers in
environmental statistical methods, published environmental literature, and procedwebede

various EPA guidance documents. The inclusion of outliers in the computation of the various decision
statistics tends to yield inflated values of those decision statistics, which can lead to incorrect decisions.
Often inflated statistics computeasing a few outliers tend to represent those outliers rather than
representing the main dominant population of interest (e.g., reference area). It is suggested to identify
outliers, observations coming from population(s) other than the main dominantatpmpubefore
computing the decision statistics needed to address project objectives. The project team may want to
perform the statistical evaluations twice, once with outliers and once without outliers. This exercise will
help the project team in compudj correct and defensible decision statistics needed to make cleanup and
remediation decisions at polluted sites.

The initial development during 199900 and all subsequent upgrades and enhancements of the ProUCL
software have been funded by EF¥A throwgh its Office of Research and Development (ORDjitially
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ProUCL was developed as a research toolSBEPA scientists and researcherghad Technical Support
Center and ORINERL, EPA Las Vegas. Background evaluations, groundwater monitoring, exposure
and risk management and cleanup decisions in suppaheoComprehensive Environmental Recovery,
Compensation, and Liability Act (CERCLA) and Resource Conservation and Recovery Act (RIBRA)
projectsof USEPAare oftenderivedbased pon the various testatistics (e.g.ShapireWilk test, t-test,
Wilcoxon-MannWhitney WMW) test, analysis of varianceANOVA], MannKendall [MK] test) and
decision statistics including UGLof mean, UPEk, and UTls. To address the statistical needs of the
environmental prajcts of the USEPA wer the years ProUCL software has been upgradeldenhanced

to include many graphical tools and statistical methods described in the various EPA guidance documents
including: EPA 1989a, 1989b, 1991, 1892992b,2000 (MARSSIM), 2002a,2002b, 2002c, 20@6
2006b,and 2009Several statistically rigorous methods (e.qg., for data sets with NDs) not easily available
in the existing guidance documents and in the environmental literature are also available in ProUCL
version 5.0.00 (ProUCL 50

ProUCL 5.0 has graphicatstimation, and hypotheses testing metifodsincensoredull data sets and

for left-censored data sets consisting MDs observations with multiple detection limi{®Ls) or
reporting limits (RLs) In addition to computingeneralstatistics, ProUCL 5.0 hagpodnes®f-fit (GOF)

tests for normal, lognormal and gamma distributions, parametric and nonparametric methods including
bootstrap methodior skewed data sete computevarious decision making statistics such as UCLs of
mean (EPA 2002a), percentiles, UPLs #ocertain number duture observations (e.g., k with k=1, 2,

3,...) UPLs for mean of future  ( dddejvationsand UTLs (e.g., EPA 19922002k and2009) Many
positively skewed environmental data sets can beeted by a lognormal as well as a gamma model. It is
well-known that for moderately skewed to highly skewed data sets, the use of a lognormal distribution
tends to yield inflated and unrealistically large valuetheflecision statistics especially whdmetsample

size is small (e.g., <280). For gamma distributed skewed uncensored andtdefiored data sets,
ProUCL software compusedecision statistics ncl udi ng UCLs, percentil es,
observationsUTLs, and upper simultaneous limits (USLSs).

For data sets withNDs, ProUCL has several estimation methods including the Kaykiar (KM)
method, regression on order statistics (ROS) austhand substitution methods (e.g., replacing NDs by
DL, DL/2). ProUCL 5.0 can be used to compute upper limits which adjust for data skewness;
specifically, for skewed data sets, ProUCL 5.0 computes upper limits using KM estimates in gamma
(lognormal) UCLand UTL equations provided the detected observations in theelefored data set
follow a gamma (lognormal) distributio®ome poor performing commonly usadd citedmnethods such

as the DL/2 substitution method andstatistic based UCL computation het have been incorporated

in ProUCL for historical reasons, and research and comparison purposes.

The Sample Sizes module of ProUCL can be used to develop data quality objectives (DQOs) based
sampling designand to perform power evaluationseded to addss statistical issues associated with the
various polluted siteprojects.ProUCL provides user friendly options to enter the desired valugbdor
decision parametersuch asType | and Type Il error ratesnd other DQOs used to determinine
minimum sample sizes needed to address project objectives. The Sam@anSiidde can compute

DQOs based minimum sample sizes neettedstimate the populatianean to performsingle and twe

sample hypothes testing approacheand inacceptance samplirtg acept or reject a batch of discrete

items such as a lot of drums consisting of hazardous w&sith parametric €.g., t-test) and
nonparametric (e.g., Sign teYMW test, test for proportions) sample size determination methods are
available in ProUCL.

ProUCL hasexploratorygraphical methods for both uncensored data sets and faelefbred data sets
congsting of ND observations Graphical methods in ProUCL include histograms, multiple quantile
guantile (QQ) plots, and sidéy-side box plotsThe useof graphical displays provides additional insight
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aboutthe information contained ina data set that may neotherwisebe revealed by the use of estimates
(e.g., 95% upper limitsandtest statisticge.g., twesample ttest, WMW test).In addition to preiding
information about the data distributions (e.g., normal or gamm&),lbts are also useful in identifying
outliersandthe presence of mixtungopulations(e.g., data fronseveralpopulations)potentially present

in a data set. Sidey-side box plts and multiple Q@ plots are useful to visually compare two or more
data sets such as: siteersusbackground constituent concentrations, surfasersussubsurface
concentrations, andonstituentconcentrations aeveralgroundwater monitoring wells (M¥). ProUCL
also has a couple cofassicaloutlier test procedures, such as the Dixon test and the Rosnehiestcan

be used on uncensored data sets as well as aretefored data sets consisting of ND observations

PraUCL has parametric and nonpardnesinglesampleand twaesample hypotheses testing approaches
for uncensored as well as leitnsored data setSinglesamplehypotheses test§t u d etest,9ga t
test, Wilcoxon Signed Rnk test, and thdProportion testare used to compare site memedian
concentrations (or sormaherthreshold such as an upper percentile) with sameeagecleanup standard,
Cs (or anotto-exceedcompliance limit, 4) to verify the attainment of cleanup levels (EP®8%,;
MARSSIM, 2000;EPA 200&) at remediatedit® areas of concerrnSinglesampletestssuch as the Sign
test andProportion testand upper limitsncluding UTLs and UPLs are also us¢o perform intrawell
comparisonsSeveraltwo-samplehypotheses tests as describedEPA guidance documents (e.gPA
2002b, 2006, 2009 are also available ithe ProUCL software The two-sample hypotheses testing
approaches iProUCLIi nc | ud e : -te§tWMiVatasttGéhan tdsand TaronéNare testThe two-
sampletests are usetb compare concentrations of twmpulations such as siteersusbackground
surface versus subsurface soils, and upgradient versus downgradient wells.

The Oneway Analysis of VariancANNOVA) modulein ProUCL has both classical and nonparametric
KruskalWallis (K-W) tests Oneway ANOVAIs used to compare means (or medians) of multiple groups
such as comparing mean concentrations of several areas of concern and to perfomellinter
comparisons. In groundwater (GW) monitoring applicationte ordinary least squares (OLS) of
regressiontrend tests, and time series plots are used to idargifiards odownwardgrends potentially
presenin constituentoncentrationgentified inGW monitoring wells over a certain period of tinfde

Trend Analysis module performs MannKendall trend tesand Theil-Sen trend tesbn data sets with
missing values; and generates trend graphs displaying a parametric OLS regression line and
nonparametric Theiben trend line. The TimeeBesPlots option can be used to compare multiple time
series data sets.

The use of the incremental sampling methodology (ISM) has been recommended (ITRC, 2012) to collect
ISM soil samples needed to compute mean concentrations of the decision units (DUs) and sampling units
(SUs) requiring characterization and remediationvaies. At many polluted sites, a large amount of
discrete onsite and/or offsite background data are already available which cannot be directly compared
with newly collected ISM data. In order to provide a tool to compare the existing discrete background
data with actual field onsite or background ISM dat&Jante CarloBackground Incremental Sample
Simulator (BISS)modulehas been incorporated in ProUCIO %blocked for general public us&hich

may be usean alarge existing discretdbackgrounddata se The BISS module simulates incremental
sampling methodologypasedequivalent background incrementsdmples. The avalbility of a large
discretebackgrounddata set collected from areas with geological conditions ae@hfe to the DU(S) of
interest is aprerequsite for successful application of this modul&he BISS module has been
temporarily blocked for use in ProUCL 5.0 as this module is awaiting adegsatections andjuidance

for its intended use on discrete background data sets.

ProUCL 5.0is a user friendly freeware package providing statistical and graphicahtmled t@ddress
statistical issues described the variousEPA guidance document®roUCL 5.0can process many



constituens (variables) simultaneousty: perform various test(e.g., ANOVA and trend test statistics)
and compute decision statistics including UCLs of mean, UPLs, and Udlcapability not available in
severalcommercial software packages such asitdb 16and NADA for R (Helsel,2013). ProUCL 5.0
also has theapabilityof processing data by group variabld2toUCL 5.0is easy to usandit does not
requireany programmingskills as needed when usiogher software packages such as Minitab, SAS, and
programs written in R script.

Methods incorporated iRroUCL 5.0 have been tested and verified extensivslythe developers and the
various researchers, scientists, and users. The results obtained by ProUCL are in agreement with the
results obtained by using other software packages including Minitab, SAS, amdnpsogritten in R

Script. ProUCL 5.0 computes decision statistics (e.g., UPL, UTL) based upon the KM method in a
straight forward manner without flipping the data andlipping the computed statistics for lefensored

data sets; these operations are masy for a typical user to understand and perform. This can
unnecessarily become tedious when computing decision statistics for multiple variables/analytes.
Moreover, unlike survival analysis, it is important to compute an accurate estimate sofwitéch is

needed to compute decision making statistics including UPLs and UTLs. Foendsfired data sets,
ProUCL computes a KM estimate sd directly. These issues are elaborated by examples discussed in
this UserGuide and in the accompanying ProUCL BeghnicalGuide.
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Introduction

Overview of ProUCL Version 5.0.00 Software

The main objective of the ProUCL $efire funded bythe USEPA is to computeigorous decision
statistics to help the decision makers in making correct decisions whicbsteffective, andprotective

of human health and the environmehihe ProUCL software is based upon the philosophyrtgatous
statistical methodsanbe used to computbe correct estimates of population parametersg., site mean,
background percentilesihd decision making statistioscluding theupper confidence limit of (UCLjhe
mean,the upper tolerance limitYTL), and theupper prediction limit (UPL) to help the decision makers
and project teams in making correct decisioftse use and applicability of statisticalmethod (e.g.,
student's-tUCL, Central Limit Theorem@LT)-UCL, adjusted gamm&CL, Chebyshev QL, bootstrap

t UCL) depend upon data size, datmiability, dataskewness, and data distributid?roUCL computes
decision statistics using several parametric and nonparametric methods coveringrangédef data
variability, skewnessand sample sizé couple of text book methods described in most of the statistical
text books (e.g., Hogg and Craig, 1995) based upon the Studstatistic and the CLBRlonecannot
address alscenarios andituationscommonly occurring in the various environmentaidées It is naive
and incorrect to stater assume that Studentstatistic and/or CL based UCL®f mean will provide the
desired coverage (e.g., 0.95) to the population miegespective of the skewness of the data
set/population undesonsiderationThese issues haween discussed in detail in Chapters 2 and thef
ProUCL5.0 Technical guide. Several examples have been disctissradyhoutthis guidance document
and also in the accompanying ProUCL BedthnicalGuide toelaborateon thesassues

The use of a parametric lognormal distribution on a lognormally distributed data set tends to yield
unstable impractically large UCLs values, especially when thelatdrdeviation of the legyandormed

data is greater than 1.0 and the data setssndf sizesuch agess than 3®0 (Hardin andGilbert, 1993

Singh, Singh, and Engelhardt, 1997). Many enmvitental data sets can be modeled by a gamma as well

as a lognormal distributiorGenerally, he use of a gamma distribution on gamma distributed skt

yields UCL values of practical merit (Singh, Singh, and laci, 2002). Therefore, the use of gamma
distribution based decision statistics such as UCLs, UPL, and UTLs cannot be dismissed just because it is
easier to use a lognormal model compute thes upper limits or incorrectly assuming that the two
distributions behave in a similar mann&he advantages of computing the gamma distribution based
decisionstatistics are discuss@dChapters 5 of the ProUCL 5.0 Technicguidance document.

Since nany environmental decisions amegadebased upon a 95% UCL of the population mean, it is
important to compute correct UChsid other decision making statistafspractical merit.In an effort to
compute correct UCLs of the population mean and other dacisiaking statistics, in addition to
computing the Student's t statistic and the CLT based statistics (e.g., UCLs, UPLSs), significant effort has
been made to incorporate rigorous statistical methods based UCLs (and other limits) in the ProUCL
software coering a widerange of data skewness and sample sizes (e.g., Singh, Singh, and Engelhardt,
1997; Singh, Singh, and laci, 2002; and Singh, Singh, 2003). It is anticipated that the availability of the
statistical methods in the ProUCL software covering a wadge of environmental data sets will help the
decision makers in making more informative and correct decisions at the various polluted sites.

It is noted that even for skewed data sets, practitioners tend to use the CLT or Ststiztigtectbased
UCLs of mean based upon samples of sizeS§@%laige sample rulef-thumb to use CLT). However,
thisruleoft humb does not apply to moderately skewed

t

(0]



(standard deviation of the ldgansformeddata) starts exceeding The large sample requirement
associaté with the use of the CLT depends upon the skewness of the data distribution under
consideration. The large sample requirement for the sample mean to follow an approximate normal
distribution increases witthe dataskewnessandfor skewed data sets, eveamples of size greatthan

(>)100 may not be large enough for the sample mean to follow an approximate normal distribation.
moderately skewed to highly skewed environmental data sets, as expg€iksl basednthe CLT and

the Student's-tstatistc fail to provide the desired coverage to the population mean even when the sample
sizes are as large as 100 or more. These facts have been verified in the published simulation experiments
conducted on positively skewed data sets (e.g., Singh, SinglErgedhardt, 1997Singh, Singh, and

laci, 2002 and Singh and Singh, 2003).

The initial development and all subsequent upgrades and enhancement of the ProUCL software have been
funded bythe USEPA through its Office of Research and Development (ORDitially ProUCL was
developed as a research tool for scientists and researchies Tafchnical Support Center and ORD
NERL, EPA Las VegasDuring 19992001, the initial intent and objectives of developing the ProUCL
software(Version 1.0 and VersioR.0) were to provide a statistical research tool to EPA scientists which
can be used to compute theoretically sound 95% upper confidence limits (UCL95s) of the mean routinely
used in exposure assessment, risk management and cleanup decisions made at va@hés 8&DER
RCRA sites (EPAL992a,2002a). During 2002, the peesviewed ProUCL version 2.1 (with Chebyshev
inequality based UCLs) was released for public USeveralresearcherdiave developed rigorous
parametric and nonparametritatistical methods (e.gJohnson, 1978(Grice and Bain, 1980; Efron
(1981,1982; Efron and Tibshirani, 1993; Hall (1988, 19938utton, 1993; Chen, 1995jngh, Singh,

and Engelhardtl997 Singh, Singh, and laci, 20p20 compute upper limitée.g., UCLs)which adjust

for dataskewnessSince Student'sWCL, CLT-UCL, and percentile bootstrap UCL fail to provide the
desired coverage to the population mean of skewed distributieveral parastric (e.g., gamma
distribution based) and nonparametric (e.g., BCA bootstrap andtriapatsChebyshev UC)L. UCL
computation methods/hich adjust for data skewnesgere incorporated in ProUCL versions 3.0 and
3.00.02during 20032004.ProUCL version 3.00.02 also thgraphical quantileguantile (QQ) plots and
GOFtests for normal, lognormabnd gamma distributionsapabilites to statisically anayze multiple
variablessimultaneouslyvere also incorporated ProUCL 3.00.0ZEPA 2004).

It is important to compute decision statistics (e.g., UCLs, UTLs) which areeffestive and protdive

of human health and the environment (balancing between Type | and Type Il errors), therefore, one
cannot dismiss the use of the befteetter than-tJCL, CLT-UCL, ROS and KMpercentile bootstrap
UCL, KM-UCL (t)] performing UCL computation methods Inding gamma UCLs and the various
bootstrap UCLs which adjust for data skewness. During 2004, ProUCL wasipgraded to versions
4.00.02, and 4.00.04. These upgrades incluggaoratorygraphical €.g., Q-Q plots, box plots) and
statistical(e.g., maxinum likelihood estimation [MLE]KM, and RO$ methods for lefcensored data
sets consisting of nondetect (NDs) observations with multiple @LRLs For uncensored and left
censored data sets, these upgrades provide statistical methods to computenitpppelicentiles, UPLs
and UTLs needed to estimate ssfgecific background levedonstituentconcentrations or background
threshold values (BTVs). To address statistical needs of background evaluation projest\@SHIM,
2000; EPA 200d), severalsinglesampleand twesample hypotheses testing approaches were also
included in these ProUCL upgrades.

During 20082010, ProUCL was upgraded to ProUCL 4.00.05. The upgraded ProUCL was enhanced by
includingmethods to computgamma distribution based UPhad UTLs Krishnamoorthy, Mathew, and
Mukherjee, 2008)The Sample Size module to compute DQOs based minimum sampleaeaeto



address statistical issues associated with the various environmental peppctHIARSSIM, 2000EPA
[20@2c, 2006, 2006k was also incorporated in ProUCL 4.00.05.

During 20092011, ProUCL 4.00.05 was upgraded to ProUCL 4.1 and 4.1.01. ProUGR0LQ) and
4.1.01 (2011) retairall capabilities ofthe previous versions of ProUCL software. Two new modules:
Oneway ANOVA andTrend Analysis were included in ProUCL 4.1. The Oneway ANOVA module has
both parametric and nonparametric ANOVA tests to perform-imédrcomparisons. The Trend Analysis
module can be used to determine potentipivard or downwardtrends present incongituent
concentrations identified in GW monitoring wells (MWs). The Trend Analysis module can compute
MannKendall (MK) and TheilSen (T-S) trend statistics to determine upward or downward trends
potentially present iranalyteconcentrations.ProUCL 4.1also has thérdinary LeastSquares (OLS)
Regression module. IRProUCL 4.1, some modifications were made in decision tables used to make
recommendations regarding the use of UCL95 to estimate EPC terms. Specifically, basthe rguemt
experience, devepers of ProUCL rdteraied that the use o& lognormal distribution to estimate EPC
termsand BTVs should be avoided, as the use of lognormal distribution tends to yield unrealistic and
unstable values of the decision making stassincluding UCL, UPL,and UTL; this is especially true
when the sample size is <30 and the data set is moderately skewed to highly skewed. During March
2011, a couple of webinars were presented describing the capabilities and use of the methods available in
ProUCL 4.1.

PraJCL version5.0.00represents an upgrade of ProUCL 4.1.01 (ER#e2011) which represents an
upgrade of ProUCL 4.00(EPA 20L0). For uncensored and lefensored data sets, ProUCL 5.0 consists

of all statistical and graphical methods that are availaltlee previous versions dhe ProUCL software
package except for a couple of poor performing and restr{eted, can be used only when a single
detection limit is presentgstimation methodsuch as the MLE an#insorization methodsfor left-
censored dta sets. ProUCL has GOF tests for normal, lognormal, and gamma distributions for
uncensored and lefiensored data sets with NDs. ProUCL 5.0 has the extended verslonSifapire

Wilk (S-W) test to perform normal and lognormal GOF tests for data seizasf up to 200QRoyston
[1982, 1982a]) In addition to normal and lognormal distribution based decision statistics, ProUCL
software computes UCLs, UPLs, and UTLs based tippgamma distribution.

Several enhancements have been madeeiyCLs andBTVs modules of the ProUChB.0 software. A

new statisticanupper simultaneous limit (Singh and Nocerino, 2002ks, 1963 has been incorporated

in the Upper limits/BTVs module of ProUCL 50 for data sets consisting of NDs with multiple DLs, a
two-sample hypothesis test, thearoneWare {[T-W; Tarone and Ware, 1978) test has been incorporated

in ProUCL 5.0. Nonparametric tolerance limits havenbexehancedand for specific values of confidence
coefficiens, coverage probabilifyand sample size, ProWlC5.0 outputs the confidence coefficient
actuallyachieved by a UTLThe Trend Analysisand OLS Regressiamodules can handle missing events

to compute trend test statistics and generate trend gr8phse new methods using KM estimates in
gamma (and lognmmal) distribution based UCL, UPL, and UTL equations have been incorporated to
compute the decision statistics for data sets consisting of nondetect observRtioleilitate the
computation of UCE from ISM based samplg$TRC, 2012) the minimum samplsize requirement has

been lowered to 3, so that one can complied) CL 95 based upon | SNosdlect a set
an appropriate UCL95 of mean for ISM data set, the user should consult the ITRC (2012) Tech Reg
Guide onincrementalSampling Methodology.

All known bugs, typographical errors, adiscrepanciefoundby the developers and the various users of
the ProUCL software package have been addressed in the ProUCL version Spe@ifically, a
discrepancy found in the estimate of mean based thiKM method has been fixed in ProUCL 5.0.



Some changes havedremade in the decision logic usedGOF and UCLmodules. In practice, based

upon a given data set, it is well known that the two statistical tests ThagtSen and OLS trend tests)

can lead to different conclusionBo streamline the decision logissociated with theomputation of the

various UCLs, the decision tables in ProURDhave been updated. Specifically, for each distribution if

at least one of thevo GOFtests (e.g., Shapifd@/ilk or Lilliefors test for normality) determines thtte
hypothesizeddistribution holds, then ProUCL concludes that the data set follows the hypothesized
distribution and decision statistics are compugaatordingly Additionally, for gamma distributed data

sets, ProUCL 5.0 suggests the use of the: adjusted gafindors ampl es of sizes O 50
suggested in previous versions); and approximate gamma UCL for samples of sizes >50.

Also, for samples of larger sizes (e.g., wittr 100 and small values of the gamma shape paranieter,
(e.g.,.k 0Q), significant discrepancies were found in the critical values of the two gamma GOF test
statistics (Andersoearling and Kolmogorov Smirnov tests) obtained using the two gamma deviate
generation algorithms: Whitaker (1974) alidrsaglia and Tsang (2000). Fealues ofk  Q, tite.
critical values of the two gamma GOF tests: AndeiBarling (A-D) and KolmogorovSmirnov (K-S)

tests have been updated using the currently available more accurate gamma deviate generation algorithm
due to Marsaglia and Tsang's (2000); mortaitle about the implementation of their algorithm can be
found in Kroese, Taimre, and Botev (2011). For values of the shape pardmétée5, 0.05, 0.1land

0.2 the critical value tables for these two tests have been updated by incorporating theemevdyeg
critical values for thehree significancdevels: 0.05, 0.1, and 0.01. The updated tables are provided in
Appendix A. It should be noted that fkr0.2, the older and the newly generated critical values are in
general agreement.

ProUCL 5.0alsohas a newBackground Incremental Sample Simulator (BI&®)dule (temporarilynot
availablefor general useyvhich can be used onlargeexisting discretdackgrounddata set teimulate
background incremental samples (BIShe availability of a large disete data set collected from areas
with geologicalformations ancconditions comgrable to the DY (background or onsit@f interestis a
requirement for successful application of this module. The simuBltef datacan be compared with the
actualfield ISM (ITRC, 2012) data collected from the various Diging other modules of ProUCL 5.0
Thevalues of the BISSataare not directly available to users; however, the simulated BISSaiathe
accessed by the various modules of ProUCL 5.0 to performedestiatistical evaluations. For example,
the simulated background BlS&ata can be merged with the actfiald ISM data after comparing the
two data sets using a tveample #est the simulated BISS or the merged data can be ussshiputea
UCL of themeanor a UTL.

Note: The ISM methodology used to develop the BISS module is a relativelyappmach;methods
incorporated in this BISS module require further investigation. The BISS module has been temporarily
blocked for use in ProUCL 5.0 as this mtalis awaiting adequate guidance for its intended use on
discrete background data sets.

Software ProUCL version 5.0, its earlier versions: ProUCL ver3i66.02,4.00.02, 4.00.04, 4.1.00, and
4.1.01, associated Facts Sheet, User Guides and Technides@eLg.EPA [2004, 2007, 2009a, 2009b,
2010a, 2010p can be downloaded from the EPA website:

http://www.epa.gov/osp/hstl/tsc/software.htm
http://www.epa.gov/osp/hstl/tsc/softwaredocs.htm

ProUCL 5.0 is a usdriendly freeware package providing statistical and graphical tools needed to
address statistical issues described in several EPA guidance documents. Considerables digeh ha


http://www.epa.gov/osp/hstl/tsc/software.htm
http://www.epa.gov/osp/hstl/tsc/softwaredocs.htm

made to provide a detailed technical guide to help practitioners understand statistical methods needed to
address statistical needs of their environmental projects. ProU@#rajes detailed outpsheets and
graphical displaydor each method whicltan be used to educate students learmingronmental
statistical methodd.ike previous versionsProUCL 5.0 can process many variables simultaneously to
compute various tests (e.g., ANOVA and trend test statistics) and decision statistics includirng UCL
mean, UPLs, and UTLs capability not available in other software packages such as Mitfitaind

NADA for R (Helsel,2013). Without the availability of this option, the user has to compute decision and
test statistics for one variable at a time vihiiecomes cumbersome when dealinthwai large number of
variables. ProUCL 5.0 also has the capability of processing data by groups. ProUCL 5.0 is easy to use; it
does not requirany programming skills as needed when uginggrams written in R Script.

The Need for ProUCL Software

EPA guidance documents (e.g., EP¥989a, 1989b, 1992 1992b,1994, 1996, 2000, 2002a, 2002b,
2002c, 2008, 2006b,2009a,and 2009]) describe statistical methods including: DQOs based sample size
determination procedures, theds to compute decision statistics: UCL95, UPL, and UTLs, parametric
and nonparametric hypotheses testing approaches, Oneway ANOVA, OLS regression, and trend
determination approaches. Specifically, EPA guidance documentsHRAy.[2002c, 2008, 2006band
MARSSIM, 2000) describe DQOs based parametric and nonparametric minimum sample size
determination procedures needed: to compute decision statistics (e.g., UCL95); to perform site versus
background comparisons (e.g-test, proportion test, WIW test) and to determinghe number of
discrete items (e.g., drums filled with hazardous material) that need to be sampled to meet the DQOs
(e.g., specified proportion,,pof defective items allowable error margin in an estimate of mean
Statistical methodsra used to compute test statistics (egW test, ttest, WMW test, T-S trend
statistic) and decision statistics (e.g., 95% UCL, 95% UPL, UT9®b5needed to address statistical
issues associated with CERCLA and RCRA site projects. For example, expodurisk management

and cleanup decisions in support of EPA projects are often made based upon the mean concentrations of
the contaminantsonstituentsof potential conern (COPCs). Sitspecific BTVsare used in site versus
background evaluation studiess UCL95 is used to estimate the EPC terfEPA192a 2002a); and

upper limits such as upper percentild®Ls, or UTLs are used to estimate BTVs or fiotexceed values

(EPA 1993, 2002b, and 2009). The estimated BTVs are also used: to identify the CtOREEntify the

site areas of concern (AOCSs); to performanirell comparisons to identify M@not meeting specified
standards; and to compare onsitenstituent concentrations with sitepecific background level
constituentconcentrations. Oneway ANOVS used to perform intewell comparisons, OLS regression

and trend tests are often used to determpotentialtrendspresenin constituentoncentrations identified

in groundwater monitoring wells (MWs)ost of the methods described in this paragraghavailable in

the ProUCL 5.0 software package.

It is noted that not much guidance is available in the guidance documents cited above to compute rigorous
UCLs, UPLs, and UTLs for moderately skewed to highly skewed uncensored aoeniefired data sets
consisting of NDs with multiple DLsa common occurrence in environmental data. seBeveral
parametric and nonparametric methods are available in the statistical literature (Singh, Singh, and
Engelhardt, 1997; Singh, Singh, and laci, 2002; Krishnamoathal. 2008 Singh, Maichle, and Lee,

2006 to compute UCLs and other upper limits which adjust for data skewDessg the years, as new
methods became available to address statistical issleed tothe environmental projects, those
methods weréncorporatedn ProUCL software so that environmental scientists and decision makers can
makemore accurate and informatidecisions based updhoserigorous statistical methods. Until 20086,

not much guidance was provided on how to compute UCL95 of ame@diother upper limits (e.g., UPLs

and UTLs) based upon data sets consisting of NDs with multiple Bls.data sets with NDs, Singh,



Maichle, and Lee (EPA 2006) conductadextensive simulation study to compare the performances of

the various estimatiomethodgin terms of bias in the mean estimatep UCL computation methodis

terms of coverage provided by a UCL)hey demonstrated that the nonparametric KM method pesform

well in terms of bias in estimates of meafrhey also concluded that UCkemputed using the Student's
t-statistic and percentile bootstrap method using the KM estimates do not provide the desired coverage to
the population mean of skewed data sets. They demonstrated that the depending upon sample size and
data skewness, UCLs mputed using KM estimates and: tREA bootstrap method (mildly skewed data

sets) the bootstrajp method,and the Chebyshev inequality (moderately to highly skewed data sets)
provide better coverage (closer to the specified 95% coverage) to the popuoladanthan the various

other UCL computation methodBased upon their findings, during 202607, several UCL and other

upper limits computation methods based upon KM and ROS estimates were incorporated in the ProUCL
4.0 softwarelt is noted that sincehe inclusion of the KM method in ProUCL 4.0 (2007), the use of the

KM methodbased upper limiteas become popular in many environmental applications to estimate EPC
terms and background threshold values (BTVs). RiMemethodis alsodescribedn the latst version of

the unified RCRA guidance document (EPA 2009).

It is not easy to justify distributional assumptions of data sets consistingtiofdetects antliDs with
multiple DLs. Therefore, based upon the published literature and recent experiencetnatd@GL
computationmethods such as the MLE methods for normal and lognormal distributiorexclteled

from ProUCL 5.0. Additionally, the winsorization method (Gilbert, 1987) has also been excluded from
ProUCL 5.0 due to its poor performanderoUCL sdtware is alsoused for teaching environmental
statistics courses thereforie, addition to statistical and graphical methods routinely used to address
statistical needs of environmental projechse to their popularitgome poor performing methods such a

the substitution DL/2 method aridind's (1975H-statistic based UCL computation method have been
retained in ProUClversion 5.0.00or research and comparison purposes.

Methods incorporated in ProUCL 5.0 and in its earlier versions have been tabtestifiad extensively

by the developers and various researchers, scientists, and users. Spediiieatigults obtained by
ProUCL 5.0 are in agreement with the results obtained by using other software packages including
Minitab, SAS, and programs avalile in RScript (not all methods are available in these software
packages) Additionally, ProUCL 5.0 outputs several intexdiate results (e.g., khat and biased corrected
kstar estimates of the gamma shape parameter, k) and critical values (e.ggorkused to compute
UTLs, d2max needed to compute USheeded to compute the various decision statistics of interest
which may help the interested users to verify statistical results computed by the ProUCL software
ProUCL is a user friendly software whicttan be used toprocess multiple variables (analytes)
simultaneously (e.g., perform ANOVA on many variabl@spcess grouped data; generate and display
multiple plots (QQ plots) on the same graphical display. No programming skills are needed to use
ProUCL software. ProUCL providawvarning messages and makes suggestions to help a typical user in
selecting the most appropriate decision statistic (e.g., UCL).

Note The availability of intermediate results and critical values can be used to computdirageand
two-sided intervals which are not as yet available in the ProUCL software.

For leftcensored data set®roUCL 5.0 computes decision statistics (e.g., UCL, UPL, and UTL) based
uponKM estimatexomputedn a straight forward manner withoutdping the data and 4fépping the
decision statistics; these operations are not easy for a typical user to understand andapelrfoam
become quite tedious when multiple analytes need to be procddseeover, in environmental
applicationsit is impoitant to compute accurate estinwaté standarddeviatiors which are needed to
computethe decision making statistics including UPLs and UTLs. Decision statistics (UPL, hEded
upon a KM estimate of the of standard deviattomputed usingndirect metlodscan be different from



the statistics computed usiag estimate ofsd obtained using the KM method directly, especially when
one is dealing with skewed data set or usingpgtransformation.These issues are elaborated by
examples discussed in this i@& and the accompanying ProUCL 3&chGuide.

For uncensored data sets, researchers (e.g., Johnson (1978), Chen (1995), Efron and Tibshirani (1993),
Hall [1988, 1992], more references in Chapters 2 and 3) had developed parametric (e.g., gamma
distribution based) and nonparametric (bootstramd Hall'sbootstrapmethod, modifieet) methods to
compute decision statistics which adjust for data skewf@ssuncensored positively skewed data sets,
Singh, Singh, and laci (2002) and Singh and Singh (2008)rped simulation experiments to compare

the performance (in terms of coverage probabilitiesf)the various UCL computation methodisscribed

in the literature They demonstrated that for skewed data sets, UCLs based upon Student's { statistic
centrallimit theorem (CLT) and percentile bootstrap methiaehd tounderestimatéhe population mean

(EPC term). It is reasoable to state and assume ftirlings of the simulation studigzerformed on
uncensored skewed data sets to compare the performanbesvafious UCL computation methods can

be extended to skewed leftnsored data sets. Based upon the findings of those studies performed on
uncensored data sets and also using the findings summarized in Singh, Maichle, and Lee (2006), it is
concluded thiat-statistic CLT, and the percentilbootstrapmethodbased UCLs computed using KM
estimatesdnd alsdROS estimateslunderestimatéhe population meanf moderately skewed to highly
skewed data seténterested users may want to verify these statemgatsimulation experiments or
otherwise. Like uncensored skewed data sets, forcéafsored data sets, ProUCL 5.0 offers several
parametric and nonparametric methods to compute UCLs and other limits which adjust for data skewness.

In earlier versions ofhe ProUCL software (e.g., ProUCL 4.00.0®r left-censored data sets, KM
estimates were used in the normal distribution based equations to compute the various upper limits.
However, normal distribution based upper limits (e.gJCL) using KM estimate (or any other
estimates such as ROS estimates) fail to provide the specified coverage to the parameters (e.g., mean,
percentiles) of populations with skewed distributions (Singh, Singh, and laci, 2002, Johnson, 1978, Chen
1995). Also, thenonparametritJCL computation method®.g., percentile bootstragp not providethe

desired coverage to the population ne@ah skewed distributions (e.g., Hall [1988, 1992], Efron and
Tibshirani, 1993). For an exampliée use ot-UCL or the percentile bootstrdgCL method on robust
ROSestimateor onKM estimates undestimaes the population mean for moderately skewed to highly
skewed data set€hapters 3 and 5 d¢iie ProUCL 5.0 Tech Guiddescribe parametric and nonparametric

KM method based upper limits comptite methods (and available in ProUCL 5.0) which adjust for data
skewness.

The KM method yields good estimates of the population mean and standard deviation (Singh, Maichle,
and Lee, 2006); however upper limits computed using the KM or ROS estimatesnial Bguations or

in the percentile bootstrap method do not account for skewness present in the dgtpreptiate UCL
computation methods which account for data skewness should be used on KM or ROS eBtimiaties.
censored data sets, ProUCL 5.0 categ upper limits using KM estimates in gamma (lognormal) UCL,
UPL, and UTL equations (e.g., also suggested in EPA 2009) provided the detected observations in the
left-censored data set follow a gamma (lognormal) distribution.

Recently, the use of the ISkhethodologyhas been recommendelSi ITRC, 2012) to collect soll
samples needed &stimatemean concentrations of the DUs requiring characterization and remediation
activities.ProUCL can be used to compute UCLs based upon ISM data as described amoerssbednin

the ITRC ISM Tech Reg Guide (2012t many sites,a large amount of discrete background data is
already available which are not directly comparabltheactual fieldSM data(onsite or background)

To compare the existing discratackgrounddata withfield ISM data, theBISS module of ProUCL 5.0
(blocked for general use in ProU@krsion 5.0and isawaitinginstructions andjuidance for itsntended



use canbe used on krge(e.g., consisting of at least 30 observatiang$ting discretdackgrounddata

set. TheBISS module simulatesincremental sampling metdology based equivalent incremental
background samples; and each simulated BISS sample represents an estimate of the mean of the
population represented by the discrete background detaThe avaibbility of a large discrete
backgrounddata set collected from areas with geological conditions comparable to the DU(s) of interest
(onsite DUs)s a requirement for successful application of this modiHe. user cannot see the simulated
BISS data; however th@mulatedBISS data can be accessed by the various other modules of ProUCL
5.0 to perform desired statistical evaluations. For example, the simB@lE88dlata can be merged with

the actuafield ISM data(e.qg., field background ISM tk&) after comparing the two data sets using atwo
sample #test The actual field ISM or the merged ISM and BISS data can be accessed by the various
modules of ProUCL teomputea UCL of mean or a UTL

ProUCL 5.0 Capabilities

A summary of statistical metkls available inthe ProUCL softwareis provided adollows.

Assumptions:Like most statistical methodstatistical methods to compute upper limits (e.g., UCLs,
UPLs, UTLs) arealsobased upon certain assumptionsluding the availability of aandonty collected

data set consisting of independently and identically distrib(itéd) observationsrepresenting the
population (e.g., site area, reference area) under investigatid@L of the mean (of a population) and

BTV estimates (UPL, UTL) should be cpoted using a randomly collected (simple random or
systematic random) data set representing a single statistical populat@gnsite population or
background population). If multiple populations (e.g., background and site data mixed together) are
presemin a data set, it is recommended to separate them out first by using the population partitioning
techniques (e.g., Singh, Singh, and Flatman 1994), and then compute appropriate decision statistics (e.qg.,
95% UCLs) separately for each identified pogiola The topic of population partitioning and the
extraction of a valid sitgpecific background data set from a broader mixture datgpatentially
consisting of both onsite and offsite data are beyond the scope of ProU®aradetric estimation and
hypotheses testing methods (e.gtedst, UCLs, UTLs) are based upon distributional (e.g., normal
distribution, gamma) assumptions. ProUCL has GOF tests for normal, gamma, and lognormal
distributions.

Multiple Constituents/VariablesEnvironmental sciergts need to evaluate mampnstituentsin their
decision making processes (exposure and risk assessment). ProUCL can process multiple
constituents/variablesimultaneously in a user friendly mannan option not available in othneeware

or commerciakoftware packages such as NAD& R (Helsel,2013). This option is very useful when

one has to process mavgriables/analyteand compute decision statistics (e.g., UCLs, UPLs, and UTLS)
and test statistics (e.g., ANOVA test, trend test) for thasigbles/analytes

Analysis by a Group Variablé®roUCL also has the capability of processing data by groups. A valid
group column should be included in the data file. The analyses of data categorized by a group ID variable
such as: 1) Surface vs. Subsurfa2eAOC1 vs. AOC2; 3) Site vs. Background; and 4) Wgent vs.
Downgradient MWs areommon in many environmental applications. ProUCL offers this option for data
sets with and without nondetects. The Group Option provideseful option to perform varios
statistical tests and methods including graphical displays separately for each of the group (samples from
different populations) that may be present in a data set. For an example, the same data set may consist of
analytical datdrom the various groupsr populations representing site, background, two or more AOCs,
surface, subsurface, monitoring weBy using this option,he graphical displays (e.g., box plotsQQ

plots histogram} and statisticancluding computation of background statistics, UCIANOVA test,

trend test and OLS regression statistias be easilgomputed separately for eagtoupin the data set.




Exploratory Graphical Displays for Uncensored and LE&#&nsored Data SetsGraphical methods
included in the Graph module of ProUClcinde: Q-Q plots (data in same colummpultiple Q-Q plots
(data in different columns)ox plots, multiple box ploisand histograms. These graphs can also be
generated for data sets consistingN®d observations. Additionally, the OLS Regression andhdre
Analysis module can be used to generate graphs displaying parametrice@ieSsionlines with
confidence intervals and prediction intervals around the regressionalidesonparametric Theten
trend lines The Trend Analysis module can generate trgmaphs for data sets without a sampling event
variable, and also generate time series graphs for data sets wi#hm@ing event (time) variable.
ProUCL 5.0 accepts only numerical values for the event vari@lphical displays of a data set are
usefd to gain added insight contained in a data set that may not otherwise be clear by looking at test
statistics such astest, Dixontest orT-S test Unlike test statistics (e.g.stést, MK test,AD test) and
decision statistics (e.g., UCL, UTL), graphidisplays do not genfluencedby outliers anchondetect
observations. It is suggested that the final decisions be made based upon stasstitsds well as
graphicaldisplays

Sideby-side box plots or multiple €Q plots are useful tgraphicallycompare concentrations of two or

more groups (e.g., several monitoring wells). The GOF module of ProUCL generQepldds for

normal, gamma, and lognormal distributions based upon uncensored as welcasdefed data sets

with NDs. All relevant infamation such as the test statistics, critical values avalyes (when available)

are also displayed on the GOF@yplots.In addition to providing information about the data distribution,

a normal Q-Q plotin the original raw scalalso helps to identifputliers and multiple populations that

may be present in a data set. On-@ @lot, observations welleparated from the majority of the data

may represent potentialutlierscoming from a population different from the main dominant population
(e.g., baciground population). In a @ plot, jumps and breaks of significant magnitude suggest the
presence of observations coming from multiple populations (onsite and offsite areas). ProUCL can also
be used to display box plots with horizontal lines displayegretsspecified compliance limits or
computed upper limits (e.g., UPL, UTL) superimposed on the same graph. This kind of graph provides a
visual comparison of site data with compliance lgaitd/orBTV estimates.

Outlier Tests: ProUCL also has a couplé dassical outlier test procedures (EPA 2008009, such as

the Dixon test and the Rosner test. The details of these outlier tests are described in Chiaptar 7.
outlier tests often suffer from masking effects in the presence of multiple outliésssupgested that the
classical outlier procedures should always be accompanied by graphical displays including box plots and
Q-Q plots. Description and use tife robust and resistant (to masking) outlier proced(iResisseeuw

and Leroy, 1987; Singh ardocerino, 1995arebeyond the scope of ProUCL 5.0. Interested users are
encouraged to trghe Scout 2008 software package (EPA 2009) tothsgobust outlier identification
methods especially when dealing with multivariate data sets consisting of fataseveral
variables/analytes

Outliers represent observations coming from populations different from the main dominant population
represented by the majority of the data set. Outliers distort most statistics (e.g., mean, UCLs, UPLs, test
statistics) o interest. Therefore, it is desirable to compute decisions statistics based upon data sets
representing the main dominant population and not to compute distorted statistics by accommodating a
few low probability outliers €.9.,by using a lognormal disbution). Moreover, it should beotedthat

even though outliers might have minimal influence on hypotheses testing statistics based upon ranks (e.g.,
WMW test), outliers do distort several nonparametric statistics including bootstrap methods such as
bootgrapt and Hall'sbootstrapUCLs and other nonparametric UPLs and UTdasmputed using the

higher order statistics.




Goodnesof-Fit Tests:In addition to computing simple summary statistics for data sets with and without
NDs, ProUCL 5.0 has GOF tests foormal, lognormal and gamma distributions. To test for normality
(lognormality) of a data set, ProUCL has the Lilliefors test and the exterdéteSt for samples of sizes

up to 2000(Royston, 1982, 1982a)-orthe gamma distribution, two GOF testie AndersorDarling

test (1954) and Kolmogorov Simnov test(Schneider, 1978are available in ProUCLEFor samples of

larger sizes (e.g., witlm > 100 and small values of the gamma shape paramktéz,g., k  0Q1),
significant discrepancies were found inetleritical values of the two gamma GOF test statistics
(AndersonDarling and Kolmogorov Smirnov tests) obtained using the two gamma deviate generation
algorithms: Whitaker (1974) arMarsaglia and Tsang (2000). For valuek of @, th@ critical valuesfo

the two gamma GOF tests: Anderddarling (A-D) and KolmogorovSmirnov (K-S) tests have been
updated using the currently available more efficient gamma deviate generation algorithm due to
Marsaglia and Tsang's (2000); more details about the implementdtibeir algorithm can be found in
Kroese, Taimre, and Botev (2011). For values of the shape parak¥€125, 0.05, 0.1and0.2 the

critical value tables for these two GOF tests have been updated by incorporating the newly generated
critical valuesfor three levels okignificance 0.05, 0.1, and 0.01. The updated tables are provided in
Appendix A. It should be noted that fi=0.2, the older (generated in 2002) and the newly generated
critical values are in general agreement.

ProUCL also generateSOF Q-Q plots for normal, lognormal, and gamma distribution displaying all
relevant statistics including GOF test statistics. GOF tests for datavigbtsand without NDs are
described in Gapter 8of this User GuideFor data sets consisting of NDs, iti®t easy to verify the
distributional assumptions correctly, especially when the data set consists of a large percentage of NDs
with multiple DLs and NDs exceeding the detected values. Typically, decisions about distributions of data
sets with NDs are bad upon GOF test statistics computed udimg data obtained:without NDs;
replacing NDs by 0, DL, or DL/23singimputed NDs based upon ROS (e.g., lognormal ROS) method.

For data sets with NDs, ProUCL can perform GOF tests using methods listed abiogethd "Imputed

NDs using ROS Methods" option of the "Stats/Sample Sizes" module of ProUCL 5.0, additional columns
can be generated to store imputed (estimated) valuéi¥sibased upon normal ROS, gamma ROS, and
lognormal ROS4lso known asobust RO$ methods.

Sample Size Determinatioand Power EvaluationrSample Sizes module in ProUCL can be used to
develop DQOs based sampling designs needed to address statistical issues associated with the various
polluted sites projects. ProUCL 5.0 provides dgendly options to enter the desired/meecified values

for decision parameters (e.g., Type | and Type Il error ratesdthedDQOs used to determine minimum

sample sizes for the selected statistical applications including: estimation of meanasthtylesample
hypothesis testing approaches, and acceptance sanidithg.parametric (e.g., for-tests) and
nonparametric (e.g., Sign test, WRS test) sample size determination methods as describe@ERA (

2006, 2006h and MARSSIM (2000) guidancelocuments are available in ProUCL version 5.0. ProUCL

also haghe sample size determinatiaptionfor acceptance sampling of lots of discrete objects such as a

lot (batch, setpf drums cotaining of hazardous waste (e.g., RCRA applications, EPA 2002kbgn the

sample size for an application (e.g., verification of cleanup level) is not computed using the DQOs based
sampling design process, the Sample Size module can be used to assess the power of the test statistic used
in retrospectThe Sample Sizemodulewith exampless consideredh Chapterl2 of this document.

Bootstrap Method€Bootstrap methods are computer intensive nonparametric methods which can be used
to compute decision statistics of interest when a data set does not follow a knownt@istrior when it

is difficult to analytically derive the distributions of statistics of interest. It is -Wmdwn that for
moderately skewed to highly skewed data 96l s based upon standard bootstrap and the percentile
bootstrap methods do not perfo well (e.g., Efron[1981, 1987; Efron and Tibshirani,1993; Hall
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[19881992} Singh, Singh, and laci 2002; Singh and Singh, 2003, Singh, Maichle and Lee 2€@6) as
interval estimates based upon these bootstrap methods fail to provide the specéiadecds.g., UCL

95 does not provide adequate 95% coverage to population mean) to the population mean. For skewed data
sets, Efron and Tibshirani (1993) and Hall (198892 considered other bootstrap methods such as the
BCA, bootstragt and Hardplmthodsb Foioskesvéd data sets, bootstrapand Hal | 6s b o
(meant to adjust for skewness) methods perform better (e.g., in terms of coverage for the population
mean) than the other bootstrap methods. However, it has been noted (e.g., Efronshindnijb993

Singh, Singh, and 1a@002) that these two bootstrap methods tend to yield erratic and infl@&kd

values (orders of magnitude higher than oti€Ls) in the presence of outliers. Similar behavior of the
bootstrap t UCL and HmUCL insthods asmbservesmh data sets consisting of NDs and
outliers. Due to the reasons described above, whenever applicable, ProUCL 5.0 provides cautiesary
andwarningmessagesegarding the use of bootstrapnd Halls bootstrap UCinethods.

1 Fornonparametrizincensored and lefiensored data sets with NDs, depending upon data variability
and skewness, ProUCL recommends the use of BCA bootstrap, bottstr&hebyshev inequality
based methods to compute decision statistics.

Hypotheses Teistg ApproachesProUCL software has both Singl8a mp |l e ( e . ¢gest,sigift udent
test, proportion testVSRtest) and TweS a mp | e  ( SestWiN&/ riest,6Gehanm test, arfldW test)

parametric and nonparametric hypotheses testing approaches. é$gsotbsting approaches in ProUCL

can handle both fulincensored data sets without NDs, anddefisored data sets with NDdost of the

hypotheses tests also report associatedlypes. For some hypotheses tests (e.g., WMW test, WSR test,
proportion tey, large sample palues based upon normal approximation are computed wseg

continuity correction factors. The vario8iglesampleand TweSample hypotheses testing approache
areconsideredn Chaptel9.

1 Singlesample par amet r i c-teq) &ndundnpamamétric (Sign test, WSR test, tests for
proportions andpercentiles) hypotheses testing approaches are available in ProUClIsirfe
samplehypotheses tests are used when the environmental parameters such as ipestelrdard,
action levé or compliance limits are known, and the objective is to compare site concentrations with
those known threshold values. Specifically,-#est (or a sign test) may be used to verify the
attainment of cleanup levels at an AOC) after a remediation actimiéytaken place; and a test for
proportion may be used to verify if the proportion of exceedances of an action level (or a compliance
limit) by sample observationscollected from an AOC (or a MW) exceeds a certain specified
proportion (e.g., 1%, 5%, 10%).

1 The differences between these tests should be noted and understood. Specifictdht, ar ta
Wilcoxon Signed Rank (WSR) test are used to compare the measures of location and central
tendencies (e.g., mean, median) of a site area (e.g., AOC) tonails@ndardCs or action level
also representing a measure of central tendency (e.g., mean, median); whereas, a proportion test
compares if the proportion of site observations from an AOC exceeding a complianceClipnit (
exceeds a specified proportid®,(e.g., 5%, 10%). The percentile test compares a specified percentile
(e.g., 98) of the site data to a pspecified upper threshold (e.g., action level).

 Two-sampleHy pot heses t gestiWMW (eS,tGehdretesi-W test) ire used to ferm
site versus background comparisons, compare concentrations of two or more AOCs, compare
concentrations o6W monitoring wells (MWSs)It should be noted that as cited in the literature, some
of the hypotheses testing approaches (e.g., nonparametrgaimpe WMW) deal with the single
detection limit scenario. When using the WMW testa data set with multiple detection limits, all
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observations (detects adDs) below the largest detection limit need to be considered as NDs
(Gilbert, 1987). This in tur tends to reduce the power and increase uncertainty associated with test.
As mentioned before, it is always desirable to supplement the test statistics and conclusions with
graphical displays such as the multipleQQplots and sidéy-side box plots. Gelmatest or Tarone

Ware (new in ProUCL 5.0) should be used in sagkeeremultiple detection limits are present.

Computation of Upper Limits including UCLs, UPLs, UTLs, and USkrmiUCL softwarehas parametric

and nonparametric methods including bootsaag Chebyshev inequality based methods to contpate

various decision making statistics such as UCLs of mean (EPA 2002a), percentiles, UPLs for future k
(O01) observati on sh EPAYZODY and wpegsimultadedus limiksq9S2s) (Singh and
Nocerino,[1995,2007) based upon uncensored full datts and leftensored data sets consisting of

NDs with multiple DLs. Methods incorporated in ProUCL cover a wide range of skewed data
distributionswith and without NDs. In addition to normal and lognormal distributions based upper limits,
ProUCL 5.0 carcompute parametrid CL s percentil es, UPLs for future
USLs based upon gamma distributed data sets. For data sets with NDs, ProUCL has several estimation
methods including the KM method (1958), ROS methods (Helsel, 2005) and substitution reatiods
replacing NDs by DL or DL/2 (Gilbert, 1987, EPA 2@)6 Substitution DL/2 method has been
incorporated in ProUCL for research and comparison purasseguestedby EPA scientists

Computation of UCLs Based Upon Uncensored Data Sets withost IRBrametric UCL computation

met hods in ProUCL for unceAIloApprdximdta gammasUEL (sising nc | ud
chrsquare approxi mation), Adjusted gammaUCUG@Gnd (adj u
Chebyshev inequalithased CL (using MVUEs of parameters of a lognormdistribution).
Nonparametric UCL computation methods for data sets without NDs include:b&idd UCL,
Modified-t-statistic (adjusted for skewnedssed UCL, Adjuste€LT (adjusted for Skewnesbpsed

UCL, Chéyyshev inequality basedCL (using sample mean and standard deviation), Jackknife method

based UCL, UCL based upon standard bootstrap, UCL based upon percentile bootstrap, UCL based upon
BCA bootstrap, UCL based upon bootsttap and UCL b dcotstthp methodihe Hedalls| 6 s

of UCL computation methods for uncensored data sets are summarized in Chapter 2 of the associated
ProUCL 5.0 Technical Guidend computations of the various parametric and nonpararoétis using

ProUCL 5.0 are described @hapter 11 of this document.

Computations of UPLs, UTLs, and USLs Based Upon Uncensored Data Sets without&Ds:
uncensoredl at a sets without NDs, ProUCL can compute pa
observations, UPLs for mean of k (01) future obse
and lognormal distributions. Nonparametric upper limits arec@flyi based upon order statistics of a data

set such as a background or a reference area data set. Depending upon the size of the data set, the higher
order statistics (maximum, second largest, third largest, and so on) are used to compute thesetapper limi
(e.g., UTLs).Depending upon the sample size, specified confidence coefficient and coverage probability,
ProUCL 5.0 outputs the actual confidence coefficient achieved by a nonparametric Uhe.
mathematicatletails of thevariousparametric and nonpametric computation methods for UPLs, UTLs,

and USLs are described in Chaptasf3he ProUCL 5.0 Technical Guide; and computations of the these
intervals using ProUCL 5.0 are described in Chapter 10 of this User.Guide

Computation of UCLs, UPLs, UTLsnd USLs Based Upon Le@iensored Data Sets with NCFor data

sets with NDs, ProUCL computes UCLs, UPLs, UTLs, and USdsed upommean andsd computed
usinglogROS (ROS,robust ROS), @nmaROS(GROS) KM, and DL/2 methodsFor nonparametric

data setsto adjust for skewnes®roUCL uses bootstrap methods and Chebyshev inequality to compute
UCLs and other limits using estimates of mean and standard deviation obtained using methods listed
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above. ProUCL also uses parametric methods on Edd ROS)estimate provided detected
observations in the leftensoreddatasetfollow a parametric distribution. For example, if the detected
data follow a gamma distribution, ProUCL uses KM estimates in gamma distribution based equations to
compute UCls, UTLs, and otheupper limits.Based upora Monte Carlo study performed by Singh,
Maichle, and Lee (EPA, 2006), ProUCL recommends the use of the Kdgian (1958) estimatei
bootstrap and Chebyshev inequalitycompute the various decision statistics (e.g.,UCL95, WHIL,)

of interest.ProUCL 5.0 suggests the use of Kbhmma upper limits when the detected data follow a
gamma distributionProUCL computes KM estimates directly using Hefhsored data sets without
flipping data and rdlipping decision statistics. TheM method incorporated in ProUCL computes both
sdand standard erro6f of themean. For historical reasons and for comparison and research purposes
the DL/2 substitution method and-HCL based upon LROS methbdve beemetained in ProUCL 5.0.

The indusion of the substitution method in ProUCL should not be inferred as an endorsement of those
methods by ProUCL software and its develop@itse mathematicaldetails of the UCL computation
methods for data sets with Nse given in Chapter 4 and the ddgtion of the variousother upper

limits: UPLs, UTLs, and USLs fodata sets with NDs are given in Chapter 5 of the ProUCL 5.0
Technical GuideThe computations of these limits for data sets consistifgbsfusing ProUCL 5.Gare
considered in chapters &0d 11 of this User Guide.

OneWay ANOVA, OLS Regression and Trend Analysithe Oneway ANOVA module has both
classical and nonparametic-W ANOVA tests as described in EPA guidance documents (e.g., EPA
[2006h, 2009). Oneway ANOVA is used to compare ams (or medians) of multiple groups such as
comparing mean concentrations of several areas of concern; and pagfamter-well comparisons
comparing concentrations of several MWs. The OLS Regression option computes the classical OLS
regression line, andenerates graphs displayitige OLS line, confidence basdand prediction bargd

around the regression line. All statistics of interest including slope, intercept, and correlation coefficient
are displayed on the OLS line graph. The Trend Analysis modsiéwo nonparametric trend tesé:K

trend test and Thelben trend test. Using this option, one can generate trend graphs arskriiese
graphs displaying Thelen trend line and all other statistics of interest with associatallips.

In GW monitoing applications, OLS regression, trend tests, and time series plots are often used to
identify trends (e.g., upwards, downwards)camstituentconcentrations ofhe various GW monitoring

wells over a certain period of time (EPA 2009). The details of @QgedNOVA are given in Chapted,

and OLS regression line and Trend tests methods are described in Cltaptethe ProUCL 5.0
Technical GuideChapters 13 and 14 of this User Guide respectively, illustrate the use of Oneway
ANOVA module and OLS Regressiamd Trend Analysis module.

BISS Module: At many sites, a large amount of discrete onsite and background data are already available
which are not directly comparable &xtual fieldISM data. In order to provide a tool to compare the
existing discrete datwith ISM datathe BISS moduleof ProUCL 5.0 may be used @nlarge existing
discrete data setThe ISM methodology used to develop the BISS module is a relativelyappiach;
methods incorporated in this BISS module require further investigation BI$%® module has been
temporarily blocked for use in ProUCL 5.0 as this module is awaiting adequate guidance for its intended
use on discrete background data sets.

Recommendations and Suggestions in ProUB&t much guidance is available in the envir@emal
literature including the available guidance documents to compute rigorous UCLs, UPLs, and UTLs for
moderately skewed to highly skewed uncensored andtdefiored data sets consisting of NDs with
multiple DLs, a common occurrence in environmentad dagts. For uncensored positively skewed data
sets, Singh, Singh, and laci (2002) and Singh and Singh (2003) performed extensive simulation
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experiments to compare the performances (in terms of coverage probabilities) of several UCL
computation methods dasbed in statistical and environmental literatuféey noted that the optimal
choice of a decision statistic (e.g., UCL 95) depends upon the sample size, data distribution and data
skewnessUntil 2006, not much guidance was available on how to comp@edb of mean and other
upper limits (e.g., UPLs and UTLSs) basapon skewedlata sets consisting of NDs with multiple DLs.

For data sets with NDs, Singh, Maichle, and Lee (EPA 2006) conducted a similar simulation study to
compare the performances of theiwas estimation methods (in terms of bias in the mean estinte)

of some the UCL computation methods (in terms of coverage provided by a UCL)cdiedydedhat

the nonparametric KM estimation method performs well in terms of bias in estinthgenoéan; and for
skewed data setsstatistic, CLT, and the percentimotstrapmethod based UCLs computed using KM
estimates (and ROS estimatesderestimatéhe population mean. Based upon the findings summarized

in Singh, Singh, and laci (2002) anch&h, Maichle, and Lee (2006), it is reaable to state and assume

that the findings of the simulation studiggerformed onuncensored skewed data sets to compare the
performances of the various UCL computation methods can be extended to skewedsedd data

sets.

For data sets with and without NDRBfoUCL computes decision statistics including UCLs, UPLs, and
UTLs using several parametric and nonparametric methods covering @ange ofsample sizedata
variability and skewness. Using the resuatsl findings summarized in the literature cited above, based
upon the sample size, data distribution, and data skewness, some modules of ProUCL make suggestions
about using a decision statistic to estimate population parameters of interest (e.g., EPC). The
recommendations made in ProUCL are based upon the extensive experience of the developers in
environmental statistical methods, published literature (e.g., Efron and Tibshirani, 1993; Hall, 1988;
Singh, Singh, and Engelhardt 1997; Singh, Singh, and 1&4;2ihd Singh, Maichle, and Lee 2006) and
procedures described in the various EPA guidance documents (EPA [1992a, 1992b 2002a, 2002b, 2006b,
2009, 2009a, 2009b]). Based upon the conceptual site model (CSM), expert site and regional knowledge,
the project ¢éam should make the final decision regarding using or not usingutigestions ade by

ProUCL. If deemed necessary, the project team may want to consult a statistician.

Even though, ProUCL 5.0 has been developed using limited government funding afsetatvith and

without NDs, ProUCL 5.0 provides many statistical and graphical methods described in the EPA
documents cited above. However, one may not compare the availability of methods in ProUCL 5.0 with
methods available in the commercial softwarekpges such as SAS and Minitab 16. For example, trend
tests correcting for seasonal/spatial variations are not available in the ProUCL software. For those
methods the user is referred to the commercial software packages. As mentioned earlier, it is
recommeded to supplement test results (e.g.,-sample test) with graphical displays (e.g-Q(lots,
sideby-side box plots); especially when data sets consist of NDs and outliers. With the incluBI8&iS of
module Oneway ANOVA, Regression and Trend tests] Hre usefriendly DQOs based Sample Size
determination modules, ProUCL represents a comprehensive statistical software package equipped with
statistical methods and graphical tools needed to address many environmental sampling and statistical
issues as @bcribed in the various CERCLA (EPA 1989a, 1992a, 2002a, 2002b, 2006a, 2006b),
MARSSIM (EPA 2000), and RCRA (EPA 1989b, 1992b, 2002c, 2009) guidance documents.

Finally, the users of ProUCL are cautioned alibetuse oimethodsand suggestiondescribedn some
recent environmental literaturd=or example, many decision statistics (e.g., UCLs, UPLs, UTLs,)
computed using the methods (e.g., percentile bootstrap, statistics using KM estimatexitical t
values) described in Helsel (201&)l fail to provide defred coverage to the environmental parameters
of interest (mean, upper percentile) of moderately skewed to highly skewed popuktidr®nclusions
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derived based upon those decisions statistics may lead to incorrect conclusions which magoebt be
effective or protective of human health and the environment.

ProUCL 5.0 Technical Guide
In addition to this User Guide, a Technical document also accompanies ProUCL 5.0.00, providing
technical details of the graphical and statistical methods incgzbin ProUCL 5.0.00. Most of the

mathematical algorithms and formulae (with references) used in the development of ProUCL 5.0 are
describedn the associated Technical Guide.
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Chapter 1

Guidance on the Use of Statistical Methods and Associated
Minimum Sample Size Requirements for ProUCL Software

Decisions based upon statistics computed using discrete data sets of small sizes6jecgnnot be
considered reliable enough to make remediation decisions that affect human health and the environment.
For example a bakground data set of size less thars 6ot large enough to characterize background
population, to computbackground threshold valueBTV) estimates, or to perform background versus

site comparisons. Several EPA guidance documents (e.g.,S8AR 2000 EPA [2006, 2006b)
describedata quality objectivesDQO9 and minimum sample size computations needed to address
statistical issues associated with the various environmental applications. In order to obtain reliable results
using statistical mthods, an adequate amount of data should be collected using desired DQOs
(confidence coefficient, decision error rateghe Sample Sizes module of ProUCL computes DQOs
based minimum sample sizes neededise the statistical methods describedhia various guidance
documents. In some cases, it may not be possible (e.g., due to resource constraints) to collect DQOs
based number of sampjamder these circumstances one can use the Sample Sizes module to assess the
power of the test statistic used in osppect. Some suggestions about the minimum sample size
requirements needed to use statistical methods to estimate environmental parameters of interest such as
exposure point concentratioBRQ terms and BTVs, to compare site data with background datéttor

some preestablished screening levels (e.g., action lepls], compliance limit§CLs]), are provided in

this chapter. lis noted thatsimilar minimum sample size suggestions made by ProlERA 2007,

2009a, 2009bhave beemmade insome other guidance documents including the RCRA Guidance
Document (EPA 2009).

This chapter also describes the differences between the various statistical upper limits ingpding
confidence limits JCLs) of the meanupper prediction limitsPLs) for future obgrvations, andipper
tolerance intervalsUTLs) often used to estimate the environmental parameters of interest including EPC
terms andBTVs. The use of a statistical method depends upon the environmental parameter(s) being
estimated or comparegiith. Themeasures of central tendency (e.g., means, medians, or their UCLSs) are
used to compare site mean concentrations with a cleanup standaatsoCepresenting some central
tendency measure of a reference area or some other known threshold represertisgra of central
tendency. The upper threshold values, such a€llsealternative concentration limits (ACL), or Ak
exceed values, are used when individual pbjapoint onsite observations are compared with those
threshold values. It should be edtthat depending upon whether the environmental parameters (e.g.,
BTVs, notto-exceed valuepr EPC termy are known or unknown, different statistical methods with
different data requirements are needed to compare site concentrations vagtaptsshed known) or
estimated (unknown) standards and BTVs. Several upper limits, and single asdntpi@ hypotheses
testing approaches, for both fulhcensored and lefiensored data sets are availabletha ProUCL
software package to perform the comparisorsswged above.

1.1 Background Data Sets

Based upon theonceptual site modeCSM), the project team familiar with the site selects background

or reference arsaDepending upon the site activities and the pollutants, the background area can be site
specifc or a general reference area. An appropriate random sample of independent obsdezgtions

i.i.d) should be collected from the background area. A defensible background data set represents a

Aisingled popul ation possi lgiound data seh o additioa toyrepaostingt | | e r
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and/or laboratory errors, statistical outliers may also be present. A few elevated statistical outliers present
in a background data set magtuallyrepresent potentially contaminated locatibesongingto impaced

site areasnd/or possibly from other polluted site(s); those elevated outliers may ootrideg fromthe

main dominant background population under evaluation. Since the presence of outliers in a data set tends
to yield distorted (incorrect and misléag) values of the decision making statistics (e.g., UCLs, UPLs
and UTLSs), elevated outliers should not be included in background data sets and estimation of BTVs.
The objective here is to compute background statistics based upon the majority of theetdata
representing thenain dominant background population, and not to accommodate a few low probability
high outliers(e.g., coming fromextremetails of the data distributiorthat may also be present in the
background data set. The occurrence of elevatgtiers is common when background samples are
collectedfrom various onsite areas (e.g., large Federal Facilities). The proper disposition of ,dotliers
include or not include them in statistical computatje®uld be decided by the project team. Praect

team may want to compute decision statistics with and without the outliers to evaluate the influence of
outliers on the decision making statistics.

A couple of classical outlier tests (Dixon and Rosner tests) are available in ProUCL. Sinckthetie o
classical tests suffer from masking effects (e.g., some extreme outliers may mask the occurrence of other
intermediate outliers), it is suggested that these classical outlier tests be supplemented with graphical
displays such as a box plmda QQ plot. The use aéxploratorygraphical displays helps in determining

the number of outliers potentially present in a data set. The use of grapisiglalysl also helps in
identifying extreme high outliers as well as intermediate and mild outliers. Ehaf usbust and resistant

outlier identification procedures (Singh and Nocerino, 1995, Rousseeuw and Leroy, 1987) is
recommended when multiple outliers are present in a data set. Those methods are beyond the scope of
ProUCL 5.0. However, several robust ther identification methods are available in the Scout 2008
version 1.0 software package (EPA 2009).

An appropriate background data set of a reasonable size (preferably computed using DQOs processes) is
needed toepresent background area and to compupper limits (e.g., estimates of BTVs) based upon
background data sets and also to compare site and background data sets using hypotheses testing
approaches. At the minimum, a background data set should have at least 10 (more observations are
preferablepbservations to perform background evaluations

1.2 Site Data Sets

A data set collected from a site population (eagea of concern [AOCExposure aregdA], decision

unit [DU], group of monitoring wells [MWSs] should be representative of the site aresder
investigation. Depending upon the site areas under investigation, different soil depths and soil types may
be considered as representing different statistical populations. In such cases, background versus site
comparisons may have to be conductquhestely for each of those site spdypulations (e.g., surface and
subsurface layers of an AOC, clay and sandy site areas). These issues, such as comparing depths and soil
types, should also be considered in planning stages when developing sampling esajiect samples

from the various sitédAOCs. Specifically, the availability of an adequate amount of representative site
data is required from each of those site-gapulations/strata defined by sample depths, soil types, and

the various other charatstics. For detailed guidance on soil sample collections, the reader is referred to
Gerlach and Nocerino (ER2R003.

Site data collection requirements depend upon the objés}igéthe study. Specifically, in background
versus site comparisons, sitata are needed to perform:
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1 pointby-point onsite comparisons with pestablished action levels or estimated BTVSs.
Typically, this approach is used whenya small number (e.g., < 6) of onsite observations are
compared witha BTV or some othenotto-exceed value. Imany msite values need to be
compared with a BTV, it is recommended to use UTLupper simultaneous limitUSL) to
control the false pditive error rate (Type | Error Rateflternatively, one can use hypothesis
testing approachesq@rided enouglobservationgat least 10, more are preferredgavailable

1 singlesamplehypotheses tests to compare site data with @gtablished cleanup standards, C
(e.g., representing a measure of central tendency); proportion test to congpareEirtion of
exceedances of an AL with a pspecfied allowable proportion, B. These hypotheses testing
approaches are used site datavhen enough sitebservationsre available. Specifically, when
at least 10 (more are desirable) site observatoasavailable; it is preferable to use hypotheses
testing approaches to compare site observations with specified threshold values. The use of
hypotheses testing approaches can coitnth types of error rate§Type 1 and Type 2) more
efficiently than thepoint-by-point individual observation comparisons. This is especially true as
the number of poirby-point comparisons increases. This issue is illustrated by the following
table summarizing the probabilities of exceedances (false positive error rate)B¥V (e.g.,
95" percentile) by onsite observations, even when the site and background populations have
comparable distributions. The probabilities of these chance exceedances increase as the site
sample size increases.

Sample Size Probability of Exceedance
1 0.05
2 0.10
5 0.23
8 0.34
10 0.40
12 0.46
64 0.96

1 two-sample hypotheses tests to compare site data distribution with background data distribution
to determine if the siteomcentrations are comparable to backgrocmucentrations. An adequate
amount of dat@eeds to benade available from the site as well as the background populations. It
is preferable to collect at 10 observations from each population under comparison.

Notes: From a mathematical point of view, one can perform hypothesis tests on data sets consisting of
only 34 data values; however, the reliability of the tefgtistics (and the conclusionkerived) thus
obtained is questionable. In these situations #uiggestedo supplement the test statistics decisions by
graphical displays.

1.3  Discrete Samples or Composite Samples?

ProUCL can be used on discrete data sets as well as on composite data sets. However, in a data set
(background or site), collected samplshould be either all discrete or all composite. In general, both
discrete and composite site samples may be used for individuaibygoaint site comparisons with a
threshold value, and for single and tg@mple hypotheses testing applications.

T Whenusing asinglesamplehypothesis testing approach, site data can be obtained by collecting
all discrete or all composite samples. The hypothesis testing approach is used when many (e.g.,
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10) site observations are available. Details ofsihglesamplehypothesis approaches are widely
available in EPA guidance documents (MARSSIRA00; EPA [1989200@]). Severalsingle
samplehypotheses testing procedures available in Prold€ described in Chapterd@ the
ProUCL 5.0 Tech Guide.

 If a two-sample hypdtesis testing approach is used to perform site versus background
comparisons, then samples from both of the populations should be either all discrete samples, or
all composite samples. The tvwgample hypothesis testing approaches are used when many (e.qg.,
at least10) site, as well as background, observations are available. For better results with higher
statistical power, the availability of more observations perhaps based upon an appropriate DQOs
process (EPA 20@) is desirable.Several twesample hypdteses tests available in ProUCL 5.0
are described in Chaptérof the ProUCL 5.0 Tech Guide.

14  Upper Limits and Their Use

The computation and use of statistical limits depend upon their applications and the parameters (e.g., EPC
term, BTVS) they are sposed to be estimating. Depending upon the objective of the study; a pre
specified cleanup standards €an be viewed as to represent: 1) an average (or mechasjituent
concentrationm; or 2) a noto-exceed upper threshold concentration vallye,These two threshold

values, an average valueg, and a noto-exceed valueA, represent two significantly different
parameters, and different statistical methods and limits are used to compare the site data with these two
very different threshold valueStatistical limits, such as an UCL of thepulation mean, an UPL for an
independently obtained fsingled o0bs emnsyasb cabed , or
future k observations, next k observations, or k different observations), pepentiles, and UTLs are

often used to estimate the environmental parameters: an EPCrgrand a BTV ). A new upper

limit, USL has been included in ProUCL 5.0 which may be used to estimate a BTV based upon a well
established backgrourtthta set whiout any outliers.

It is important to understand and note the differences between the uses and numerical values of these
statistical limits so that they can be properly used. Specifically, the differences between UCLs and UPLs
(or upper percentiles), atdCLs and UTLs should be clearly understood and acknowledged. A UCL with

a 95% confidence limit (UCL95) of the mean represents an estimate of the population mean (measure of
the central tendency), whereas a UPL95, a UTL®S% (UTL9595), and an upper 95percentile
represent estimates of a threshéiom the upper tail of theopulationdistribution such as the 95
percentile. Here, UPL95 represents a 95% upper prediction limit, and U'B®Bepresents a 95%
confidence limit of the 95 percentile. Fomildly skewed to moderately skewed data sets, the numerical
values of these limits tend to follow the order given as follows:

Sample Mean¢ UCL95 of Mean ¢ Upper 98 Percentile¢ UPL95 of a Single ObservatighUTL95-
95

For highly skewed data sethese limitamay not follow the order described above. This is especially true

when the upper limits are computed based upon a lognormal distribution (Singh, Singh, and Engelhardt,
1997). It is well known that a lognormal distribution basedJ€L95 (Land s UCL 95) of ten
unstable and impractically large UCL values. AFUBL95 often becomes larger than UPL95 and even

larger than a UTL 95985% and the largest sample valuEhis is especially true when dealing with
skewed data sets of smaller sizes. &bwer, it should also be noted that in some casesU&IED5

becomes smaller than the sample mean, especially when the data are mildly skewed and the sample size is
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large (e.g., > 50, 100). The differences among the various upper limits discussed alilbystrated by
the following example

Example 1.1. Consider dackground real data set collected frarBuperfund sit€EPA 2002b) The data

set has several inorganic COPC, including aluminum, arsetimpmium, iron, and lead. Iron
concentrations followa normal distribution. Some upper limits for the iron data set are summarized as
follows. However, the various uppkmits do follow the order as described above.

Table 1-1. Computation of Upper Limits for Iron (Normally Distributed)

UPL95 for a UPLOS for 4 95%

Mean | Median | Min | Max | UCL95 Single : UTL95-95 Upper
, Observations .
Observation Percentile

9618 | 9615 3060| 18700| 11478 | 18145 21618 21149 17534

A brief discussion about the differences between the applications and uses of the various statistical limits
is provided below.

1 A UCL represents an average value that should be compared with a threshold value also representing
an average value (pestablished or estimated), such as a n@afkor example, a site 95% UCL
exceeding &, may lead to the conclisn thatthe C; has not been attained by theeragesite area
concentrationlt should also be noted that UCLs of means are typically computed based upon the site
data set.

T A UCL represents a ficollectived meratetoccompaef cent
individual site observations with a UCL. Depending upon data availability, single esamuple
hypotheses testing approaches are used to compare a site average or a site median with a specified or
pre-established cleanup standarsinglesample hypothesis), or with the background population
average or median (twsample hypothesis).

1 A UPL, an upper percentile, or an UTL represents an upper limit to be used fobyppioint
individual site observation comparisons. UPLs and UTLs are cmuphased upon background data
sets, and poidby-point onsite observations are compared with those limits. A site observation
exceeding a background UTL may lead to the conclusion thafotisituents present at the site at
levels greater than the bagkund concentrations level.

1 When enough (e.gat leasiO) site observations are available, it is preferable to use hypotheses
testing approaches. Specificallginglesample hypotheses testing (comparing site to a specified
threshold) approaches sholild used to perform site versus a known threshold comparison; and two
sample hypotheses testing (provided enough background data are also available) approaches should
be used to perform site versus background comparison. Several parametric and nonpaiagietri
and twesample hypotheses testing approaches are available in ProUCL 5.0.

It is reemphasized that only averages should be compared with averages or UCLs, and individual site
observations should be compared with UPLs, upper percentiless, or USLs For example the
comparison of a 95% UCL of one population (e.g., site) with a 90% or 95% upper percentile of another
population (e.g., background) cannot be considered fair and reasonable as these limits (e.g., UCL and
UPL) estimate and representfdient parameters.
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1.5 Point-by-Point Comparison of Site Observations with BTVs, Compliance Limits,
and Other Threshold Values

The mint-by-point observation comparison method is dusghen a small number (e.g., < 6) site
observations are compared hvipreestablished or estimated BTVs, screening levels, or preliminary
remediation goals (PRGSs). Typically, a single exceedance of the BTV by an onsite (or a monitoring well)
observation may be considered as an indication of the presence of contamindi®site area under
investigation. The conclusion of an exceedance by a site value is sometimes confirmeshinplieg

(taking a few more collocated samples) that site location (or a monitoring well) exhitotrsgituent
concentration in excess of tlBIV. If all collocated (or collected during the same time period) sample
observations collected from the same site location (or well) exceed the BTV or PRG, then it may be
concluded that the location (well) requires further investigation (e.g., continw@ament and
monitoring) and cleanup.

When BTV constituentconcentrations are not known or fstablished, one has to collect or extract a
background data set of an appropriate size that can be considered representing the site background.
Statisticalupper limits are computed using thackgrounddata set thus obtained, which are used as
estimates of BTVsTo compute reasonably reliable estimates of BTVs, enough background observations
(minimum of 10) should be collected, perhaps using an appropri@@siprocess as described in EPA
(20062) and MARSSIM (2000)Several statistical limits listed above are used to estimate the BTVs based
upon a defensible (free of outliers, representing the background population) background data set of an
adequate size.

The pointby-point comparison method is also useful when quick turnaround comparisons are required in
real time. Specifically, when decisions have to be made in real time by a samgisgreening crew, or

when only a few site samples are available ntlimdividual pointby-point site concentrations are
compared either with prestablished cleanup goals or with estimated BTVs. The sampling crew can use
these comparisons to: 1) screen and identificti@aminants/constituents of potential conc&@@PC3,

2) identify the polluted site AOCs, or 3) continue or stop remediation or excavation at an onsite area of
concern.

If a larger number of samples (e.g10) are available from the various onsite locations representing the
site area under investigatiothen the use of hypotheses testing approaches gimglesampleand a
two-sample) is preferred. The use of hypothesis testing approaches control the error rates more tightly and
efficiently than the individual poirby-point site comparisons.

1.6  Hypothesis Testing Approaches and Their Use

Both singlesampleand twesample hypotheses testing approaches are used to make cleanup decisions at
polluted sites, and also to comparnstituentconcentrations of two (e.g., site versus background) or
more populatins(e.g., MWs)

1.6.1 Single Sample Hypotheses (Farstablished BTVs and Nui-Exceed Valueare Knowr)

When preestablished BTVs are used such as th8. Geological SurveyUSGS background values
(Shacklette and Boerngeh984), or thresholds obtaiddrom similar sites, there is no need to extract,
establish, or collect background data set. When the BTVs and cleanup standards are knowangie
hypotheses are used to compare site data (provided enough site data are available) with known and pre
established threshold values. It is suggested that the project team determine (e.g., using DQOSs) or decide
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(depending upon resources) about the number of site observations that should be collected and compared
wi t h tehset afibplries he d 0 mihgamadcanclukison aboatfthe staus (clean or polluted) of

the site AOCsAs mentioned earlier, men the number of availabstte samples is less thapdhe might

perform pointby-point site observation comparisons with a BTV; arften enough site obseations (at

least 10 are available, it is desirable to uwEaglesamplehypothesis testing approachB&pending upon

the parameter (e.g., the average valog,or a notto-exceed valueA.), represented by the known
threshold value, one can usimglesamplehypotheses tests for population mean or mediges{t sign

test), or usesinglesampletests for proportions and percentiles. The details of dinglesample
hypotheses testing approaches can be found in EPA{R0O&Iance document aria Chaper 6 of this
Technical Guide.

OneSample {Test: This test is used to compare the site meawith some specified cleanup standard,

Cs, where the Crepresents an average threshold valge, T h e  S-test (oeanUCa of mean) is

used (assuming nmality of site data set or when sample size is large such as larger than 30, 50) to verify
the attainment of cleanup levels at a polluted site after some remediation activities.

OneSample Sign Test or Wilcoxon Signed Rank (WSR) Tiess$e tests are nca@metric tests and can

also handleND observations, provided all NO§s.g., associated detection limits) fall below the specified
threshold value, € These tests are used to compare the site location (e.g., median, mean) with some
specified Grepresentig a similar location measure.

OneSample Proportion Test or Percentile Tésthen a specified cleanup standakgl,such as a PRG or

a BTV represents an upper threshold value adrastituentoncentration distribution rather than the mean
threshold vala, i3, then a test for proportion or a test for percentile (or equivalently a UT535TL

95-90) may be used to compare site proportion (or site percentile) with the specified threshold or action
level, Aq

1.6.2 Two-Sample Hypotheses (BTVs and-sExceed Values ardnknowr)

When BTVs, noto-exceed values, and other cleanup standards are not available, then site data are
compared directly with the background data. In such casesample hypothesis testing approasare

used to perform site versibackground comparisons. Note that this approach can be used to compare
concentrations of any two populations including two different site areas or two different monitoring wells
(MWs). In order to use and perform a tsample hypothesis testing approaehpugh data should be
available from each of the two populations. Site and background data requirements (e.g., based upon
DQOs) to perform twesample hypothesis test approaches are described in EPRH, 2006a20060),
MARSSIM (200Q and also in Chapteés of the ProUCL 5.0 Technical Guidé/hile collecting site and
background data, for better representation of populations under investigation, one may also want to
account for the size of the background area (and site area for site samples) in sandelersidaation.

That is, a larger numbeer.g., >1520) of representative backgroundng site) samples should be
collected from larger backgroundr(dsite) areas; every effort should be made to collect as many samples
as determinedly theDQOsbased sanip sizes.

The twesample (or more) hypotheses approaches are used when the site parameters (e.g., mean, shape,
distribution) are being compared with the background parameters (e.g., mean, shape, distribution). The
two-sample hypotheses testing approachlss used when the cleanup standards or screening levels are

not known a priori. Specifically, in environmental applicationstwo-sample hypotheses testing
approaches are used to compare avevageedianconstituentoncentrations of two or more populaitso

To derive reliable conclusions with higher statistical power based upon hypothesis testing appanaches,
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adequate amount afata (e.g., minimum of0 samples) should kmllectedfrom all of the populations
under investigation.

The wo-sample hypothees testing approaches incorporated in ProUCL 5.0 are listed as follows:

1. Student{test (with equal and unequal variance®arametric test assumes normality

2. Wilcoxon-MannWhitney (WMW) testi Nonparametric test handles datih NDs with
oneDL - assums two populations have comparable shapes and variability

3. Gehan test Nonparametric test handles data sets with NDs and multiple- B&sumes
comparable shapes and variability

4. TaroneWare (T-W) testi Nonparametric test handles data sets with NDs aulitipie
DLs - assumes comparable shapes and variability

The Gehan and TarorRd&/are tests are meant to be used ondeftsored data sets with multigletection

limits (DLs). For best results, the samples collected from the two (or more) populationd alhdoal of

the same type obtained using similar analytical methods and apparatus; the collected site and background
samples should be all discrete or all composite (obtained using the same design and pattern), and be
collected from the same medium (scdl) similar depths (e.g., all surface samples or all subsurface
samples) and time (e.g., during the same quarter in groundwater applications) using comparable
(preferably same) analytical methods. Good sample collection methods and sampling stratepies are g

in EPA (1996, 2003) guidance documents.

Notes. ProUCL 5.0 (and previous versions) has been developed using limited government funding.
ProUCL 5.0 is equipped with statistical and graphical methods needed to address many environmental
sampling and stastical issues as described in the various CERCLA, MARSSIM, and RCRA documents
cited earlierHowever, one may not compare the availability of methods in ProUCL 5.0 with methods
incorporated in commercial software packages such as SAS and Mi6ithliot all methods available in

the statistical literature are available in ProUCL.

1.7  Minimum Sample Size Requirementsand PowerAssessment

Due to resource limitations, it may not be possible (nor needed) to sample the entire population (e.g.,
background areasite area, AOCs, EAs) under study. Statistics is used to draw inference(s) about the
populations (clean, dirty) and their known or unknown parameters (e.g., mean, variance, upper threshold
values) based upon much smaller data sets (samples) collectetthdsmrpopulationslo determine and
establish BTVsand site specific screenirigvels, defensiblelata set(s) of appropriate size(s) need to be
collected from background areas (e.g.,-sfiecific, general reference area, or historical data) piidject

team and site experts should decide what represents a site population and what represents a background
population. The project team should determine the population area and boundaries based upon all current
and futureuses, and thebjectives of data coltgion. Using the collected site and background data sets,
statistical methods supplemented with graphical displays are used to perform site versus background
comparisons. The test results and statistics obtained by performing such site versus background
comparisons are used to determine if the site and background dewmstituentconcentrations are
comparable; or if the site concentrations exceed the background threshold concentration level; or if an
adequate amount of remediation approaching the BTVoorescleanup level Isabeen performed at
polluted site AOCs.

To perform these statisticéésts, one needs to determine the appropriate sample sizes that need to be
collected from the populations (e.g., site and background) under investigation usingriappmMQOs
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processes (EPP2006, 2006b]; MARSSIM, 2000). ProUCL has the Sample Sizes module which can be
used to develop DQOs based sampling designs needed to address statistical issues associated with the
various polluted sites projects. ProUCL provideser friendly options to enter the desired/gpecified

values of decision parameters (e.g., Type | and Type Il error rates) to determine minimum sample sizes
for the selected statistical applications including: estimation of mean, single arsanvpbehypothesis

testing approaches, and acceptance sampling. Sample size determination methods are available for the
sampling of continuous characteristics (e.g., lead or Radium 226), as well as for attributes (e.qg.,
proportion of occurrences exceeding a spedifthreshold)Both parametric (e.g.,-tests) and
nonparametric (e.g., Sign test, test for proportions, WRS test) sample size determination methods are
available in ProUCL 5.0. ProUCL 5.0 also has sample size determination methods for acceptance
samplingof lots of discrete objects such as a lot of drumstaining hazardous waste (e.g., RCRA
applications, EPA 2002c).

However, due to budget constraints, it may not be possible to collect the same number of samples as
determined by using a DQOs processt Example, the data might have already been collected (often is
the casgwithout using a DQOs process, or due to resource constraints, it may not be possible to collect
as many samples as determined by using a DQOs based sample size farpraleticethe project team

and the decision makers mdgcidenot to collect enough background sampllss suggested to collect

at least10 background observations before using statistical methods to perform background evaluations
based upon data collected usitigcrete sample§he minimum sample size recommendatidescribed

here are useful when resources are limitedyughit may not be possible to collect as many background

and site samples as computed using DQOs based sample size determination .fémnoakse data are
collected without using a DQOs process, the Sample Sizes module can beasssssathpower of the

test statistic in retrospect. Specifically, one can use the standard deviation of the computed test statistic
(EPA 2006b) and compute tlsample size (e.g., using Sample Size module of ProUCL) needed to meet
the desired DQOs. If the computed sample size is greater than the size of the data set used, the project
team may want to collect additional samples to meet the desired DQOs.

Notes: From a mathematical point of view, thiatsstical methods incorporated in ProUCL and described

in this guidance documento estimate EPC terms and BTVs, and compare site versus background
concentrations can be performed on small site and background dai@.get of sizesis small as )3
However, those statistiamay notbe considered representative and reliable enough to make important
cleanup and remediation decisions. It is recommended not to use those statistics to draw cleanup and
remediation decisianpotentially impacting human health and the environment. The minimum sample
size recommendation (at least dBservations) may be used only whdata set®f size determined by a

DQOs process (EPA, 2006) cannot be colleciedhe of the recent guidancealmnents (e.g., EPA 2009)

are also suggesting collecting a minimumabbut10 samples irthe circumstance thatata cannot be
collected using a DQOs based process.

! To allow the users to compute decision statistics based upon composite data collectdteusing
IncrementalSampling Methodology (ITRC, 2012), ProUCL 5.0 will compute decision statistics
(e.g., UCLs, UPLs, UTLs) based upon samples of sizassnall as 3The user is referred to the
ITRC ISM Tech Reg Guide (2012) to determine wHitBL (e.g., Stdent's f{UCL or Chebyshev
UCL) should be used to estimate the EPC term.
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1.71 Sample Sizes for Bootstrap Methods

Several nonparametribethodsincluding bootstrap methode computeUCL, UTL, and other limits for

both fulluncensored data sets areft-tensored data sets witiDs are available in ProUCL 5.0.
Bootstrap resampling methods arefub&hen not too few (e.g., < 180) and not too many (e.g., > 500

1000) observations are available. For bootstrap methods (e.g., percentile method, BGAoaitod,
bootstragt method), a large number (e.g., 1000, 2000) of bootstrap resamples (with replacement) are
drawnwith replacemenfrom the same data set. Therefore, to obtain bootstrap resamples with at least
some distinct values (so that statist@an be computed from each resample), it is suggested that a
bootstrap method should not be used when dealing with small data sets of sizes lesthadsb5it is

not necessaryo bootstrap a large data set of size greater than 500 or 1000; thatnisavdata set of a

large size (e.g., > 500) is available, there is no need to obtain bootstrap resamples to compute statistics of
interest (e.g., UCLs). One can simply use a statistical method on the original large data set. Moreover,
bootstrapping a larggata set of size greater than 500 or 1000 will be time consuming.

1.8  Statistical Analyses by a Group ID

The analyses of data categorized by a group ID variable such as: 1) Surface vs. Sul3ukfacd; vs.

AOC2; 3) Site vs. Background; and 4) Upgradigs. Downgradient monitoring wells are common in
environmentaland various otheapplications. ProUCL 5.0 offers this option for data sets with and
without NDs. The Group Option providesusefultool to perform various statistical tests and methods
(including graphical displays) separately for each of the group (samples from different populations) that
may be present in a data set. The graphical displays (e.g., box(plastilequantile) Q-Q plots) and
statistics €.g.,background statistics, UCLsyotheses testing approaches) of interest can be computed
separately for each group by using this option. Moreover, using the Group Option, graphical methods can
display multiple graphs (e.g.,-Q plots) on the same graph providing graphical comparisanudtiple

groups.

It should be pointed out that it is the usersodé re
the group operations. For an example, if the user desires to produce a gragipit(.g.,using only

detected data) withegression lines displayed, then there should be at least two dedatdedaluegto

compute slope, interceptandard deviationsfl) in the data set. Similarli§ the graphs are desired for

each group specified by the group ID variable, there shoult beast two observations in each group

specified by the group variable. ProUCL generates a warning messdgeed orangein the lowerLog

Panel of the ProUCL 5.0 screen.

1.9  Statistical Analyses for Many Corstituents/Variables

ProUCL ®ftware can pcess multiple analytesdriables simultaneously in a user friendly mannan

option not available in other software packages such as Minit§p01@) NADA for R (Helsel,2013).

This option is very useful when one h@sprocess multiple variablemd compute decision statistics

(e.g., UCLs, UPLs, and UTLs) and test statistics (e.g., ANOVA test, trend test) forvtrasales It is

theuser 6s responsi bility to maakalegsate@mmount df data seetllat h s e
ProUCL can pdorm the selected statistical method correctly. ProUCL displays warning messages when

a selected variable does not have enough data needed to perform the selected statistical method.
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1.10 Use of Maximum Detected Value as Estimates of Upper Limits

Somepractitioners tend to use the maximum detected value as an estimate of the EPC term. This is
especially true when the sample size is small suck &sor when a UCL95 exceeds the nraym
detected values (EPA, 1992a&lso, many times in practice, the BT\&d notto-exceed values are
estimated by the maximum detected vdklg., nonparametric UTLs, USLS)

1.10.1 Use of Maximum Detected Value to Estimate BTVs anddNetceed Values

BTVs and noto-exceed values represent upper threshold values fronpfies tail of a data distribution;
therefore, depending upon the data distribution and sample size, the BTVs and etb@xneed values

may be estimated by tHargest or the second largekttected valueA nonparametric UPLUTL, and

USL areoften esimated by higher order statistics such as the maximum value or the second largest value
(EPA 199D, 2009) The use of higher order statistics to estimate the UTLs depends upon the sample size.
For an examplgor data sets of size: 1) 59 to 92 observati@nsonparametric UTL985 is given by the
maximum detected value; 2) 93 to 123 observations, a nonparametric 495Li85given by the second
largest maximum detected value; and 3) 124 to 152 observations, a 19%li9given by the third largest
detectedsalue in the sample, and so on.

1.10.2 Use of Maximum Detected Value to Estimate EPC Terms

Some practitioners tend to use the maximum detected value as an estimate of the EPC term. This is
especially true when the sample size is small agk 5 or whena UCL95 exceeds the maximum

detected values (EPA, 1992a). Specifically, the EPA (1992a) document suggests the use of the maximum
detected value as a default value to estimate the EPC term when @@5%e.g., theH-UCL) exceeds

the maximum value. ProUCtomputes 95%JCLs of mean using several methods based upon normal,
gamma, lognormal, and natiscernible distributions. Ithe past (e.g., EPA 1992)a lognormal

distribution was used as the default distribution to model positively skewed environmeatsédatand

only two methods were used to estimate the-EPC te
statistic, and 2) | o g n-statistia (L971d 1985). THe luge tofi thlestatisicn d L a n
often yields unstable and impractigalarge UCL95 of the mean (Singh, Singh, and Engelhardt, ;1997

Singh, Singh, and laci, 2002). For skewed data sets of smaller sizes (e.g., < 30),<HBOCL often

exceeds the maximum detected value. Since the use of a lognormal distribution hgsiteeemmmon

(e.g., suggested as a default model in a risk assessment guidance for Supggddocumen{EPA,

19923), the exceedance of the maximum value byHaJCL95 is frequent for many skewed data sets of

smaller sizes (e.g., < 30, <50). Theseurrences result in the possibility of using the maximum detected

value as an estimate of the EPC term.

It should be pointed out that in some cases, the maximum observed value actually might represent an
impacted location. Obviously, it is not desillio use a potential outlier representing an impacted
location to estimate the EPC term for an AOC. The EPC term represents the average exposure contracted
by an individual over an EA during a long period of time; therefore, the EPC term should beegskiyna

using an average value (such as an appropriatel85&wf the mean) and not by the maximum observed
concentration. One needs to compute an average exposure and not the maximum exposure. Singh and
Singh (2003) studied the performance of the max(tesshg the maximumlmserved value as an estimate

of the EPC term) via Monte Carlo simulation experiments. They noted that for skewed data sets of small
sizes (e.g., < 120), even the max test does not provide the specified 95% coverage to the population
mean, and for larger data sets it overestimates the EPC term, which may lead to unnecessary further
remediation.
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Today, severamethods, some of which are described in EPA (2002a), are avaifalie various
versions of ProUCL (e.gRroUCL 3.@.02[EPA 2004, ProUCL 4.0[EPA 2007, ProUCL 4.00.05[EPA

2009, 2010]) teestimate the EPC termBor data sets with NDs, ProUCL 5.0 has some new UCL (and
other limits) computation methods which were not available in earlier versions of Pr&U€unlikely

thatthe UCLs based upon those methods will exceed the maximum detected value, unless some outliers
are present in the data set.

1.10.2.1 Chebyshev Inequality Based UCL95

ProUCL 5.0 (and its earlier versions) displays a warning message wheungtpested®5% UCL (e.g.,

Hal | 6 s otUClbwitlodutbetsy oatlipe mean exceeds the detected maximum concentration.

When a 95%UCL does exceed the maximum observed value, ProUCL recommends the use of an
alternativeUCL computation method based upon the Chebyshequality. One may use a 97.5% or

99% Chebyshev UCL to estimate the mean of a highly skewed popul@hienuse of the Chebyshev
inequality to compute UCLs tends to yield marenservative (but stable) UCLs than other methods
available in ProUCL softwar In such cases, when the sample size is large (and other UCL methods such
asthebootstrapt method yield unrealistically high valudsie to presence of outlier{spne may want to

use a 95% Chebyshev UCL or a Chebyshev UCL with lower confidence tmdffsitich as 90% as an
estimate of the population mean, especially when the sample size is large (e.g., >100, 150). The detailed
recommendations (as functions of sample size and skewness) for the use of those UCLs are summarized
in various versions of PraCL Technical Guides (EPA, 2004, 2007, 2009, and 2010d

Notes:It is recommended not to use the maximum observed value to estimate the EPC term representing
the average exposure contracted by an individual over an EA. For the sake of interested WHets, Pro

di splays a warning message when the recommended
exceeds the observed maximum concentration. For such scenarios (when a 95% UCL does exceed the
maximum observed value), an alternative 95% UCL computatiethod based upon Chebyshev
inequality is recommended by the ProUCL software.

1.11 Samples with Nondetect Observations

ND observations are inevitable in most environmental data sets. Singh, Maichle, and Lee (EPA, 2006)
studied the performances (in termscoiverages) of the various UCL95 computation methods including
the simple substitution methods (such as the DL/2 and DL methods) for data sétPbwiliservations.

They concluded that the UCLs obtained using the substitution methods, including themeptaafiNDs

by respective DL/2; do not perform well even when the percentabfpasbservations is low, such as

less tharb% to 10%. They recommended avoiding the use of substitution methods to compute UCL95
based upon data sets witlD observations.

1.111 Avoid the Use of DL/2 Method to Compute UCL95

Based upon the results of the report by Singh, Maichle, and Lee (EPA, 2006), it is recommended to avoid
the use of the DL/2 method merform a GORest, and to compute the summary statistics and various
othe limits (e.g., UCL, UPL, UTLSs) often used to estimate the EPC terms and BTVs. Until recently, the
DL/2 method has been the most commonly used method to compute the various statistics of interest for
data sets with NDs. The main readon this has been # lack of the availability othe other rigorous
methods and associateftware programs that can be used to estimate the various environmental
parameters of interest. Today, several meth@dg., using KaplaMeier [KM] estimates) including
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Chebyshev iaquality and botstrap methods with bettperformance aravailable that can be used to
compute the various upper limits of interest. Several of those parametric and nonparametric methods are
available in ProUCL 4.0 and higher versions. It should be nibigdthe DL/2 method is included in
ProUCL for historical reasons as it had been the most commonly used and recommended method until
recently (EPA, 2008). EPA scientists and several reviewers of the ProUCL software had suggested and
requested the inclusn of DL/2 method in ProUCL for comparison and research purposes.

Notes. Even though the DL/2 method (to compute UCLs, UPLs, anddodnesof-fit [GOF] testk) has
been incorporated in ProUCL, its use is not recommended due to its poor performarige/ZTimethod
has beemetained in PPUCL 5.0for historical and comparison purposes. NERPRA, Las Vegas strongly
recommends avoiding the use of DL/2 method even when the % of NDs is as low@as®%

1.12 Samples with Low Frequency of Detection

When dl of the sampled values are reported\d3s, the EPC terrand other statistical limitshould also

be reported as &D value, perhaps by the maximum reporting limit (RL) tbe maximum RL/2.
Statistics (e.g., UCL95) computed based upon only a few detesigels (e.g., < 4) cannot be considered
reliable enough to estimate the EPC terms having potential impact on human health and the environment.
When the number of detectedluesis small, it is preferable to use ad hoc methods rather than using
statistich methods to compute the EPC terms and other upper limits. Specifically, it is suggested that for
data sets consisting of less thamletects and for small data sets (e.g., size < 10) with low detection
frequency (e.g., < 10%}he project team and the dsion makers together shouttkcideon a site-

specific basis on how to estimate the average exposure (EPC term) fam#iguentand area under
consideration. For such data sets with low detection frequencies, other measures such as the median or
moderepresergbetter estimates (with lesser uncertainty) of the population measure of central tendency.

Additionally, it is also suggested that when most (e.g., %)98f the observations for eonstituentie
below theDLs, the sample median or the samplede (rather than the sample average) may be used as
an estimate the EPC term. Note that when the majority of the ddtiDarehe median and the mode may
also be represented byND value. The uncertainty associated with such estimates will be Tigh.
statistical properties, such as the bias, accuracy, and precision afstnehites, would remain unknown.

In order to be able to compute defensible estimates, it is always desirable to collect more samples.

1.13 Some Other Applications of Methods in ProlCL 5.0

In addition to performing background versus site comparisons for CERCLA and RCRA sites, and
estimating the EPC terms in exposure and risk evaluation studies, the statistical methods as incorporated
in ProUCL can be used to address other issuesndeualith environmental investigations that are
conducted at Superfund or RCRA sites.

1.13.1 Identification of COPCs

Risk assessors amdmedialprgect managers (RPMs) often use screening levels or BTVs to identify the
COPCs during the screening phaseaofleanup project to be conducted at a contaminated site. The
screening for the COPCs is performed prior to any characterization and remediation activities that may
have to be conducted at the sif@is comparison is performed to screen out thumsestitlent that may

be present in the site medium of interest at low levels (e.g., at or below the background levels or some
pre-established screening levels) and may not pose any threat and concern to human health and the
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environment. Thoseconstituerd may beeliminated from all future site investigations, and risk
assessment and risk management studies.

To identify the COPCs, poitity-point site observations are compared with someeptablished soil
screening levels (SSL), or estimated BTVs. This is eafigctrue when the comparisons of site
concentrations with screening levels or BTVs are conducted in real time by the sampling or cleanup crew
onsite The project team should decide the type of site samples (discrete or composite) and the number of
site olservations that should be collected and compared with the screening levels or the BTVs. In case
BTVs or screening levels are not known, the availability of a defensiblesstgfic background or
reference data set of reasonable size (@tdeast 1Dis required to obtain reliable estimates of BTVs and
screening levels. Theonstituers with concentrations exceeding the respective screening values or BTVs
may be considered COPCs, whereasstituers with concentrationse(g.,in all collected samplespwer

than the screening values or BTVs may be omitted from all future evaluations.

1.13.2 Identification of NorCompliance Monitoring Wells

In MW compliance assessment applications, individual (often disaretsyituentconcentrations from a

MW are conpared with some prestablished limits such as an ACL or a maximum concentration limit
(MCL). An exceedance of the MCL or the BTV by a MW concentration may be considered an indication
of contamination in that MW. In such individual concentration compasisdhe presence of
contamination (determined by an exceedance) may have to be confirmegampkng from that MW.

If concentrations otonstituers in the original sample and fsample(s) exceed the MCL or BTV, then

that MW may require further scrutinperhaps triggering remediation remedies as determined by the
project team. If the concentration data from a MW for about 4 to 5 continuous quarters (or some other
designated time period determined by the project team) are below the MCL or BTV levehahsiw

may be considered as complying with (achieving) theeptablished or estimated standards.

1.13.3 Verification of the Attainment of Cleanup Standards, C

Hypothesis testing approaches are used to verify the attainment of the cleanup standamblidted

site AOCs after conducting remediation and cleanup at those site AOCs (EPA, 1989) In order to

assess the attainment of cleanup levelsepresentative data set of adequate size perhaps obtained using
the DQOs process (or a minimum B® observations should be collected) needs to be made available
from the remediated/excavated areas of the site under investigation. The sample size should also account
for the size of the remediated site @ar@aeaning that larger site areas should bepgegimore (with more
observations) to obtain a representative sample of the remediated site areas under investigation. Typically,
the null hypothesis of interest isHsite Mean/n5C; versus the alternative hypothesis; Bite Mean/mn

< G where thecleanup standard,sds knowna priori.

1.13.4 Using BTVs (Upper Limits) to Identify Hot Spots

The use of upper limits (e.g., UTLS) to identify hot spot(s) has also been mentionedsnidhace for
Comparing Background and Chemical Concentrationsoihf8r CERCLA Site$EPA, 2002b). Poinrby-

point site observations are compared with agst@blished or estimated BTV. Exceedances of the BTV

by site observations may be considered as representing impacted locations with elevated concentrations
(hot spas).
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1.14 Some General Issues and Recommendations made by ProUCL

Some general issues regarding the handling of multiple detection limits and field duplicates by ProUCL
and recommendations made about various substitutiomegmelssion on order statigiROS methods
for data sets with NDs are described in the following sections.

1.14.1 Multiple Detection Limits

ProUCL 5.0 des not make distinctions betweamethod detection limits (MDLs), adjusted MDLs,

sample quantitation limits (SQLSs), or DLs. MulgiLs in ProUCL mean different values of tBd.. An

indicator variable with of O (=nondetect) and 1(= detect) is assigned to each variable consisting of NDs.

Al l ND observations in ProUCL are indenProUCLed by
to distinguish between detected (=1) and nondetestf@dabservations. Ititheuser sd responsi b
supply correct numerical valuésr NDs (should be entered as the reported detection 6mRL values)

and not as qualifier&.g., J, U, BUJ, ..) for ND observations in the data set

1.142 ProUCL Recommendation about ROS Method and Substitution (DL/2) Method

For data sets with NDs, ProUCL 5dan compute point estimates of population mean and standard
deviation using the KM and ROS rhetds (and also using DL/2 method). The DL/2 method has been
retained in ProUCL for historical and research purposes. ProUCL uses Chebyshev indmafityap
methodsand normalgamma, and lognormal distribution based equations on KM (or ROS) estimates
compute the various upper limits (e.g., UCLs, UTLBhe simulation study conducted by Singh, Maichle
and Lee (2006) demonstrated that the KM method yields accurate estimates of the populatidineyean
also demonstratethat for moderately skewedo highly skewed data setdJCLs based upon KM
estimatesand BCA bootstrap(mild skewness)KM estimates and Chebyshev inequalityoderate to
high skewness), and KM estimates and bootdtraethod (moderate to high skewnegi®ld better(in
terms of coveage probability)estimates oEPC terms than oth&CL methodsbased uporStudent's-t
statisticon KM estimatespercentile bootsap methodn KM or ROS estimates.

1.15 The Unofficial User Guide to ProUCL4 (Helsel and Gilroy, 2012)

Several ProUCL userent inquires about the validity of the comments made abmProUCL software

in the Unofficial User Guide to ProUCL{Helsel and Gilroy, 2012and in the Practical Stats webinar,
"ProUCL v4: The Unofficial User Guide," presented by Dr. Helsel on @ct@b, 2012 (Helsel 2012a)
Their inquiries led us to reviewomments made about the ProUCL v4 software and its associated
guidance documents (EPA 2007, 2009a, 2009b, 2Gitit2010d) in the Unofficial ProUCL v4 User
Guide and in the webinar, "ProUCL vBhe Unofficial User Guide'These two documentsllectively

are referred to athe Unofficial ProUCLv4 User Guidein this ProUCL document. Thedf document
describing the material presented in Bractical Stats \@binar(Helsel, 2012ajvas downloaded émthe
http://www.practicalstats.com website.

In the "ProUCL v4: The Unofficial User Guide", comments have been mbodet thesoftware and its
guidancedocuments therefore, it is appropriate to address those comments in the present ProUCL
guidance docuent. It is necessary to provide the detailed response to comments made in the Unofficial
ProUCL v4 User Guide to assure that: 1) rigorous statistical methods are used to compute the decision
making statistics; and 2) the methods incorporated in ProUClwadtare not misrepresented and
misinterpreted.Some generakesponses ancbmmentsabout the material presentedtire Practical Stats
webinarand in the Unofficial User Guid® ProUCLv4are described as follows. Specific comments and
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responses aralsoconsideredn the respective chapters BfoUCL 5.0Technicaland User Guides. The
detailed responses to the comments made about the ProUCL software in the Unofficial ProUCL v4 User
Guide are provided elsewhere.

ProUCL is a freeware software package aithinas been developed under limited government furtding
address statistical issues associated with various environmental site prdjettll statisticaimethods
(e.g., Levene testjescribed in the statistical literature have been incorporated WORrcOne may not
compareProUCL withthe commercial software packages which are expensive and not as easy to use as
the ProUCL software to address environmental statistical isslibe existing and someew statistical
methods based upon the research cotedlibby ORDNERL, EPA Las Vegasluring the last couple of
decades have been incorporated in ProUCL to address the statistidal of the various environmental
site projects and research studi€&me of those new methods may not be availabiexinbods, in the
library of programs written in Rcript, and in commercial software packagdswever, hose methods
are described in detail in the cited published literature and ald® iRroUCL Tecmical Guides (e.qg.,
EPA [2007, 2009a, 2009(2010c and 201d]). Even though for uncensored data sets, programs to
compute gamma distribution based UCLs and UPLs are available in R Script, prograamputea
95% UCL of mean based upon a gamma distribution on KM estinaseesot easily available in
commercial sfiware packageand in R script

1 Inthe UnofficialProUCL v4User Guide, several statements have been made abouttjpescaimere
are several ways to compute percentiléstcentiles computed by ProUCL may or may not be
identical (don't have to be) tementiles computed by NADA for R (Helsel, 2013) or described in
Helsel and Gilroy (2012). To address users' requests, ProUCL 4.1 (2010) and its higher versions
compute percentiles that are comparabldahi percentiles computed by Excel 2003 and higher
versions.

1 Theliterature search suggests that there are a totalnaf (9) knowntypes of percentiles, i.e., 9
different methods of calculating percentiles in statistics literature (Hyndman and Fan, 1996). The R
programming language (R Core Team, 2012 &lh of these 9 types which can be computed using
the following statement in R

quantile(x, p, type=k) where p = percentile, k = integer betweef: 1

ProUCL computes percentiles using Type 7; Minitab 16 and SPSS compute percentiles using Type 6.
It is simply a matter of choice, as there is no 'best' type to use. Many software packages use one type
for calculating a percentile, and another for a box plot (Hyndman and Fan, 1996).

1 An incorrect statementBY definition, the sample mean has a 50% chandeeinfg below the true
population meanhas been made in Helsel and Gilroy (2048}l also in Helsel (2012ayhe above
statement is notorrectfor means of skewed distributions (e.g., lognormal or gansoa)monly
occurring in environmental applicationSinceHelsel (2012) prefers to use a lognormal distribytion
the incorrectness of the above statement has been illustrated using a lognormal distriftigon.
mean and median of a lognormal distribution (details in Section 2.3.2 of Chagft&r@UCL Teb
Guide) are given by:

mean =, = exp(e +0.50%); and median ¥ = exp(e)

From the above equations, it is clear that the mean of a lognormal distribution is always greater than
the median for all positive values G (sd of log-transformedvariable). Actually the mean is greater
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than thep™ percentile when 3. Far example, wherp = 0.80, g = 0.845 and mean of a
lognormal distributiong; exceeds g, the80" percentilewhen(i > . [h otBe® words, wheli >
1.69the lognormal meawill exceed the 80 percentile of a lognormal distribution.

To demonstrate the incorrectness of the above statement, a small simulation study was conducted.
The distribution of sample means based upon samples of size 100 were generated from lognormal
distributions withp =4, and varying skewness. The experiment was performed 10,000 times to
generate the distributions of sample means. The probabilities of sample means less than the
population means were computed. The following results are noted.

Table 1-2. Probabilities p(x < r77) Computed for Lognormal Distributions with u=4 and Varying Va | ues o f ]
Results are based upon 10000 Simulation Runs for Each Lognormal Distribution Considered

u=4,0=0.5 p=4,0=1 p=4, G =1 p=4, 0 =2 u=4,0=2.5
1;=61.86 1;=90.017 1;=168.17 1;=403.43 W;=1242.65,
Parameter 0,=32.97 0,=117.997 0,=489.95 ,=2953.53 0,=28255.23
p(X<m) 0.519 0.537 0.571 0.651 0.729
Mean 61.835 89.847 168.70 405.657 1193.67
Median 61.723 89.003 160.81 344.44 832.189

The probabilities summarized in the above table demonstrate that the statement about the mean
made in Helsel and Gilroy (2012) is incorrect.

Graphical MethodsGraphical methods are available in ProUCL as exploratory telish can be
generated foboth uncensoredand left-censored data setsThe Unofficial ProUCL Guide makes
severalcomments about Box plots and@plots incorporated in ProUCIThe Unofficial ProUCL
Guide statesthat all graphs witiNDs are incorrect. These statements are misleaatidgncorrect
The intent of the graptal methodsin ProUCL is exploratory to gain information (e.goutliers,
multiple populationsdata distribution, patterns, and skewngsgsent inra data setBased upon the
data displayed (ProUCL displays a messagg.,[@s a sultitle] in this regard) on those graphs, all
statisticsshownon thosegraphsgenerated by ProUCére correct.

Box Plots:In statistical literature, one can find several ways to generate box plots. The practitioners
may have their own prefarees to use one method over the oth#dr box plot methods including the

one in ProUCL convey the same information about the data set (outliers, mean, median, symmetry,
skewness).ProUCL uses a couple of development tools sudfaaBoint spread (for Eel type input

and output operations) and ChartFx (for graphical displars)ProUCL generates box plots using

the builtin box plot feature in ChartFx. Fall practical and exploratory purposes, box plots in
ProUCL areequallygood (if not better)asavailable in the various commercial software packages

get an dea about the data distributigskewedor symmetric), to identify outliers, and to compare
multiple graips(main objectives of box plots in ProUCL)

o As mentioned earlier, it is a matter dfaice of using percentiles/quartiles to construct a box plot.
There is no 'besthethod to construct a box pldtlany software packages use anethod (e.g.,
out of 9 described abovédr calculating a percentile, and another émnstructinga box plot
(Hyndman and Fan, 1996).

Q-Q plots: All Q-Q plots incorporated in ProUCL are correct and of high quality. In addition to
identify outliers, QQ plots are also used to assess daaibutions. Multiple QQ plots are useful to



perform pointby-point compaisons of grouped data sets unlike box plots based thdiive point
summarystatistics ProUCL has €Q plots fornormal, lognormal, and gamma distributionsot all

of these graphical capabilities are direclsailable inothersoftwarepackagesuchas NADA for R
(Helsel,2013). ProUCL offers several exploratory options to generat® Qlots for data sets with
NDs. Only detected outlying observations may require additional investigatienefore from an
exploratory point of view, ProUClkan geneate Q-Q plots excluding all NDgand other options)
Under this scenario there is no need to retain place holdensp(tingplotting positions used to
impute NDs) as the objective is not to impute NDs. To impute NDs, ProUCL uses ROS methods
(Gamma ROS ahlog ROS) requiring place holders; and ProUCL computes plgitsgions for all
detects andNDs to generate a proper regression mogeich is usedto impute NDs. Also for
comparison purposes, ProUCL can be used to gener@elQts on data setsbtaired by replacing
NDs by their respective DLs or DL$2In these cases also, no NDs @neuted, and there is no need
to retain placeholders for ND<On these €Q plots, ProUCL displays some relevant statistics which
are computed based upon the data digglayn those graphs.

Helsel (2012a) states that the Summary Statistics module does not display KM estimates and that
statistics based upon logged data are uselggscally, estimates computed after processing the data

do not represersummarystatistics. Therefore, KM and ROS estimates aredigplayedn Summary
Statisticsmodule These statistics are available in several other modules incliditgCL and BTV
modules At the request of several users, summary statistics are computed based upodategied

is believed that mean, median, or standard deviation of logged data do provide useful information
about data skewness and data variability.

To test forthe equality of variancethe F-test as incorporated in ProUClperforms fairly well and

the inclusion of the Levene's (1960) test will not add any new capability t&theCL software.
Therefore, taking budget constraints into consideration, Levene's test has not been incorporated in the
ProUCL software.

o However, éhough it makes sense tadi determine if the two variangare equal ounequal,
this is not a requirement to perform-gest. The distribution based confidence interval or test for
m - m based on the pooled sample variance does not perform better than the approximate
confidence intervals based upon Satterthwaite's test. Hence testing for the equality of variances is
not requiredto perform a twesample ttest. The use of WelciBatterthwaite's or Cochran's
method is recommended in all situations (see, for exampléayed2005).

Helsel(2012a)suggested that imputed NDs should not be made available to theTimedevelopers

of ProUCL and other researchers like to have access to imputeddslRgesearchefor exploratory
purposesone may want to have access to ingoulNDs to be used xploratory advanced methods
such as multivariate methods including data miningimttipal component analysik.is noted that

one cannot easily perform exploratory methods on multivariate data sets with NDs. The availability of
imputed NDs makes it possible for researchers to use miatiang exploratory methods on
multivariate data sets with NDs.

o The statements summarized above should not be misinterpreted. One may not use parametric
hypothesis tests such as-test or a classad ANOVA on data sets consisting of imputed NDs.
These methods require further investigation as the decision errors associated with such methods
remain unquantified. There are other methods such as Gehan and -Waneneests in
ProUCL5.0 which are bettsuited for data sets with multiple detection limits.
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Outliers: Helsel (2012a) and Helsel and Gilrg2012) make several comments abauttliers. The

philosophy (with input from EPA scientistspf the developer®f ProUCL about the outliers in
environmenth applications is that those outliers (unless they represent typographical eneys)
potentially represent impactégsite related or otherwisé)cations or monitoring wells; arttierefore
mayrequire further investigation.

o Thepresence of outliers im data set tends to destroy the normality of the data set. In other words,
a data set with outliers caeldom(may be when outliers are mild lying around the border of the
central and tail part of a normal distributiofollow a normal distributionThere are modern
robust and resistant outlier identification methods (e.g., Rousseeuw and Leroy,Sifgi and
Nocerino, 1995) which are better suited to identify outliers present in a data set; several of those
robust outlier identification methods are dahle in the Scout 2008 version 1.0 (EPA 2009)
software package.

o For both Rosner and Dixon tests, it is the data set (also called the main body of the data set)
obtained after removing the outliers (and not the data set with outli&ix)eedsto follow a
normal distribution. Outliers are not known in advance. ProUCL has nors@apl@ts which can
be used to get an idea about potential outliers (or mixture populations) present in a data set.
However, since a lognormal model tends to acoodate outliersa data set with outliers can
follow a lognormal distribution; this does not imply that the outfietentially representingan
impactedunusuallocation does not existh environmental applicationsutier tests should be
performed on raw datsets asthe cleanup decisienneedto be made based upon values in the
raw scale and not in legcaleor some other transformed spabdore discussiorabout outliers
can be found in Chapterof the ProUCL Technical Guide.

In Helsel (2012a), it is stated, "Mathatically, the lognormal is simpler and easier to interpret than
the gamma (opinion)." We do agree with the opinion that the lognormal is simpler and easier to use
but the logtransformation is often misunderstood and hence incorrectly asddinterpreted
Numerous examples (e.g., Exam@ié and2-2, Chapter 2f ProUCL Technical Guidgare provided

in the ProUCL guidance documents illustrating the advantagés ofsing a gamma distribution.

It is further stated in Helsel (2012 a) that ProUCL preféxs ggamma distribution because it
downplays outliers as compared to the lognormal. This argument can be turned -aiowiter

words, one can say that the lognormal is preferred by practitioners who want to inflate thefeffect
the outlier. Setting thiargument aside, we prefer the gamma distribution as it does not transform the
variable so the results are in the same scale as the collected data set. As mentioned earlier, log
transformation doeappear to be simpler but problems arise when practiti@rersot aware of the

pitfalls (e.g., Singh and Ananda, 2002; Singh, Singh, and laci, 2002).

Helsel (2012a) and Helsel and Gilroy (2012) state that "lognormal and gamma are similar, so usually
if one is considered possible, so is the other." This isi@oriect and misleading statement. There

are significant differences in the two distributions and in their mathematical properties. Based upon
the extensive experience in environmental statistics and published literature, for skewed data sets that
follow both lognormal and gamma distributions, the developers do favor the use of the gamma
distribution over the lognormal distribution. The use of the gamma distribution based decision
statistics is preferred to estimate the environmental parameters (meamenggetile). A lognormal

model tends to hide contamination by accommodating outliers and multiple populations whereas a
gamma distribution tends not to accommodate contamination as can be seen in Exdrapte22

of Chapter 2of ProUCL Technical GuideThe use of the lognormal distribution on a data set with



outliers tends to yield inflated and distorted estimates which may not be protective of human health
and the environment; this is especially true for skewed data sets of small of siZ& <20

o Inthe context of computing a UCL95 of mean, Helsel and Gilroy (2012) and Helsel (2012a) state
that GROS and LROS are probably never better than KM. It should be noted that these three
estimation methods compute estimates of mean and standard deviatiort émel uygper limits
used to estimate EPC terms and BTVs. The use of KM method/igdegood estimates of mean
and standard deviation as noted by Singh, Maichle, and Lee (2006). Computing good estimates
of mean andd based upon leftensored data setsdadsses only half of the problem. The main
issue is to compute decision statistics (UCL, UPL, UTL) which account for uncertainty and data
skewness inherently present in environmental data sets.

o Realizing that for skewed data sets, Studert€t, CLT-UCL, and standard and percentile
bootstrap UCLs do not provide the specified coverage to the population meamcénsored
data setsesearchers (e.g., Johnson (1978), Chen (1995), Efron and Tibshirani (1993), Hall [1988,
1992], Grice andBain (198), Sindh, Singh, and Engelhardt (1997), Singh, Singh, and laci
(2002)) havedeveloped parametric (e.g., gamma distribution) and nonparametric (e.g., beotstrap
t and Hall'sbootstrapmethod, modifiet, and Chebyshev inequality) methods to compute
confidence irgrvals and upper limitwhich adjust for data skewness.

o Analytically, it is not feasibleio compare the various estimation and UCL computation methods
for skewed data sets consisting of nondetect observations. Instead, researchers use simulation
experiments to learn about thistributions angberformances of the various statistics (e.g.,-KM
UCL, KM-percentile bootstrap UCL, KNdootstragt UCL, KM-Gamma UCL). Based upon the
suggestionsnade in published literature and findings summarized in Singhchiégaiand Lee
(2006), it is reasonable to state and assume that the findings sihthlation studies performed
on uncensored skewed data sets to compare the performances of the various UCL computation
methods can be extended to skeweddefisored datsets.

o Like uncensored skewed data sets, fordefisored data sets, ProUCL Bd&kseveral parametric
and nonparametric methods to compute UCLs and other limits which adjust for data skewness.
Specifically, ProUCL use&M estimates in gamma equatioris bootstrapt method,and in
Chebyshev inequality to compute upper linfiitsleft-censored skewed data sets

Helsel (2012a) statethat ProUCL 4 is based upgmesuppositionslt is emphasized that ProUCL
does not make any suppositions in advaridae b the poor performance of a lognormal moged
demonstrated in the literature and illustrated via examples throutiteoBroUCLTechnical Guide)

the use of gamma distribution is preferred whardata set can be modeled by a lognormal model
and a gammanodel. To provide the desired coverdge close as possibl&r the population mean,

in earlier versions of ProUCkversion 3.0) in lieu of HUCL, the use of Chebyshev UCL was
suggested fomoderately andhighly skewed data sets. In lat€B.00.02and higher)versions of
ProUCL, depending upon data skewness and data distribution, for gamma distributed d#te sets,
use of Gammadistribution was suggested to computetlgl. of mean.

Upper limits (e.g., UCLs, UPLs, UTLs) computed using the Stsdesiatistic and percentile bootstrap
method (Helsel, 2012, NADA for R, 2013) often fail to provide the desired coverage (e.g., 95% confidence
coefficient) to the parameters (mean, percentile) of most of the skewed environmental populations. It is
suggesd that the practitioners compute the decision making statistics (e.g., UCLs, UTLSs) by taking: data
distribution; data set size; and data skewness into consideration. For uncensored -aethdefied data
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sets, several such upper limits computation meth@d&e been incorporated in ProUCL 5.0 and its
earlier versions.

Contrary to the statements made in Helsel and Gilroy (202)JCL softwaredoes not favor statistics
which yield higher (e.g., nonparametric Chebyshev UCL) or lower (e.g., preferringé¢hef @ gamma
distribution tousing a lognormal distribution) estimates of #r@vironmental parameterg.g.,EPCand
BTV9. The main objectives of the ProUCL softwarefunded byUSEPA is to computegorous decision
statistics to help the decision makearsd project team making correct decisions which are protective
of human health and the environment.

Page 75 (Helsel [2012]©ne of the reviewersf the ProUCL 5.0 software drew our attention to the
following incorrectstatement n@e on page 75 of Hel (2012):

"If there is only Ireporting limit the result is that the mean is identical to a substitution of the reporting
limit for censored observations."

An example leficensored data sebnsisting of nondetect (NDs) observatiavith one reportig limit of
20 illustrating this issue is described as follows.

Y Dy
20
20
20
7
58
92
100
72
11
27

o

P PR RPRRPRERLRRPLROO

The mean and standard deviation based upon the KM and two substitution methods: DL/2 and DL are
summarized as follows

Kaplan-Meier (KM) Statistics
Mean 39.4
SD 35.56

DL Substitution method (replacing censored values by the reporting limit)

Mean 42.7

SD 34.77

DL/2 Substitution method (replacing NDs by the reporting limit)
Mean 39.7

SD 37.19
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The above example illustrates that the KM mean (when only 1 detection limit is present) is not actually
identical to the mean estimate obtained using the substitution, DL méthedstatement made in
Helsel'stext holdswhen all observabins reported as detects are greater than the single reporting limit
which is seldom true in environmental data sets consisting of analytical concentrations.

37



38



Chapter 2

Entering and Manipulating Data

2.1 Creating a New Data Set

By executingProUQL 5.0, the following file optionswill appear:

File  Edit Stats/Sample Sizes  BIS Simulator  Graphs  Statistical Tests  Upper Limits/BTVs ~ UCLs/EPCs  Windows  Help

Navigation Panel

Name

By choosing thd-ile 3 New option, a hew worksheet shown below will appear. The user enters variable
names and data following the ProUCL input file format requirements described in Section 2.3.

Windows  Help

BS File Edit Stats/SampleSizes Graphs  Statistical Tests  Upper Limits/BTVs  UCLs/EPCs

Navigation Panel - 0 1 2 9 4 5
Name
WorkSheet xis 1
2
3

2.2 Opening an Existing Data Set

& 7 ] 9 10 1

The user can open an existing worksheet (*.xls, *.xIsx, *.wst, and *hgsthoosing theFile 3 Open
Single FileSheetoption The followingdrop downmenu will appear:

I5M Simulator  Graphs  Statistical Tests  Upper Limits/BTVs

File | Edit Stats/Sample Sizes

Mew
| Open Single File Sheet

Open Bxcel File with Multiple Sheets
:' Opens First Sheet in an Excel File or an Cutput or Qlder ProlJCL (WST) File

Exit
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Choose a file byilgh lighting the type of file such axls as shown aboveThis option can also be used
to read in *.wst worksheetand *.ost output sheegenerated by earlier versions (e.g., ProUCL 4.1 and

T
Organize » New folder
\ ~
¢ Favorites
B Desktop
4 Downloads

5| Recent places

B Desktop
4 Libraries
@ Documents
J' Music
[ Pictures
E Videos
*d Homegroup
2 Anita Singh
"8 Computer

L

older) of ProUCL.

<

Narne
test-data7-G
test-datab-G
test-data3-G
test-datad-G
test-data3-G
Test-datal-G
Test-data2-G

b Anita Singh » Desktop » ProUCL50 »

Basic Calc for 20 exarmple 08Feb13
Adv Calc for 50 example 08Feb13
DU4 data-bkgd metals-drom deana

. proucl-review-comments-7-2013

. Data-PreUCL 5.0

Date modvified
7/31/2013 T:59 PM
7/31/2013 7:58 PM
7/31/2013 T:55 PM
7/31/2013 T:54 PM
7/31/2013 7:53 PM
7/31/2013 7:51 PM
7/31/2013 7:50 PM
5/25/2013 6:38 PM
5/25/2013 6:37 PM
5/16/2013 7:07 AM
8/9/2013 %:41 PM
8/9/2013 &35 AM

Search ProUCL 5.0

Type

Microsoft Office E...
Microsoft Office E...
Microsoft Office E...
Microsoft Office E...
Microsoft Office E...
Microsoft Office E...
Microsoft Office E...
Microsoft Office E...
Microsoft Office E...
Microsoft Office E...

File folder
File folder

- I @

Size

o

20 KB
18 KB
19 KB
18 KB
18 KB
19 KB
20 KB
888 KB
1,000 KE
41 KB

File name:

Excel Files (xls)

Excel Files {.xlsx)

output files (*.ost)

Worksheet files [*.wst)

A

By choosing the~ile 3 Excel Multiple Sheetsoption the user can open an Excdkftonsisting of

multiple sheets. Each sheet will be opened as a separate file to be processed individually by ProUCL 5.0

Caution:

importingthe file into Pr&JCL using thefile open option.

2.3
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1 The program can read Excel files. The user can perform typical Cut, Paste, and Copy

Input File Format

operationsvailable under the Edit Menu Option as shown below

gt File | Edit | Stats/SampleSizes ISM Graphs  Statistical Test:
| Configure Display ~ » Full Precisicn
Name Cut Ctrl+X Log Panel
PCA-NDs Copy Ctrl+C MNavigation Panel
SuperFun Paste Ctrl+V Excel 2003
Header Mame
120 17 E 1

If you are editing a file (e.g., an excel filsing Excel, make sure to close the file before



1 The first row in all input data files consist @lphanumeric (strings of numbers and
characters) names representing the header row. Those header names may represent
meaningful variable names such as Arsenic, Chromium, Lead, &do@nd so on.

o The GrouplD columnholdsthe labels for the groups (e.dackground, AOC1, AOC2,
1, 2, 3, a, b, ¢, Site 1, Site 2) that might be present in the data séiphanumeric
strings (e.g., Surface, Swdoirface) can be used to label the various grodyast of the
modules of ProUCL can process data by a graujable.

o The data file can have multiple variables (columns) with unequal number of observations.
Most of the modules of ProUCL can process data by a group variable.

o Except for the header row and columns representing the group labels, only numerical
values should appear in all othemws.

o All alphanumeric strings and characters (e.g., blank, other characters, and strings), and all
other values (that do not meet the requirements above) in the data file are treated as
missing valuesnd are omitted frorstatistical evaluations

o Also, a large value denoted by 1E31 (= 1¥1@an be used to represent missing data
values. All entries with this value are ignored from the computations. These values are
counted undethenumber of missing values.

2.4 Number Precision

f Theusermay turn AFull Pr e ci sQomfigute 3 oFull Poecisiom f f by
On/OFF

T By | eaving nFul ¢ff, PPodELcwillsdisglay dumerical valaed using an
appropriate (default) decimal digit optioandby t ur ni ng foff, @l decim@lr eci si
values will be rounded to the nearest thousandttep

T AFull P an eptian ss ispedaifically useful when one is dealing with data sets consisting
of small numerical values (e.g., < 1) resulting in small values of the various estimates and test
statistics. These values may become so small with aeleading zeros (e.g., 0.00007332)
after the decimal. In such situations,eanay want to us¢he "FullP r e ¢ i og opton to
see nonzero values after the decimal.

Note: For the purpose of this User Guide, unless noted otherwise, all examplesuseve he A Ful |
P r e c i off optiam.0This option prints out results up to 3 significant digits after the decimal.
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2.5 Entering and Changing a Header Name

Edit | Stats/Sample Sizes |

Configure Display  »
Cut Ctrl+X
Copy Ctrl+C
Paste Ctrl+V
| Header Mame |

1. The user can change variable names (Header Name) using the following piriigkight the

column whose header name (variable name) you want to change by clicking either the column
number or the header as shown below.

0 1 e

Arzenic

Ly I R T R S
s
[N}

2. Right-click and then clickHeader Name

Header Mame

L) [ R R T S

3. Change the Header Name.

Header Name

Header Mame: |.-i'-.rseni|: Site 1

] | Cancel
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4. Click theOK button to get the following outputithi the changed variable name.

] 1 2
Arzenic Site 1
45

5B

43

5.4

9.2

N | = Ll | | —

2.6 Saving Files

File | Edit Stats/SampleSizes Graphs  Statistical Tests  Upper Limits/BTVs ~ UCLs/EPCs

L5 i 2 3 4 5
Open Single File Sheet

Open Excel File with Multiple Sheets

Close

Save

Save As...

Print

Print Preview

Exit

1 TheSaveoption allows theiser to save the active window in Excel 2@00&Excel 2007

The Save Asoption alsoallows the user to save the active window. This option follows typical
Windows standardsand saves the active window to a file irls or .xlsx format. All
modified/edited data files, and output screens (excluding graphical displays) generated by the
software can be saved as or .xIsx files
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2.7

Editing

Click on the Edit menu item to reveal the following diaigavn options.

2.8

44

Edit | Stats/Sample Sizes I

Configure Display  »
Cut Ctrl+X

Copy Ctrl+C

Paste Ctrl+V

Header Mame

Cut option: similar to a standard Windows Edit option, such as in Excel. It performs standard
edit functions on selected highlighted data (similar to a buffer).

Copy option: simlar to a standard Windows Edit option, such as in Excel. It perfiyqnsal
edit functions on selected highlighted data (similar to a buffer).

Paste option: similar to a standard Windows Edit option, such as in Excel. It performs typical
edit functions 6 pasting the selected (highlighted) data to the designated spreadsheet cells or
area.

Handling Nondetect Observations and Generating Files with Nondetects

f

Several modules d?roUCL (e.g., StatisticalTests, Upper limits/BTVs, UCLs/EPChandle
datasets consisting dfID observations witlsingle and multipld®Ls.

The user informs the program about the status of a variable consisting oFRdDa.variable

with ND observations (e.g., arsenic), the detected values, and the numerical ofalbes
assaeiated detection limits (for less than values) are entered in the appropriate column
associated with that variablo qualifiers or flags (e.g., J, B, U, UJ, X,...) should be entered
in data files consisting oD observations.

Data for variables wittND values are provided in two columns. One column consists of
numerical valuesof detected observationsnd numerical values ofdetection limis (or
reporting limits) associated with observations reportedNi3s; and the second column
represents their detémh status consisting of onl (for ND values) and 1 (for detected
values) values. The name of the corresponding variable representing the detection status
should start with d_, or D_ (not case sensitive) and the variable name. The detection status
columnwith variable name starting with a D_ (or a d_) should have only two values: O for
ND values, and 1 for detected observations.

For example, the header name, D_Arsenic is used for the variable, Arsenic N&ving
observations. The variable D_Arsenic camsaa 1 if the corresponding Arsenic value
represents a detected entry, and contains a O if the corresponding entry repidBeartdri



2.9

The user should follow this format otherwise the program will not recognize that your data
set has NDsAn example dea set illustrating these points is given as follows.

0 1 2 3 4 5 53 :‘
Arzenic | D_Arzenic | Mercum D_Mercury Wanadium Zinc Group

q 45 u] 0.07 1 16.4 29.3 Surface

2 BB 1 0.07 1 16.8 90.7 Surface

3 4.3 o 0.11 o 17.2 95.5 Surface

4 5.4 1 0.z 1] 19.4 113 Surface

5 9.2 1 0.61 1 153 266 Surface

B E.2 1 01z 1 208 209 Suface

7 E7 1 0.04 1 294 0.4 Surface

o 5.8 1 0.06 1 13.8 89.2 Surface

q =R} 1 0.33 1 1843 182 Surface

10 5.65 1 0125 1 17.25 80.4 Surface

11 5.4 1 01a 1 172 91.9 Subsurface

12 55 1 0.1 1 16.3 112 Subsurface

13 549 1 0.29 1 16.8 172 Subsurface

14 5.1 1 0.44 1 171 93 Subsurface

15 5.2 1 01z 1 103 90.7 Subsurface

16 45 u] 0.055 1 1561 EE.3 Subsurface

17 E1 1 0.055 1 24.3 75 Subsurface

ig E.1 1 0.21 1 18 185 Subsurface

19 E.8 1 0.67 1 16.9 184 Subsurface

20 5 1 01 1 12 E5.4 Subsurface

21 0.8 1

o2 0.26 1

23 0.97 1

24 0.05 1

0.26 1 f
] >
Caution
1 Care should be taken to avoid any misrepresentation of detected and nondetected values.

f

Specifically, it is advised not to have any missing values (blanks, characters) in the
D_column (etection status column). If a missing value is located in the D_column (and not
in the associated variable column), the corresponding value in the variable column is treated
as aND, even if this might not have been the intention of the user.

It is mandaory that the user makes sure that only a 1 or a 0 are entered in the detection status
D_column. If a value other than a 0 or gslich as qualifiersls entered in the D_ column

(the detection column), results may become unreliable, as the softwaretsdefaany
number other than 0 or 1 a®\® value.

When computing statistics for fulincensoredlata sets without aniD values, the user
should select only those variables (from the list of available variables) that contsiB no
observations. Specifitg, ND values found in a column chosen for the summary statistics
(full-uncensored data set) will be treated as a detected value; whatever value (e.g., detection
limit) is entered in that column will be used to compute summary statistics for-a full
uncensred data set without amND values.

It is mandatory that the header name of a nondetect column associated with a variable such as
XYZ should be D_XYZ (or d_Xyz). No other characters or blanks are allowed. However, the
header (column) names are not cesesitive If the nondetect column is not labeled properly,
methods to handle nondetect data will not be activated and shown.
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1 Two-Sample Hypotheses:lt should be noted when using tgample hypothesetests
(WMW test, Gehan test, antlaroneWare test) on dta sets with NDs, both samples or
variables (e.g., sitds, BackAs) should be specified as haviNgs, even though one of the
variables may not have any ND observations. This mtais ND column (with 0 = ND,
and 1 = detect) should be provided forteaariable (here D_sitAs, and D_BaciAs) to be
used in this comparisoti. a variable (e.g., sité\s) does not have aryDs, still a column
with label D_siteAs should be included in the data set with all entries = 1 (detected values).

f Thesample dataet givenon the previougpage illustrates points related to this option and
issues listed above. The data smtitains somé&\D measurements for Arsenic and Mercury.
It shouldbe noted that Brcury concentrations are used to illustrate the points relatdd to
observations arsenic andzinc concentrations are used to illustrate the use of the group
variable, Group (Surface, Subsurface).

1 If for mercury, one computes summary statistics (assuminghe al ues) using @Fu
set option, then alND valueswi t h A00 entries in D_Mercury
detected values, and summary statistics will be computed accordingly.

2.10 Summary Statistics for Data Sets with Nondetect Observations

1 To computevariousstatisticsof interest (e.g., background stdics, GOF test, UCLAVMW
tes) for variables withND values, one should choose tN® option, With NDs from the
various available menu optiorsuch as Stats/Sample Sizes Graphs, Statistical Tests
Upper Limits/BTVs, andUCLS/EPCs

1 The NDs option ofhese modules gets activated only when your data set consists of NDs.
1 For data sets with NDshe Stats/Sample Sizesnodule ofProUCL 5.0 computesummary

statistics and other general statistics such as the KM mean and KM standard dbsisgitn
upon rawas well as logransformed data.

az!

o' File Edit | Stats/Sample Sizes | Graphs  Statistical Tests  Upper Limits/BTVs ~ UCLs/EPCs  Windows  Help

Navigation F| General Statistics » | Full (w/o NDs) |5 B 7
Name Imputed NDs using ROS Methods  » | With NDs 2
Work Sheet xds DQOs Based Sample Sizes 3 ' '
Well 10xds 2 : N o 0
VMW-with NDs xis 3 5 8 ! 0
4 7 17 0 1

1 The General Statistics/With NDsoption also provides simple statistics (e.g., % NDs, max
detect, Min detectMean of detected values) based upon detected values. The statistics
computed in logscale (e.g., sd of log-transformed detected values) may help a user to
determine the degree of skewness (e.g., mild, moderate, high)dafa setbased upon
detected values. These statistics may also help the user to choose thappmopriate
method (e.g., KM bootstrapUCL or KM percentile bootstrapJCL) to compute UCLSs,
UPLs, and other limitesed to compute decision statistics
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1 All other parametric and nonparametric statistics and estimates of population mean, variance,
percentiles (e.g., KM, and ROS estimates) for vargailigh ND observations arprovidedin
other menu options such dgper Limits/BTVs andUCLS/EPCs

2.11 Warning Messages and Recommendations for Datasets with an Insufficient
Amount of Data

f ProUQ 5.0 provides warning messages and recommendations faseta with insufficient
amount of data to calculate meaningful estimates and statistics of interest. For example, it is
not desirable to compute an estimatehe EPC term based upordiscretedata set of size
less than 5, especially whélDs are alsqresent in the data set.

1 However, toaccommodat¢éhe computation of UCLand other limitdbased upon ISM data
sets, ProUCL 5.@llows users to computdCLs, UPLs, and UTLdased upon data sets of
sizes as small as Fhe useris advised tdollow the guidance provided in the ITRGSM
Technical Regulatory Guidance DocumeRC, 2012) to selectrmappropriatd JCL95 to
estimate the EPC termDue to lower variability in ISM data, thminimum sample size
requiremert for statistical methodssed onlSM dataare lower thanthe minimum sample
size requirements fatatisticaimethods used on discrete data sets.

f It is suggested that for discrete data sets, the users should use &Olebservations to
compute UCLs and various other limits.

1 Some examplesf datasets with insufficient amount of data include datasets with les8 than
distinct observations, datasets with only one detected observation, and datasets consisting of
all nondetects.

1 Some of the warning messaggsheratedby ProUQ. 5.0 are showrasfollows.

UCL Statistics for Uncensored Full Data Sets

User Selected Options
Date/Time of Computation  3/13/2013 9:26:43 PM
From File  Not-enough-data-set xds
Full Precision  OFF
Confidence Coefficient  55%
MNumber of Bootstrap Operations 2000

General Stalistics
Total Number of Observations 2 Number of Distinct Observations 2
Number of Missing Observations 0
Minimum 2 Mean 45

Maxdmum 7 Median 45
Waming: This dala set only has 2 ocbservations!
Data set is too small to compute reliable and meaningful statistics and estimates!

The data =et for variable x was not processed!

It is suggested to collect at least 8 to 10 observations before using these statistical methods!
I possible, compute and collect Data Quality Objectives (DQ0) based sample size and analytical results.
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User Selected Options

UCL Statistics for Data Sets with Non-Detects

Date/Time of Computation  3/13/2013 3:27:33 PFM
From File  MNot-enough-data-set ds

Full Precision ~ OFF

Corfidence Coefficient ~ 95%

Mumber of Bootstrap Operations

2000

General Statistics

Total Number of Observations 7 Mumber of Distinct Observations 6
Number of Detects 2 Number of Non-Detects 5
Number of Distinct Detects 2 Number of Distinct Non-Detects 4
Minimum Detect 10 Minimum Non-Detect 1
Maximum Detect 13 Maximum Non-Detect 5
Variance Detects 45 Percent Non-Detects 71.43%
Mean Detects 15 5D Detects 2124
Median Detects 1.5 CV Detects 0.184
Skewness Detects  N/A Kurosis Detects = N/A
Mean of Logged Detects 2434 5D of Logged Detects 0.186

Waming: Data set has only 2 Detected Values.

This is not enough to compute meaningful or reliable statistics and estimates.

Normal GOF Test on Detects Only
Mot Enough Data to Perform GOF Test

Background Statistics for Data Sets with Non-Detects

User Selected Options
From File  Mot-enough-data-set_axls
Full Precision  OFF
Corfidence Coefficient  95%
Coverage 95%
Different or Future K Observations 1
MNumber of Bootstrap Operations 2000

General Statistics

Total Number of Observations 7 Number of Missing Observations 0
Number of Distinct Observations 6
Number of Detects 0 Number of Mon-Detects 7
Number of Distinct Detects 0 Number of Distinct Non-Detects 6
Minimum Detect = N/A Minimum Non-Detect 1
Madmum Detect | N/A Maximum Non-Detect 13
Variance Detected = N/A Percent Non-Detects = 100%
Mean Detected = N/A 50 Detected = NAA
Mean of Detected Logged Data = N/A SD of Detected Logged Data = N/A

Waming: All observations are Non-Detects (NDs). therefore all statistics and estimates should also be NDs!
Specifically. sample mean. UCLs. UPLs. and other stalistics are also NDs lying below the largest detection limit!
The Project Team may decide to use altemalive site specific values to estimate environmental parameters {e_.g.. EPC. BTV).

The data set for variable yy was not processed!

2.12 Handling Missing Values
1 The various modules (e.g., Stats, GOF, UCLs, BTVs, Regression, Trend tésts)GE 5.0
can handle missing values within a data ggipropriate messages are displayed when
deemed necessary.

1 All blanks, alphanumeric strings (except for group variables), or the specific large value 1e31
are considered as missing values.
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1 A group variable (representing two or more groups, populations, MWs) can have
alphanumeric values (e.g., MW, MW02, AOC1, AOC2,...).

1 ProUQ ignores all missing values in atatisticalevaluationst performs. Missing values
are therefore not treated as being part of a data set.

1 Number of Valid Samples or Number of Valid Observations represents the Total Number of
Observationsminus the Number of Missing Values. If there ane missing values, then
number of valid samples = total number of observations.

Valid Samples = Total Number of Observatiénglissing Values.

T It is important to note, however, that if a missing value not m@agt, a blank, or 1e31) to
represent a group category LS.Owiltreasttenbtanki n a
value (or 1e31 value) as a new groAp.variables andvaluesthat correspond to this missing
value will be treated as part of a ngwoup and not with any existing groups. It is therefore
important to check the consistency and validity of all data sets before perfastatiggical
evaluations

1 ProUQ prints out the number of missing values (if aapd the number of reported values
(excluding the missing valuesdssociated with each variable in the data sheet. This
information is provided in several output sheets (eGgneral statistics, BTVYsUCLSs
Outliers OLS, Trend Tesjgyenerated by ProUCs.0.

1 Number of missing values iRegression: The OLS moduddso handles number of missing
values in the two columns (X and Y) representing independent (X) and dependent (Y)
variables. ProUCL provides warning messages for bad dataesgtsall identical values)
whenstatistics of inteest cannot be computedHowever, a bad/extreme data set can occur in
numerous different ways, and ProUCL may not cover all of those extreme bad data sets. In
such cases, ProUCL may still yield an error message. The user needs to review and fix his
data &t before performing regressiontrendanalysis again.

For further clarification of labeling of missing values, the following example illustrates the terminology
used for the number of valid samples, number of unique and distinct samples on theoudpiousheets
generated bthe ProUCL software.

Example: The following example illustrates the notion of Valid Samples, Unique or Distinct Samples,
and Missing Values. The data set also N&svalues. ProUC 5.0 computes these numbers and prints
them onthe UCLs and background statistics output.

X D_x
2

4

2.3

1.2

w34
1.0E+031

cNoNoNoNall 3 N

anm
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34
23
0.5
0.5
2.3
2.3
2.3
34
73

PRPRRPRRPRRPOORR

Valid Samples: Represents the total number of observations (censored rmcehaoredinclusive
excluding the missing values. If a data set has no missing value, then the total number of data points
equals number of valid samples.

Missing Values: All values not representing a real numerical humbertagatedas missing values.
Specifically, all alphanumeric values including blanks are considerbdmissing valuesBig numbers
such as 1.0e31 are algeated asnissing values and are considered as not valid observations.

Unique or Distinct Samples:The number of unique sampler number of distinct samples represents all
unique (or distinct) detected values. Number of unique or distinct values is computed for detected values
only. This number is especially useful when using bootstrap methods. As well known, it is not desirable
and advisable to use bootstrap methods, when the number of unique saspidis is

2.13 User Graphic Display Modification

Advanced users are provided two sets of tools to modify graphics displays. A graphics tool bar is
available above the graphics sy and the user can rigblick on the desired object within the graphics
display, and a dredown menu will appear. The user can select an item from theddsgp menu list by
clicking on that item. This will allow the user to make desired modificatisnavailable for the selected
menu item. An illustration is given as follows.

2.13.1 Graphics Tool Bar

5] Histo,_Group.gst @@@

2 0S| A [REle 5 F|E 4 DER|
Histograms for Arsenic, NROS_Arsenic
g
B

)

c 4

Q

3 2

o

o ]

('S
. Arsenic . NROS_Arsenic

The wuser can change font s, f ont si zes, vertical

features and text. All these actions areeggally used to modify the appearance of the graphic display.
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The user is cautioned that these tools can be unforgiving and may put the user in a situation where the
user cannot go back to the original display. Users are on their own in exploring theeebust these
tools. Therefore, less experienced users nmyant tousethese droglown menu graphic tools.

2.13.2 Drop-Down Menu Graphics Tools

Graphs can be modified by using the options shown on the two graphs displayedTineseviools

allow the user to move the mouse to a specific graphic item likaxiariabel or a display feature. The

user then rightlicks their mouse and a drawwn menu will appear. This menu presents the user with
available options for that particular control or grapbinject. For example, theisercan change colors,

title name, axes labels, font size, angime the graphsThere is less chance of making an unrecoverable
error but that risk is always present. As a cautionary note, the user can always delete tbe \ghagdiv

and redraw the graphical displays by repeating their operations from the datasheet and menu options
available in ProUC. A couple ofexampls of a dropdown menu obtained by riglticking the mouse

on the background area of the graphics disptagiven as follows.

™ Histo . Group.gst

28& A-EH [R5 R EZBIER] xE
Histograms for Arsenic, NROS_Arsenic
a8 Toolbar
Data Editor
o Legend Bioox
O B
& Gallery 3
g Cal »
alar
o 4
t Edit title
—
- Point Labels
2
Font ... I=
[ o i i o i _ Properties. ..
v 1 A[E] statistical Studies
IACNEREN
W Arsenic 3l D ol o
M|_1|_1|_1|_4|_5|_1|_3|_1|_1|_2|_1|_1|_.3|_c.|_.;,|_.3|_,:,|_1|_0|_1
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® File Edit Stats/SampleSizes BISSimulator Graphs Statistical Tests UpperLimits/BTVs  UCLS/EPCs  Windows Help

x

Navigation Penel [T
r Box Plot for Na
Name
ViorkSheetds o =T
Vield 1025
VMWt NDsxis
ASHALLTgroups xs
Box Plot Full g2t
Box Plot Full_agat o
Box Plot Full
oo Action Level 20
8 Toolbar
[@ DataGrid
Bl LegendBox
15 #  Gollery »
Color »
3 (@] Edittitle
¥ Point Labels
2 Font...
% Properties...
=] Statistical Studies
3 o
| i
. i
1 2 3 4 5 6 7
t >{ifomaton] C:\Users\Anta\Desktop\ProUCL 5 0\Data-ProLICL 5.0\ASHAL L 7groups s was imported ito C:\Users\Anta \Deskiop\ProUCL 5 0\Data-ProUCL 6. 0\ASHALL 7groups s
4 >[fomstion] Box Plot Ful Graph Completed!
2 >{irformation] Box ot Ful Graph Completed!
= >{ifomaton] Box Pt Ful Graph Completed!
< >
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Chapter 3

Select Variables Screen

3.1 Select Variables Screen
1 TheSelect Variablescreen is associated with all modules of ProUCL.
1 Variables need to be selected to perform statistical analyses.

1 When the user clicks on a grdown menu for a statistical procedyesg., UCLS/EPCs}he
following window will appear.

Available Vanables Selected Vanables

[S]

Name: Name D

Arsenic 1
Lead 4

Aluminum
Chromium

Inany

Manganese
Thallium
Wanadium
Benzolg)pyrene
MNaphthalene
Benzofajpyrene ...

O oo = h WM o

_
=

f TheOptions button is available in certain menus. The use of this option leadstioeapop-
up window such as shown below. This window provideua optbons associated with the
selected statistical method (e 8TVs, OLSRegression

Confidence Level
Coverage

Different or Future K Obsewalio@
Number of Bootstrap Operﬂlinns

| ok | | cancal |
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[] Display Intervals

Confidence Level
0.95

Display Regression Table

[] Display Diagnostics
Graphics Options

Display XY Plot

XY Plot Title
Classical Regression

Display Confidence Interval

Display Prediction Interval

1 ProUCL can process uttiple variables simultaneously. ProUCsoftware can generate
graphs, and compute UCLs, and background statistics simultaneously for all selected
variablesshown in the right panel of the screen shot displayed on the previous page.

T If the user wants to perform statistical analysis on a variabie, (hanganegeby a Group
variable, click the arrow below tH&elect Group Column (Optional)to get adrop-down list
of available variablegrom which to select an appropriate group variable. For example, a
group variable (e.gWell ID) can have alphanumeric values suciV&g8, MW9, andMW1.
Thus in this example, the group variable nakvell ID, takes3 values MW1, MW8, and
MW9. The selected statistical method (e.g., GOF test) performs computations on data sets
for all the groups associated with the selected group variableWget.ID)

Available Variables Selected Varnables
Name D == Name D
Well ID 0 Mn-GW 1
MW-1D 2 <=
Manganese 3
MW-85 5
GW-Mn-83 6
MW3 8
MNS 9
MN-55 11
index 14
< >
Select Group Column (Optional)
ell ID{ Courtt = 48)| v
< b3 Options 0K Cancel




1 The Group variable is useful when data from two or more Emmeed to be compared.

f Any variable can be a group variable. However, for meaningful results, only a variable,
that really represents a group variable (categories) should be selected as a group variable.

f  The number of observations in the group variadte the number observations in the
selected variables (to be used in a statistical procedure) should be the same. In the
exampl e bel ow, t he vari abl e iMercuryo i s
observations for Mercury is 30; in other words mercuryeslhave not been grouped.
The group variable and each of the selected variables have 20 data values.

Available Vanables Selected Vanables

Name D bl Name D

Arsenic 1 Alumirum i}

Iron 3 < Chromium 2

Lead 4 Manganese 5

Thallium 6

Wanadium 7

Benzo(a)pyrene 8

MNaphthalene 5

Benzo(gjpyrene ... 10

< >

Select Group Column (Optional)
[ v

< > Options OK Cancel

1 As mentioned earliegne shouldnoh s si gn any mi ssing value su
group variable. If there is a missing value (representeddnk$, strings or 1E31) for a
group variable, ProUC will treat those missing values as a new group. As such, data
values corresponding to the missing Group will be assigned to a new group.

1 The Group Option provideswsefultool to perform various statiical tests and methods
(including graphical displays) separately for each of the group (samples from different
populations) that may be present in a data set. For example, the same data set may consist
of samples from the various groups (populationsg giraphical displays (e.g., box plots,

Q-Q plots) and statistics of interest can be computed separately for each group by using
this option.

Notes: Once again, care should be taken to avoid misrepresentation and improper use of
group variables. It is reenmended not to assign any missing value for the group variable.
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3.1.1 Graphs by Groups

The following options are available to generate graphs by groups.

Graphs | Statistical Tests U

Box Plot

Multiple Box Plots
Histogram

Q-0 Plots
Multiple G-C Plots

71 Individual or multiple graphs (@ plots, box plots, and histograms) can be displayed on
a gaph by selecting a "Group Coluni@ptionald opti on shown as foll o

X
Available Varniables Selected Vanables
Name D == Name D
CulT=1 1 Cu
Zn 2 <<
ZnLT=1 3
Zone 4
Zone-Basin 3
Zn-Basin 10
Zone-Allu 13
Zn-Allu 14
flip-Zn-allu-700 17

< >
Select Group Column (Optional)
Zone (Court =118) Y]
< > Options 0K Cancel

1 An individual graph for each group (specified by the selected group variable) is produced
by selectig the Individual Graph option; andmultiple graphs (e.g., sidby-side box
plots, mdtiple Q-Q plots on the same graph) are produced by selectingstbep
Graph option as shown belowUsing the Group Graph option, multiple graphsre
displayed for all sugroups included in the Group variable. This option isdushen
data are given irhe same column and are classifiedalgyoup variable.
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Graphs by Groups
() Individual Graphs (®) Group Graphs

Label Value

1 Multiple graphs for selected variables are produced by selecting sptiodtiple Box
Plots or Multiple Q -Q Plots. Using theGroup Graph option, multiple graphsor all
selected variableare shavn on the same graphicdisplay. This option is useful when
data (e.g.siteleadand background leado be compared are given in different columns

Notesl't should be noted that it is the useramfo respo
perform the group operations. For example, if the user desires to produce a grajiipkitQusing only

detected data) with regression lines displayed, then there should be at least two detected points (to
compute slope, intercemndsd) in thedata set. Similarly if graphs are desired for each group specified

by a Group ID variable, there should be at least two detected observations in each group specified by the
Group ID variable. ProUC displaysa warning messag(in orange) in the lower LoBanelof the

ProUQ. screen when not enough data are available to perform a statistical or graphical aperation
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Chapter 4

General Statistics

The "General Statistics" option is available under the Stats/Sample Sizes module of ProUtiis5.0.
option isused to compute general statistinsluding simple summary statistics (e.g., mean, standard
deviation)for all selectedvariables In addition to simple summary statistics, several ohatisticsare
computedfor full uncensoreddata sets(w/o NDs) ard for data sets with nondete¢with NDs)
observationge.g., estimates based upon the KM methddjo Menu options: Full and With NDs are
available.

1 Full (w/o NDs): This option computegarious generadtatistics for alselectedrariables.

f With NDs: This option computegeneralstatisticsincluding KM method based mean
and standard deviatioffier all selectedrariableswith ND observations.

Each menu optiorFull (w/o NDs) andWith NDs) has two submenu options:
1 Raw Statistics
1 Log-Transformed

When computinggeneralstatistics for raw data, a message will be displayed for each variable that
contains nomumeric valuesThe General Statistics option computes lotransformed(natural log)
statisticsonly if all of the data values for the selectediable(s) are positive real numbers. A message
will be displayed if nomumeric characters, zero, or negative values are found in the column
corresponding taselected variable.

4.1 General Statistics for Full Data Sets without NDs

1. Click General Statistics3 Full (w/o NDs)

ol File Edit | Stats/Sample Sizes | Graphs  Statistical Tests ~ Upper Limits/BTVs ~ UCLs/EPCs  Windows  Help
Navigation | General Statistics » || Full (wo NDs) » || Raw Statistics I s 9 10 1

Imputed MDs using ROS Methods  » With NDs 4 Log-Transformed
T T

0 0

Name
Waork Sheet xds DQ0s Based Sample Sizes 3

Well 10xds 2 N N
3 5 8 1 0

2. Select eithekLog-Transformed or Raw Statisticsoption.
3. The Select Variablesscreen(see Chapter 3) will appear.

1 Select one or more variables from ®elect Variablesscreen.
1 If statistics are to be computed by a Group variathlen select a group variable by

clicking the arrow below th&elect Goup Column (Optional) button. Thiswill result
in drop-down list of available variables, and selegroper group variable.
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Available Variables

Selected Variables

Name D
count 1]
ptdength 3
pt-width 4

Name

spength
sp-width

Select Group Column [Optional)

count {Court =150)
spdength (Count = 150)

spawidth  (Count = 150)
ptdength {Count = 150 )

ptowidth {Court = 150 )

1 Click on theOK button to continue or on th€ancel button to cancel theGeneral

Statisticsoption.

User Selected Options
From File  FULLIRISndsxds
Full Precision  OFF

From File: FULLIRISnds xis

Raw Statistics

Si ¥ St for U i Data Sets
Variable NumObs # Missing Mini Maxi Mean 5D SEM MAD/0.675 Skewness
splength (1) 50 0 43 53 5.006 0.352 0.0438 0.2597 012
splength (2) 50 0 45 7 5.936 0516 0073 0515 0.105
splength (3) 50 0 45 75 6.588 0636 0.083% 0593 0118

Percentiles for Uncensored Data Sets

Variable NumObs # Missing 10%le  20%ile
spdength (1) 50 0 459 47
splength (2) 50 0 5.38 55
splength (3) 50 0 58 6.1

25%ile(Q1)
43
56
6.225

50%ile(Q2)
5
59
6.5

75%ile(@3) 80%ile 90%ile

52 532 541
6.3 6.4 6.7
6.9 72 781

Kurtosis
0.253
0.533

0.0329

95%ile

6.755
77

0.0704
0.087
0.0965

99%ile
5751
£.951
7.802
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Log-Transformed Statistics
User Selected Options
From File  FULLIRISds xds
Full Precision ~ OFF

From File: FULLIRIS-nds xds

Summary Statistics for Uncensored Log-Transformed Data Sets

Variable NumObs # Missing Minimum Maximum Mean Variance 5D MAD/0.675 Skewness Kurtosis Ccv
splength (1) 50 1] 1.455 1.758 1.608 0.00457 0.0705 0.0605 -0.0553 -0.291 0.0438
splength (2} 50 o 1.585 1.546 1777 0.00761 0.0872 0.0873 -0.0852 -0.463 0.0451
splength (3} 50 0 1.585 2.067 1.881 0.00943 0.0571 0.0885 0.196 0.452 0.0516

Percentiles for U d Log-Transf 1 Data Sets

Variable NumObs # Missing 10%ile 20%le 25%ile(Q@1) 50%le(Q2) 75%ile(Q3) B0%ile 90%le  95%ile 99%ile
splength {1}~ 50 0 1.524 1.548 1.569 1.609 1.645 1671 1.688 1.724 1.745
spdength (2} 50 0 1.683 1.705 1723 1775 1.841 1.856 1.502 1591 1933
splength (3} 50 o 1.758 1.808 1.829 1872 1832 1.574 2.029 2.041 2.054

The General Statisticsscreen(and all other output screens generated by other modsHegjn
above can be saved as an EX@3(.xls) or 2007(.xlIsx) file. Click Savefrom the file menu.

On the output screeshown abovemost of the statistics are selfplanatoryand described in the
ProUCL Technical Guid¢EPA 2013) A couple ofsimplerobust statistic§Hoaglin, Mosteller,
and Tukey, 1983)ncluded in the above output are described as follows.

MAD = Median absolute &viation
MAD/0.675 = Robust and resistant (to outlieestimate of wariability, population
standard deviatiorg

General Statistics with NDs

As above, Click General Statistics 3 With NDs

ol File Edit | Stats/Sample Sizes | Graphs  Statistical Tests  UpperLimits/BTVs ~ UCLs/EPCs  Windows Help

Navigation F| General Statistics 2 | Full (w/o NDs) r |5 [ 7 ] 9 10 1
Name Imputed NDs using ROS Methods  » With NDs » | Raw Statistics
WorkSheet xls DQOs Based Sample Sizes 3 ! ! | Log-Transformed
Viell 10s 2 i = 0 0
WIMW-with NDs s 3 5 8 1 0
ASHALL 7groups xds 4 7 17 0 1

Select eithet.og-Transformed or Raw Statisticsoption.



The Select Variablesscreen(Chapter 3) will appear.

1 Select variable(s) from the list of variables.

1 Only those variables that haidd values will be shownThe usesshould make sure that the
variables with NDs are defined properly including the column showing the detection status of
the various observations.

1 If statistics are to be computed by a Group variable, then select a group variable by clicking
the arrow belowthe Select Goup Column (Optional) button. Thiswill result in a drop-
down list of available variableSelect a proper group variable.

1 Click on theOK button to continue or on tHeéancel button to cancel the summary statistics
operations.

Raw Statisticsi Data Set with NDs

User Selected Options
From File  Zn-alluvialfan-data s
Full Precision  OFF

Fom Fle: Zn-alluvialfan-data xs

Summary Statistics for Censored Data Set (with NDs) using Kaplan Meier Methed

Variable NumObs # Missing Num Ds NumNDs % NDs Min ND Max ND KM Mean KM Var KMSD KMCV
Cu (alluvial fan) =~ 65 3 43 17 26.15% 1 20 3.608 13.08 3616 1.002
Cu (basin trough) 49 1 35 4 2857% 1 15 4362 2164 4651 1.066

Summary Statistics for Raw Data Sets using Detected Data Only

Variable NumObs # Missing Minimum Maximum Mean Median Var SD MAD/0.675 Skewness Ccv
Cu (alluvial fan) =~ 48 3 1 20 4.146 2 16.04 4005 1483 2256 0.966
Cu {basin trough) 35 1 1 3 5.225 3 2718 5214 2965 1.878 0.997

Percentiles using all Detects (Ds) and Non-Detects (NDs)

Variable NumObs # Missing 10%ile 20%ile 25%ile(Q1) 50%ile(@2) 75%ile(Q3) 80%ile 90%ile 95%ile 99%ile
Cu (@lluvial fan) 65 3 1 2 2 3 5 7 10 15.2 20
Cu pasin trough) = 43 1 1 2 2 4 8 54 124 15 202

1 TheSummary Statisticsscreen shown above can be saved as an EQ68| or 200Tile.
Click Savefrom the file menu.
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Chapter 5

Imputing Nondetects Using ROS Methods

The imputing of NDs using regression on order stati$R€3S) methods option is available under the
Stats/Sample Sizemodule of ProUCL 5.0. This option is provided for advanced users who want to use
the detected and imputed NDs dfttaexploratoryand data mining purposes multivariatedata sets.

For exporatory methods such as thgrincipal component analysis PCA), cluster, and discriminant
analysisto gain additional insight into potential structures and patterns presamitivariate (more
than one variable) data set, one may want to use impatads in graphical displays (line graphs, scatter
plots, boxplots etc.) anth exploratory PCAand cluster analysisTo derive conclusions based upon
multivariate data sets consisting of nondetects, the developers suggest th¢haed€hvbimethod based
covariance or correlation matrix to perform principal component and regression ariBhgsie methods
are beyond the scope of the ProUCL software which deals only with univariate méthedstails of
computing anOrthogonalizedKettenring and GnanadesikdOKG) positive definite KM matrixcan be
foundin Maronna, Martinand Yohai(2006§ and inScout 2008 Version 1.0 guidance documents (2009)
which can be downloaded from the EPA NERL S®e may not use ROS imputed data to perform
parametricstatisticaltests such astest and ANOVA test without further investigation. These issues
require further research to evaluate decision errors associated with conclusions derived using such
methods.

The ROSmethodscan be used tompute ND observations using a moal, lognormal, or gamma model.
ProUQL has three ROS estimation methods that can be usewtde ND observations. The use of this
option generates additional columns consisting ofimputed NDs and detected observations. These
columns are appended ttoe existing open spreadshéiit. The user should save the updated file if they
want to use th@mputeddata for their other application(slich adPCA or discriminant analysis. It is not
easy to perform multivariate statistical methods on data setd\lith Theavailability of imputed NDs

in a data file helptheadvancediserswho want to use exploratory methods on data sets consistiig of
observationsLike other statistical methods in ProUCL, NDs @lsobe imputed by a group variable.
One can irpute NDs using the following steps.

1. Click Imputed NDs using ROSMethods 3 Lognormal ROS
] ProUCL 5.0 - [WMW-with NDs.xls]
ol File Edit | Stats/Sample Sizes | Graphs  Statistical Tests  Upper Limits/BTVs ~ UCLs/EPCs  Windows  Help
Navigation H General Statistics 3 7 4 [ [ 7 2] g 10 11
Name | Imputed NDs using ROS Methods  » | Maormal ROS
WaorkShest s DQOs Based Sample Sizes 3 Gamma ROS
Well 105 7 # T Lognomalros |
3 5 ¢ : -
2. The Select Variablesscreen(Chapter 3) will appear.

1 Select one or more variable(sprin theSelect Variablesscreen NDs can be imputed
using a group v@able as shown in the following screen shot.
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Available Variables Selected Variables
MName D == Name 1D
Cu 0 In 1
<<
< >
Select Group Column ({Optional)
one | Count =118 )| v
< > 0K Cancel

7 Click on theOK button to continue or on thi@ancelbutton to cancel the option

Output Screen for ROS Est. NDsl(ognormal ROS) Option

0 1 % 3 4 5 6
Zn Zone D_Cu D_Zn  LnROS_Zn (@lluvial fan) LnROS_Zn (basin trough)

1 10 Alluvial Fan 0 0 2.12437794486611 20
1 9 Alluvial Fan 0 1 9 10
3 Alluvial Fan 1 1.000000E+031 &0
3 5 Aluvial Fan 1 1 5 20
5 18 Alluvial Fan 1 1 13 12
1 10 Alluvial Fan 1 0 2 7045642735474 ]
4 12 Alluvial Fan 1 1 12 348713118440742
4 10 Alluvial Fan 1 1 10 14
2 11 Alluvial Fan 1 1 1 4.98477186220711
2 11 Alluvial Fan 1 1 1 17
1 15 Alluvial Fan 1 1 15 1.87132713438924
2 8 Alluvial Fan 1 1 8 1
5 3 Alluvial Fan 1] 0 2.45463676856715 5
I 10 Alluvial Fan 1 1] 3.1603475071042 12
1 10 Alluvial Fan 0 1] 3.55892730586941 4
2 10 Alluvial Fan 1 1 10 3
2 10 Alluvial Fan 1 1 10 ]
2 10 Alluvial Fan 1 1 10 3
2 10 Alluvial Fan 1 1 10 15
20 10 Alluvial Fan 0 0 3.92469067412296 13
2 10 Alluvial Fan 1 1 10 4
2 10 Alluvial Fan 1 0 4 26969100939485 20
3 10 Alluvial Fan 1 1 10 20
3 10 Alluvial Fan 1 0 4.60094330444612 70
10 Alluvial Fan 1 10 60

20 10 Alluvial Fan 1] 0 4.92258559175133 40
10 10 Alluvial Fan 1] 1 10 30
7 10 Alluvial Fan 1 1 10 40
5 20 Alluvial Fan 1 1 20 17

Notes: For grouped data, ProUCL generates a separate columadorgeoup in the data set as shown in
the above tableColumns witha similar naming convention are generated for each selected variable and
distribution using te ROS option.
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Chapter 6

Graphical Methods (Graph)

The graphical methods described here ased as exploratory tools to get some idea about data
distributions (e.g., skewed, symmejripotential outliers and/or multiple populations present in a data
set.The followinggraphicalimethodsare awilable under th&raphs optionof ProUCL 5.0

Graphs | Statistical Tests Uy

Box Plot 3

Multiple Box Plots 3
Histogram 3
Q-0 Plots 3
Multiple @-Q Plots  »

1 All graphical displays listed above can be generated using uncensored full défalsets
NDs) as well adeft-censored data sets with nondei@ltith NDs) observationgOn box plot
graphs ér data sets with NDs, a horizontal lineaisodisplayed athe largesRL associated
with ND observations

1 Q-Q Plotsand HistogramsQ-Q plotsand histogramsan be generataddividually as wellas
by usinga Group variableGraphs generated using tBeoup Graphs option shown below is
useful when datdor selet¢ed variable(s)are given in the same column (stacked data)
categorized by a Group ID

Graphs by Groups
) Individual Graphs (®) Group Graphs

OK Cancel

1 For data sets with NDshitee optiongdescribedbelow are available to draw -@Q plots and
histograms Specifically, thesegraphsare displayed only for detected wak, or with NDs
replaced by % DL values, or with NDs replaced by the respe@ihv® The statistics
displayed on a €Q plot (meansd slope, intercept) are computed according to the method
used.On QQ plots, ND valuesare displayed usingsmaller font The exploratoryQ-Q plots
described here&lo not requie any placeholders falDs. These graphs are usexly to
determine the distribution of detected values anideatify potential outliers and/or multiple
populations present in a data s@n histograns, the user can change the number of bins
(more bins, less bins) used to generate histograms.



Graphs by Groups
() Individual Graphs (®) Group Graphs
Select How to Handle Nondetect Values
(®) Use Reported Detection Limit
() Use Detection Limit Divided by 2.0

) Do not Display Nondetects

Do not Display Nondetects Selection of this option excludes all NDs from a graphical
method (QQ plots and histograms) and plots only detected values. @tistiss shown on
Q-Q plots are computed only using the detected data.

Use Reported Detection Limit Selection of this option treatdLs as detected values
associated with thélD values. The graphs are generated usingnilmerical values of
detection linits and statisticslisplayed on @Q plots are computed accordingly.

Use Detection Limit Divided by 2.0 Selection of this option replaces tbes with their half
values. All QQ plots and histograms are generated using the half detection limits and
deteced values. The statistics displayed oQ@lots are computed accordingly.

For data sets in different columns, one can useMihiéiple Q -Q Plots option. By default,
this option will display multipleQ-Q plots for all selected variables on the same gr@pie.
canalsogenerate multiple € plots by using a group variable.

Box Plot Like Q-Q plots, box plots can also be generated by a Gratipble. Thisoption is
useful when all data are given in the same column (stackedadaga)orized by a Group 1D
variable On box plots with NDs, &orizontal line is displayed at the largest detection limit
level. ProUQ@ 5.0 constructs a box plot using all detected and nondst€asingassociated
DL values) valuesA horizontal line is displayed at the largest détn limit. Box Plots are
generated using ChartFx, a software used in the development of ProUCL 5.0

Multiple Box Plots For data in different columns, one can useMhtiple Box Plots option
to display multiple box plots for all selected variables the same graph. One catso
generate multiple box plots by using a group variable.

Box Plot have an optional feature, which can be used to dugwio four (4)horizontal lines

at preestablished screening levels or at statisticaits (e.g., upper lirts of a background

data set) computed using a background datarhis optioncan beused when box plots are
generated using onsite data and one may be interested in comparing onsite data with
background threshold values and/or-pstablishedscreeninglevels. This type of box plot
represents a useful visual comparison of site data with background thresholdavel(gs

other action levelsUp to four (4)values carbe displayed on a box plas shown belowlf

the user inputs a value in the value cahyrtine check box in that row will get activated. For
example, the user may wantdeplay horizontal lines at backgroundJTL95-95 or some
pre-established action level(eh box plos generated using AOGsta.

65



Graphs by Groups
() Individual Graphs (® Group Graphs

Label Value
1 Screening Level=
2 [
3 O
4 [

OK Cancel

6.1 Box Plot

1. Click Graphs 3 Box Plot

Graphs | Statistical Tests  Upper Limits/BTVs ~ UCLs/El

| BoxPlot v | FulgwonDs)
Multiple Box Plots 2 L With NDs
Histogram y @0 H ol
Q-0 Plots N o !
Multiple Q-QPlots  » | ! o

2. The Select Variablesscreen(Chapter 3) will appear.

1 Select one or more variable(s) from Belect Variablesscreen.

1 If graphs have to be produced by using a Group variable, then select a group variable by
clicking the arrow below th&electGroup Column (Optional) button. Thiswill result
in a dropdown list of available variables. The user should select an appropriate variable
representing a group varialds shown below

Available Vanables Selected Vanables
Name D > Name ID
Zn 1 Cu 0
<
< >
Select Group Column {Optional)
one{ Court =118 )| v
L4 > Options OK Cancel
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The default option foGraph by Groups is Group Graphs. This optio produces sidéy-
side box plots for allgups included in the selecteddapID Column(e.g., Zone here)lhe
Group Graphs option is used when multiple graphs categorized byoap variableneedto

be produced on the same graph. Tidividual Graphs option generates individual graph
for each selected variable or obex plotfor each group for the variable categorized by a
Group ID column (varialg).

Graphs by Groups
) Individual Graphs ~ (® Group Graphs

Label Value
1 Screening Level=
2 O
3 O
4 [

0K Cancel

1 While generating box plots, one can display horizontal lines at specified screening levels
or a BTV estimate (e.g., UTL995) computed using a background dataBet.data sets
with NDs, a horizontal line is also displayed at the largest repbitedssociated with a
ND value. Theuse of this option may provide information about the analytical method
used to analyze field samples.

1 Click on theOK button to continue or on th@ancel button to cancel the Box Plot (or
other selected graphical) option.

Box Plot Output Screen Group Graph)
Selected options: Label$creeningLevel), Value (12)

Cu

Box Plot for Cu

allavial fan basin tiougl h
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6.2 Histogram

1. Click Graphs 3 Histogram

Graphs | Statistical Tests  Upper Limits/BTVs  UCLs/EPCs  Windows  Help

Box Plot r 5 [ 7 : g 10 11
Multiple Box Plots »

| Histogram J Full {w/o NDs)
3-Q Plots 3 With MD=
Multiple G-C Plots »

o ... 1

2. The Select Variablesscreen(Chapter 3) will appear.
1 Select one or more variable(s) from Belect Variablesscreen.

1 If graphs have to be produced by using a Group variable, then select a group variable by
clicking the arrow below th&electGroup Column (Optional) button. Thiswill result
in a dropdown list of available variables. The user should select an appropriate variable
representing a group variable as shown below.

1 When thke option button is clickedfor daa sets with NDsthe following window will be
shown. By default histogramsre generating using tii_s for NDs.

Graphs by Groups
() Individual Graphs (®) Group Graphs

Select How to Handle Nondetect Values
(®) Use Reported Detection Limit

() Use Detection Limit Divided by 2.0

() Do not Display Nondetects

1 The default selection fanistograms dnd for all other graphd)y a group variablés
Group Graphs. This option producesnultiple histograms on the samgraph. If
histograns needed to be displayed individually, the user shatieck the radio button
next tolndividual Graphs.

f Click on theOK button to continue or on theancel button to cancel the Histogram (or
other selected graphicaiption.
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Histogram Output Screen
Selected options: Group Graphs

Histogram for Cu alluvial fan
Reported values used for nondetects Mumbet of Delects i
Number of Nondetects 17|
tdean of Detects 415
5D 4.01
basin trough
Number of Detects 35|
Number of Nondetects 14|
Mean of Detects 5.23
S 521

[JLessBins
[ More Bins

F
2

Notes. ProUCL does not perform any GOF tests when generating histogrstegrams are generated
using the development software ChartHistogram option automatically generates a nonpnabability
density function (pdficurve irrespective of the data distributionAt this time, ProUCL 5.0 does not
display a pdf curve for any other distribution (e.g., gamma) on a histargitaenuser can increase or
decrease the number of bins to be usethistogram.

6.3 Q-Q Plots

1. Click Graphs 3 Q-Q Plots. When that option button is clicked, the following window will
beshown.

Graphs | Statistical Tests  Upper Limits/BTVs ~ UCLs/E

Box Plot 3 l 5 B
Multiple Box Plots |
Histogram v 10
| Q-QPlots | Full (w/o NDs)
Multiple @-Q Plots ~ » | With NDs |
2. Q-Q Plotscan begeneratedior data set§Vith NDs and without NDgFull (w/o NDs)].

1 Select eitheFull (w/o NDs) or With NDs option.
1 TheSelect Variablesscreen (Chapter 3) will appear.

1 Select one or more variable(s) from Belect Variablesscreen.
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1 If graphs have to be produced by using a Group variable, then select a group variable by
clicking the arrow below th&electGroup Column (Optional) button This will result in a
drop-down list of available variables. The user should select and click on an appropriate
variable representing a group variable as shown below.

1 Click on theOK button to continue or on tH@ancelbutton to cancel the select€dQ plots

option. The following options screen appears providing choices to treat NDs. The default
option is to use the reported values for all NDs.

Graphs by Groups
) Individual Graphs (®) Group Graphs

Select How to Handle Mondetect Values
@ Use Reported Detection Limit

() Use Detection Limit Divided by 2.0

) Do not Display Nondetects

1 Click on the OK button to continue or on the Cancel button to cancel the seleQqudis

option. The following QQ plot appears when used on the copper concentrations of two
zones: Alluvial Fan and Basin Trough

Output Screen for Q-Q plots (With NDs)
Selected options: Group GraphNo Best Fit Line

T
Q-Q Plot for Cu alluvial fan
Reported values used for nondetects Total Number ulDa:iS

Detected Mean = 4,146
2 Detected 5d = 4005

Slope (displayed data) = 4.045
Intercept (displayed data)= 4.815
0

. basintrough
5 Total Number of Data = 43
s R Number of Non Datects = 14
Number of Detects = 35
Detected Mean = 5.229
Detected 5d4-5.214
Slope (dsplayed data) = 4534
. Intercept (displayed detal= 5 43
Conelafion. A = 0.903

Cu

[ Best Fit Line

3 TR Ty
4000 esmomincsessteee
c e wsse @ e o e
24 18 12 05 0o 06 12 1.8 219

Theoretical Quantiles (Standard Normal)
NDs Displayed in smaller font

@ clwidfan @ basintough

Note: Thefont size ofND values is smaller than thaf the detected values



6.4  Multiple Q-Q Plots

6.4.1 Multiple Q-Q plots (Uncensored data sets)

1. Click Graphs 3 Multiple Q-Q Plots

2. Multiple Q-Q Plotscan begeneratedor data set®Vith NDs and without NDgFull (w/o NDs)].

T When thaOption buttonis clicked, the following window will bshown.

Graphs | Statistical Tests  Upper Limits/BTVs  UCLs/EPCs

Box Plot 3 5 6 7
Multiple Box Plots k d_sp:engt d_sp-width |d_ptde
Histogram v 12 1 1
Q-QPlots y 12 ! !

3 Full {w/o MDs)

| Muttiple -Q Plots

5 16 14 With NDs

1 Select eitheFull (w/o NDs) or With NDs.

1 TheSelect Variables ScreeiiChapter 3) will appear.

1 Select one or more variable(s) from Belect Variablesscreen.

9 If graphs have to be produced by usmgsroup variable, then select a group variable by
clicking the arrow below th&electGroup Column (Optional) button This will result in a
drop-down list of available variables. The user should select and click on an appropriate
variable representing aaup variableas shown below.

1 Click OK to continue oCancelbutton to cancel the selectitliltiple Q-Q Plotsoption.

Example 6-1: The following graph is generated by using Fisher's (1936) datarskris species

Output Screen for Multiple Q-Q Plots (Full w/o NDs)
SelectedOptions: Group Graph, Best Fit Line

Normal @-Q Plot Infercept « S506

Lt

Ordered Observations

ae [ e
Theoretical Quantiles (Standard Normal)
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If the user does not want the regression Iste®wvn aboveclick on theBest Fit Line and all regression

lines will disappear as shown below.

Normal Q-Q Plot

Ordered Observations

18 2% 00 05
Theoretical Quantiles (Standard Normal)

@ splonghil]l @ solergil2l @ swlenghill @ spwthil) spwidhlz] @ spwitihis)

5d=083

Skpa = 0638

Notes. For Q-Q plots andviultiple QQ plotso pt i o

6.5 Multiple Box Plots
6.5.1 Multiple Box plots (Uncensored data sets)

1. Click Graphs 3 Multiple Box Plots

2. Multiple Q-Q Plots can be generated for data ¥éith NDs and without NDgFull (w/o NDs)].

n, for bot h
the values along the horizontal axis represent quantiles of a standardized normal distribution (Normal
distribution with mean0 and standard deviatisf). Quantiles for other distributions (e.gsamma
distribution) are used when usitite Goodnessof-Fit (GOF, G.O.F) test option.

1 Whenthe option button is clicked, the following windowill be shown.

Graphs | Statistical Tests  Upper Limits/BTVs  UCLs/EPCs
Box Plot » 5 [ 7
| Multiple Box Plots » Full (w/o NDs) |bt-le
Histogram 3 With NDs
Q-G Plots (O ' '
. 2 1 1
Multiple Q-C Plots  »
- - 2 0 0
1 Select either Fufw/o NDs)or With NDs.
1 TheSelect Variables screen(Chapter 3) will appear.

1 Select one or more variable(s) from Belect Variablesscreen.
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If graphs have to be produced by using a Group variable, then select a group variable by
clicking the arrow below th&electGroup Column (Optional) button. This will result in a
dropdown list of available variables. The user should select and click on an appropriate
variable representing a group variable as shown below.

Click on theOK button to continue or on th@ancelbutton to cancel the selectétlltiple
Box Plotsoptiors. The following graph is generated by using the above options.

Example 6-1 (continued) The following graph is generated by using the above options on Fisher's
(1936) Iris data set collected from 3 species of Iris flower.

Output Screen for Multiple Box Plots (Full w/o NDs)
Selected options: Group Graph

Multiple Box Plots

Ordered Observations

I M
*

piength(l) plength(2) pliength(3) plwidth (1) plwidih 2 plwidth (1)
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Chapter 7

Classical Outlier Tests

Outliers are inevitable in data sets originating from environmenel various otheapplications.In
addition to informal graphical display(e.g., @Q plots and box plots) and classical outlier tests (Dixon
test, Rosner test), there exsgtveralrobust outlier identification methods.g.,biweight, Huber, PROP
MCD) to identifyany number of multipl®utliers potentially presenin data ses of various sizeéScout

2008 EPA 2009) It is well known that the classical outligrsts: Dixontestand Rosrer test suffer from
masking (e.g., extreme outliers may mask intermediate outliers) effects. The use of robust outlier
identification procedws is recommended to identify multiple outliers, especially when dealing with
multivariate (having multipleonstituers) data sets. However, those preferred and more effective robust
outlier identification methods are beyond the scope of PtoB0. Seveal robust outlier identification
methods (e.g., based upon biweight, Huber, and PROP influence fun&ingh and Nocerino, 1995

are available in the ScoR008 v1.0software package (EPR009.

The twoclassical outlier tests: Dixon and Rosner téBBA 2006 Gilbert, 1987)are available irthe

ProUQL software These tests can be used on data sets with and wNibutbservations. These tests

also require the assumption of normality of the datanétdbut the outliers. It should be noted that in
environmental applications, one of the objectives is to identify high outlying observations that might be
present in the right tail of a data distribution as those observations often represent contaminated locations
of a polluted sitepotentially requiringfurther investigationsTherefore, for data sets witiDs, two

options are available in ProllGo deal with data sets with outliers. These options are: 1) exblDde

and 2) replace NDs by DL/2 values. These options are used only to identify outlierst ame¢ampute

any estimates and limits used in decisimaking processTo compute the various statistics of interest,
ProUCL uses rigorous statistical methods suited forckefisored data sets withultiple DLs.

It is suggested that the outlier identidtion procedures be supplemented with graphical displays such as
normalQ-Q plotsandbox plos. n a normal QQ plot, observations that are well separated from the bulk
(central part) of the data typically represent potential outliers needing furthestigation. Also,
significant and obvious jumps and breaks incamal Q-Q plot are indications of the presence of more
than one population. Data sets exhibiting such behavior-§f @ots should be partitioned outtdn
component supopulations before d@stating EPQterms or BTVs.

Outlier tests in ProUCL 5.0 are available under the Statistical Tests module.

Statistical Tests | Upper Limits/BTVs  UCLs/EPCs  Windows

| Outlier Tests v FulwonDs o
Goodness-of-Fit Tests » With NDs S

Single 5ample Hypothesis — » T T
Two Sample Hypothesis » 1 1
Oneway ANOYA » ! !
OLS Regression _ID ?
Trend Analysis » i ]
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Dixon's Outlier Test (Extreme Value TéstDixon'stest is used to identify statistical outliers when the
sample size i© 2This testidentifies outliers or extreme values the left tail (Case2) andalso inthe
right tail (Casel) of a data distribution. Irenvironmental data sets, outliicund in the right tajl
potentiallyrepresenting impacted locat®rare of interest. The Dixon testassumes that the datdthout

the suspected outli¢s) are normally distributedf the user wants to perform a normality test on the data
set, he should first remove the outliers before performing the normalityTieistiesttends tosuffer from
maskng in the presence of multiple outliers. This means that if more than one dutlgthertail) is
suspected, this test may fail to identify all of the outliers.

RosnerOutlier Test: This test can be used to identify up to 10 outliers in data setzesf 25 and higher.

This test also assumes that the dagtwithout the suspectedutliersis normally distributedLike the

Dixon test, if the user wants to perform a normality test on the data set, he should first remove the outliers
(which are not kawn in advance) before performing the normality tédte detailed discugm of these

two tests is given in thassociated ProUCOechnical GuideA couple of examples illustrating the
identification of outliers in data sets wiNDs aredescribedn thefollowing sections.

7.1  Outlier Test for Full Data Set
1. Click Outlier Tests3 Full (w/o NDs)3 Compute

Statistical Tests | Upper Limits/BTVs  UCLs/EPCs  Windows  Help

| Outlier Tests 4 || Full (w/o NDs) — » | Compute |
Goodness-of-Fit Tests 4 With NDs v [h
Single Sample Hypothesis ~ » ! ! 1
Two Sample Hypothesis 3 ! ! !
Oneway ANOVA 3 ! ! !
OLS Regression 1D 1D 1D
Trend Analysis 3 1 1 1
2. The Select Variablesscreen(Chapter 3) will appear.

1 Select one or more variable(s) from Belect Variablesscreen.

1 If outlier test needs tbe performedby using a Group variable, then select a group variable
by clicking the arrow belowhe SelectGroup Column (Optional) button This will result in
a dropdown list of available variables. The user should select and click on an appropriate
variable representing a group variable

1 If at least one of the selected varialfl@sgroup)has 25 or more observations, then click the
option button for the Rosner TeBrroUCL automatically perfornthie Dixon test for data
sets of sizes O 25.

Number of Outliers for Rosner Test 2
Applicable to Rosner's Test (N >= 25) Only

Dixon Test is for N<25 and tests for 1 outlier
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7.2

Two options: exclude NDs; or replace NDs by their respective DL/2 are available in ProUCL to perform

1 The default option for the number of suspected outliers T luse the Rosner teshe user
has to obtain an initial guess about tivenber ofsuspectedutliers that may be present in the

data set. This can lmone by using graphical displays such as-@ Qlot. Ona Q-Q plot,
higher observations that are well separated from the rest of the data may be considered as

potential or suspected outliers.

1 Click on theOK button to continue or on th@ancelbutton tocancel the Outlier Test.

Outlier Test for Data Sets with NDs

outlier tests on data sets with NDs.

1.
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Click Outlier Tests 3 With NDs 3 Exclude NDs

Statistical Tests | UpperLimits/BTVs  UCLs/EPCs  Windows  Help
| Outlier Tests » | Fulwonpg s 3 10 11
Goodness-of-Fit Tests 4 With MDs 3 | Exclude MDs |
Single Sample Hypothesis ~ » DL/2 Estirmates
Twa Sample Hypothesis [
Oneway ANOVA 3
OLS Regression
Trend Analysis »
OQut put Screen for Dixonds

Dixon's Qutlier Test for TCE-1

Total M =12
MNumber NDsg = 4
Mumber Detects = 8
10% critical value: 0.473
L critical value: 0.554
% critical value: 0.683
Mote: NDs excluded from Qutlier Test

1. Data Value 9.29 is a Potential Outlier (Upper Tail)?

Test Statistic: 0.392

Far 10% signficance level, 929 is not an outlier.

For 5% significance level, 9.29 iz not an outlier.

For 1% signfficance level, 9.29 iz not an outlier.

Out

2. Data Value 0.7/5 is a Potential Outlier (Lower Tail)?

Test Statistic: 0.011

For 10% significance level, 0.75 is not an outlier.

For 5% signficance level, 0.75 is not an outlier.

For 1% significance level, 0.75 is not an outlier.
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Q-Q plot without NondetectObservationsare Shown asFollows

Q-Q Plot for TCE-1 " e
Nondetects not displayed Total Number of Data = 12

[ BestFitLine

TCEA

Theoretical Quantiles (Standard Normal)
NDs Displayed in smaller font

Example:Ros ner 6 s @& Group ¥ariable,eZane

1 Selected Options: Number of Suspected Outliers

I
n

1 NDsexcludedirom the Rosner Test
1 Ouitlier test performed using tigelectGroup Column (Optional)

Out put Screen for f®Ramcm&on& Alluv@uFan | er Test

Rosner's Qutlier Test for 4 Outliers in Zn (alluvial fan)

Total N 67

Number NDs 16

Number Detects 51
Mean of Detects 2788
SD of Detects 85.02

Number of data 51
Number of suspected outliers 4
s not included in the following:

Patential Obs. Test Critical Critical
# Mean sd outlier Number value  wvalue (5%)  walue (1%)
1 27.88 8418 620 26 7.034 3137 3488
2 16.04 8776 50 28 387 3127 3478
3 15.35 7.356 40 27 3352 3.118 3465
4 1483 6485 3 25 280 3.108 3468

Far 5% significance level, there are 3 Potential Outliers

620, 50, 40

Far 1% Significance Level, there are 2 Potential Outliers

620, 50
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Q-Q plot for Zinc Based upon Detected DatéAlluvial Fan)

Zn (alluvial fan)

600

500

200

100

o

A8 1.2

Q-Q Plot for Zn (alluvial fan)
Nondetects not displayed

06 00 06
Theoretical Quantiles (Standard Normal)

NDs Displayed in smaller font

esssssssssssss s s s @
© o o 00 esesscccsscesscse

620
.

Zn alluvial far)
Total Number of Data=67
Number of Non-Detects 16
Number of Detects = 51
Detected Mean=2768
Detected Sd—8502
Slope (displayed data) = 35 4
Intercept {displayed data}= 27.688
Conelation. R - 0.403

[IBestFitLine

Output ScreenforRo s ner

ESIETI VRN

A

Total N 50

Number NDs 4

Number Detects 46
Mean of Detects 2313
5D of Detects 19.03

Number of data 46
Number of suspected outliers 4
s not included in the following:

Mean
2313
2164
2055
1563

Patertial Obs

sd outler  Number
18.82 90 45
16.32 70 il
1473 60 3
1357 60 2

For 5% significance level, there are 4 Potential Outliers

50, 70. 60, 60

For 1% Signfficance Level, there is 1 Potential Outlier

0Ss

Test
value
3553
2.963
2673
2575

OfarZihciineZone: Basm fTrough

Rosner's Outlier Test for 4 Outliers in Zn {(basin trough)

Critical
value {5%)
309

309

3.08

207

Critical

value {1%)

345
344
343
34
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Chapter 8

Goodness-of-Fit (GOF) Tests for Uncensored and Left-Censored
Data Sets

The GOF tests are available under 8tatistical Test module of ProUCL 5.0. Throughout this User
GuideandinPdCL 5.0 softwar e, AFull 0O represents uncens
details and usage of the various GOF tests are described in the associated ProUCL 5.0 Technical Guide.

8.1 Goodness-of-Fit test in ProUCL

Several GOF tests for uncensdrfull (Full (w/o NDs) and leftcensored (With NDs) data sets are
available in the ProUCL software.

1 Full (w/o ND9g

Statistical Tests | Upper Limits/BTVs  UCLs/EPCs  Windows

Outlier Tests L - T 8

Goodness-of-Fit Tests » | Mormal |
Single 5ample Hypothesis  » ‘ Gamma |:
Two Sample Hypothesis 3 Lognormal
Oneway ANOVA b G.O/F. Statistics |
OLS Regression 0.071 ! 7 ! 0.043¢
Trend Analysis " | o427 2 00013

o This option is usedn uncensoredull data sets without anijD observations. This
option canbe usedo determine GOFRor normal,gamma, or lognormal distribution
of the variable(s) selected using Belect Variablesoption.

o Like all other methods in ProUCL, GOF tests can also be performed on variables
categorized by &roup IDvariable.

o Based upon the hypothesized distribut{oormal, gamma, lognormal), a-Q plot
displaying all statistics of interest including the derived conclusion is also generated.

o The GOF Statistiception generatea detailedoutput log(Excel type spreadsheet)
showingall GOF test statisticéwvith derived conclusionsavailable in ProUCLThis
option helps a user to determine the distributionaadata setbefore generating a
GOF QQ plot for the hypothesized distributiofhis option was included at the
request of some users in earlier versions of PtaUC
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1 With NDs

o This option performs GOF tests @ata setsconsisting ofboth nondetected and
detectedlatavalues.

o Severakubmenu items showhelow are available for this option.

Statistical Tests | UpperLimits/BTVs ~ UCLs/EPCs  Windows  Help

Outlier Tests P16 7 8 g 10 1 12 13 14
| Goodness-of-Fit Tests » | Full (w/o NDs) 3

Single Sample Hypothesis ~ » With NDs r | Exclude NDs ] | Normal

Two Sample Hypothesis 4 Normal-ROS Estimates  » | Gamma

Oneway ANOVA 4 Gamma-RO5 Estimates  » Legnormal

OLS Regression Log-ROS Estimates »

Trend Analysis » DL/2 Estimates 3

G.0.F. Statistics

1. Exclude NDs tests for normal, gamma, or lognormal distribntiof the selected
variable(s) using only the detected values.

2. ROS Estimates tests for normal, gamma, or lognormal distribution of the selected
variable(s) using detected values amgutednondetects.

o Three ROS methods for normal, lognornflabg), and gamma distributions are
available. Ths optionimputes the NDs based upon the specified distributonl
performs the specified GOF test on the data set consisting of detects and imputed
nondetects

3. DL/2 Estimates tests for normal, gamma, or lognmal distribution of the selected
variable(s) using the detected values and the ND values replaced by their respective
DL/2 values. This option is included for historical reasons and also for curious users.
ProUCL does not make any recommendatimased upn thisoption

4. G.O.F. Statistics: Like full uncensoredlata setsthis optiongenerate@n output log
of all GOF test statisticavailable in ProUCLfor data sets with nondetects. The
conclusions about the data distributions for all selected vasiake alsalisplayed
on the generated output file (Exetgipe preadsheet).

f Multiple variables: When multiple variables are selected from the Select Variables soreen,
canuse one of the following two options:

o Group Graphs option to produce multipl&OF Q-Q plots for all selected variables in a
single graphThis option may be used when a selected variable has data coming from two
or more groups or populationghe relevant statistics (e.g., slope, intercept, correlation,
test statistic and criticalalue) associated with the selected variables are shown on the
right panelof the GOF QQ plot To capture all the graphs and results shown on the
window screen, it is preferable to prittet graph using the Landscape optidhe user
may also want to turaff the Navigation Panel and Log Panel.
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o Individual Graph s option is used to generate individUaDF Q-Q plots for each of the
selected variab& one variable at a tim@r for each group iividually of the selected
variable categorized by a Group IOhis is themostcommonly used option to perform
GOF tests for the selected variables.

1 GOF Q-Q plots for hypothesized distributions ProUCL computes the relevant test statistic
and the associated critical value, and prints them on the associ&edld(called GOF QQ
plot). On thisGOF Q-Q plot, the program informs the user if the data are gamma, normally, or
lognormally distributed.

o For all options described above, ProUCL generdB®F Q-Q plots based upon the
hypothesized distribution (nhormal, gammjognormal). AIGOF Q-Q plots display several
statistics of interest including the derived conclusion.

o The linear pattern displayed by GOF Q-Q plot suggests an approxima®OF for the
selected distribution. The program computes the intercept, slo@d the correlation
coefficient for the linear pattern displayed by th&)(lot. A high value of the correlation
coefficient (e.g., > 0.95) is an indication of a good fit for that distribution. This high
correlation should exhibit a definiimear patten in the QQ plot without abrupt jumps.

o On aGOF Q-Q plot, observations that are well separated fromntiagority of the data
(central part}lypically represent potential outliers needing further investigation.

o Significant and obvious jumps and brealsl curvesin a QQ plot areindications of the
presence ofmore than one population. Data sets exhibiting such behaviopp@ts should
be partitioned out ito component swpopulations before estimating EPC teron BTVs. It
is recommended that bothaghical and formal goodnes$it tests be used on the same data
set todetermine the distribution of the data set under study.

1 Normality or Lognormality Tests: In addition to informal graphical normal and lognormaQQ
plots, a formal GOF test is alawailable to test the normality or lognormality of the data set.

o Lilliefors Test: a test typically used for samples of size larger than 50 (> 50). However, the
Lilliefors test (generalized Kolmogorov SmirngKS] test) is available for samples of all
sizes. There is no applicable upper limit for sample size for the Lilliefors test.

o Shapiro and WilKSW, SW) Test: a test used for samples of size smaller than or equal to
2000 (<= 2000). In ProUC5.0, the SW test uses tlexactSW critical values for sampls of
size 50 or less. For samplessife, greater than 50, the Skt statistic is displayed along
with the p-value of the test (Royston, 1989823.

Notes:As with other statistical testspmetimes these two tests might leéadlifferent conclusios. The
user isadvised to gercise cautiomvheninterpretingthese testesults.

1 GOF test for Gamma Distribution: In addition to the graphical gamma@ plot, two formal

empirical distribution function (EDF) procedures are also available to test thagdistribution
of a data set. These tests areAbetest and th&S test.
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o It is noted that these two tests might lead to different conclusions. Therefore, the user should
exercise caution interpreting the results.

o These two tests may be used for samplesizes in the range of2600. Also, for these two
tests, the valuéknown or estimateddf the shape parametds,(k had should lie in the
interval [0.01, 100.0]. Consult thassociatedProUQ. Technical Guidefor a detailed
descriptionof the gamma @stribution and its parameters, including k. Extrapolation beyond
these sample sizes and values of k is not recommended.

Notes. Even though, th&OF Statistics option prints out all GOF test statistics for all selected
variables, it is suggested that tler should look at the graphical@plot displays to gain extra
insight (e.g., outliers, multiple population) into the data set.

8.2 Goodness-of-Fit Tests for Uncensored Full Data Sets

1. Click Goodnessof-Fit Tests3 Full (w/o NDg

Statistical Tests | Upper Limits/BTVs  UCLs/EPCs  Windows  Help

] Cutlier Tests 3 [ 7 a2 g 10 1

| Goodness-of-Fit Tests 3 | Full (w/o NDis) 3 | MNarmal |
Single Sample Hypothesis — » With MDs » | Gamma
Two Sample Hypothesis b Lognormal
Oneway ANOVA r G.0LF, Statistics
OLS Regression
Trend Analysis 3

2. Select the disibution to be tested: Normal, Lognormal, or Gamma

1 To testfor normality, click onNormal from the dropdown menu list.
1 To test for lognormality, click ohognormal from the dropdown menu list.

1 To test for gamma dishution, click onGamma from the drop-down menu list.
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8.2.1 GOF Tests for Normal and Lognormal Distribution

1. Click Goodnessof-Fit Tests3 Full (w/o NDs)3 Normal or Lognormal

Statistical Tests | Upper Limits/BTVs  UCLs/EPCs  Windows  Help

Cutlier Tests L 7 2 g 10 11
| Goodness-of-Fit Tests vl FulwioNDs) > | Nomal
Single Sample Hypothesis 3 With MDs 1 Gamma
Two Sample Hypothesis » | Lognormal
Oneway AMOVA L G.0.F. Statistics
OLS Regression
Trend Analysis 3
2. The Select Variablesscreen(Chapter 3) will appear.

1 Select one or more variable(s) from Belect Variablesscreen.

1 If graphs have to be produced by using a Group variable, then select a group variable by
clicking the arrow below th&electGroup Column (Optional) button This will result
in a dropdown list of available variables. The user should select and click on an
appropriate variable representing a group variable.

1 When theOption button is clicked, th following window will be shown.

Select Confidence Coefficient
) 99% @ 95% ) 90%

Select GOF Method
(®) Shapiro-Wilk ) Lilliefors

Graphs by Groups
() Individual Graphs (®) Group Graphs

OK Cancel

o The default option for th€onfidence Levelis 95%.

o The default GOMethodis Shapiro-Wilk .

o The default option foGGraphs by Group is Group Graphs. If you want to see the
plots for all selected variablemdividudly, and thencheck the button next to

Individual Graphs.

o Click OK button to continue oCancelbutton to cancel th&OFtests.
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Notes: This option forGraphs by Group is specifically provided when the user wants to display multiple
graphs for a variablky a group variable (e.g., site AOC1, site AOC2, background). This kind of display
represents a useful visual comparison of the values of a variable (e.g., concentrations -@{rS&iR(}
collected from two or more groups (e.g., upgradient wells, monitavills, residential wells).

Example 8-1a (Superfund Site Data Continued):The lognormal and normal GOF test results on
chromium concentrations are shown in the following figures.

Output Screen for Lognormal Distribution (Full (w/o ND9)
Selected Optiors: Shapiro-Wilk

T
Lognormal Q-Q Plot for Chromium Chromium
357 n=24
. Mean = 2334

5d-0568
Slope = 0578

Conelation, R =0.987
Shapiro ik Test

Exant Test Stalislc = 0,578
Ciitical Vaue(0.05) = 0916
Dicta Appear Lognomal
Appios: Test Value = 0,578
p¥alue =0.843

M Best Fit Line

Chromium

18 1.2 06 0 06 12 18
Theoretical Quantiles {(Standard Normal)

Output Screen for Normal Distribution (Full (w/o NDs))
Selectel Options: Shapiro-Wilk , Best Fit Line not Displayed

T
Normal Q-Q Plot for Chromium Chromium
% n=24
. Mean =11.97
S5d=6892
Slope =658
Intercept =11.97
Cormelation, R = 0.924
30 Shapirow/ik Test
Exact TestValue = 0.870
Ciitical Vall0.05) = 0.916
Data Not Normal
Appros. Test Valus = 0,870

& pValue = 0.00441
[JBestFitLine
S 20 20
£
o
2
£
(5]
.
15 ¢
. e
.
o o0
10 -
.
.
5 .
.
g .
H
18 a2 06 00 06 12 18

Theoretical Quantiles (Standard Normal)
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8.2.2 GOF

1. Click

Tests for Gamma Distribution

Goodnessof-Fit Tests3 Full (w/o NDs)3 Gamma

Statistical Tests | Upper Limits/BTVs  UCLs/EPCs  Windows  Help
I Outlier Tests L 7 I3 | g 10 1
| Goodness-of-Fit Tests v Fulwondsg v Normal
Single Sample Hypothesis ~ » With NDs » | Gamma
Two Sample Hypothesis 3 Lognormal
Oneway ANOVA r G.O.F. Statistics
OLS Regression
Trend Analysis 3
2. The Select Variablesscreen(described in Chapter 3) will appear.
1 Select one or more variable(s) from Belect Variablesscreen.
1 If graphs have to be produced by using a Group variable, then select a group variable by
clicking the arrow below th8electGroup Column (Optional) button This will result
in a dropdown list of available variables. The user should select and click on an
appropriate variable representing a group variable.
1 When the option button is clicked, tf@lowing window will be shown.
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Select Confidence Coefficient
) 99% ® 95%

Select GOF Method
(@ Anderson Dading () Kolmogorov Smimow

Graphs by Groups
() Individual Graphs () Group Graphs

OK Cancel

o The default option for th€onfidenceCoefficient is 95%.

o The default GOF method Anderson Darling.



o The default option foiGraph by Groups is Group Graphs. If you want to see
individual graphsthen check the raal button next tdndividual Graphs.
o Click theOK button to continue or th€ancelbutton to cancel the option.

o Click OK button to continue o€ancelbutton to cancel th&OFtests.

Example 8-1b (Superfund Site Data Continued):The Gamma GOF test resulifer thedata set of
arsenic concentrationare shown in théllowing G.O.F. Q-Q plot

Output Screen for Gamma Distribution (Full (w/o NDs))
SelectedOptions: Anderson Darling with Best Line Fit

T

Gamma Q-Q Plot for Arsenic Arsenic

N=24

y B

. Mean = 21483
k star = 36616
theta star = 05867
Slope = 1.0264

_ B BestFit Line

06 12 18 24 Eli 36 12 48
Theoretical Quantiles of Gamma Distribution

8.3 Goodness-of-Fit Tests Excluding NDs

This option § the most important option fartGOF test based upon data sets Wihobservations. Based

upon the skewness and distribution of detected data, ProUCL computes appropriate decision statistics
(UCLs, UPLs, UTLs,and USL3$ which accommodate data skewnegsedically, depending upon the
distribution of detected data, ProUCL uses KM estimates in parametric or nonparametridimipper
computatiorformulae (UCLs, UTLS) to estimate EPC terms and BTV estimates.

1. Click Goodnessof-Fit Tests3 With NDs 3 Exclude NDs
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| Statistical Tests | UpperLimits/BTVs ~ UCLS/EPCs  Windows  Help
Outlier Tests s 7 3 9 10 11 12 13 14
| Goodness-of-Fit Tests 3 | Full (w/o MDs) (N |
Single Sample Hypothesis ~ » With NDs ’ | Exclude NDs » Mormal
Two Sample Hypothesis y 1 Mormal-ROS Estimates  » | Gamma
Oneway ANOVA 4 ] Gamma-ROS Estimates  » Lognormal
OLS Regression 1 Leg-ROS Estimates »
Trend Analysis » 1 DL/2 Estimates »
9 0344 F15ERTE2E 1 G.0.F, Statistics
2. Select distribution to be tested: Normal, Gamma, or Lognormal.

f To test for normality, click olNormal from the dropdown menu list.
1 To test for lognormality, click ohognormal from the dropdown menu list.

1 To test for gammdistribution, click onGammafrom the dropdown menu list.

8.3.1 Normal and Lognormal Options

1. Click Goodnessof-Fit Tests3 With NDs 3 Excluded NDs3 Normal or Lognormal

Statistical Tests | Upper Limits/BTVs  UCLs/EPCs  Windows  Help

Outlier Tests [ K 7 8 3| 10 1 12 13 14
| Goodness-of-Fit Tests » | FulwonDs) b |
Single Sample Hypothesis ~ » With MDs » | Exclude NDs » || MNarmal
Two Sample Hypothesis 4 ; Mormal-ROS Estimates  » Gamma
Oneway ANOVA * i Gamma-ROS Estimates  » Lognormal
OLS Regression ] Log-ROS Estimates 3
Trend Analysis ] 1 DL/2 Estimates 3
g 0244 515657826 1 G.0OF. Statistics
2. The Select Variablesscreen(Chapter 3) will appear.

1 Select one or more varigs) from theSelect Variablesscreen.

1 If graphs have to be produced by using a Group variable, then select a group variable by
clicking the arrow below th&electGroup Column (Optional) button This will result
in a dropdown list of available variabk. The user should select and click on an
appropriate variable representing a group variable.

1 When the optiofutton:Normal or Lognormal is clicked, the following windovis
displayed
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Select Confidence Coefficient
) 99% ® 95% ) 90%

Select GOF Method
(®) Shapiro-Wilk ) Lilliefors

Graphs by Groups
() Individual Graphs (®) Group Graphs

0K Cancel

o The default option for th€onfidenceCoefficient is 95%.

o The default GORMethodis Shapiro-Wilk .

o The default option foGraphs by Group is Group Graphs. If you want to see the
plots for all selected variablesdividually, and thencheck the button next to
Individual Graphs.

1 Click theOK button to continue or theancelbutton to cancel the option.

1 Click theOK button to continue or theancel buttonto cancel th&sOFtests.

Example 8-2a. Consider the arsenic Oahu data set with NDs discussed in the literature (e.g.,
Helsel, 2012 NADA in R [Helsel, 2013). The nemal and lognormal GOF test results based
upon the detected data respectively are shown in the following two figures.

Output Screen for Normal Distribution (Exclude NDs)
SelectedOptions: Shapiro-Wilk with Best Fit Line

Normal Q-Q Plot (Statistics using Detected Data) for Arsenic Arsenic
32 Total Number of Data = 24
. Numberof NDs =13

MaxDL=2

30

25

20

p
Distribution Tes
M BestFitLine

Arsenic

05 05
05 e D

-0.6 00 06
Theoretical Quantiles (Standard Normal)
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Output Result for Lognormal Distribution (Exclude NDs)
Selected optionsiLilliefors Test with Best Fit Line

Arsenic

081

0833

0957 0957

] L} 13
Theoretical Quantiles (Standard Normal)

Lognormal Q-Q Plot (Statistics using Detected Data) for Arsenic

1163
o

.....
Total Mumber of Data = 24
Number of NDs =13
MaxDL=2
W=11
Percent NDs =54%
Mean= 00255
5d=0634
Slope = 0631

8.3.2 Gamma Distribution Option

1. Click Goodnessof-Fit Tests3 With NDs 3 Excluded NDs3 Gamma

| Statistical Tests | Upper Limits/BTVs ~ UCLS/EPCs  Windows  Help
Qutlier Tests rl6 7 3 3 0 i 12 13

| Goodness-of-Fit Tests 3 | Full (w/o NDs) 3
Single Sample Hypothesis ~ » With NDs 4 | Exclude NDs » Mormal
Two Sample Hypothesis 4 1' Mormal-ROS Estimates  » | Gamma
Oneway ANOVA 4 1 Gamma-ROS Estimates  » Lognormal
OLS Regression 1 Log-ROS Estimates 3
Trend Analysis 4 1 DL/2 Estimates 3

9 0.344 515657826 1 G.0.F. Statistics

2. The Select Variablesscreen(Chapter 3) will appear.

1 Select one or more variable(s) from telect Variablesscreen.

1 If graphs have to be produced by using a Group variable, then select a group variable by
clicking the arrow below th&electGroup Column (Optional) button This will result
in a dropdown list of available variables. The user should select and click on an
appropriate variable representing a group variable.

' When the option button (Gamma) is clickétg following window is shown.
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Select Confidence Coefficient
) 99% (@ 95% ) 90%

Select GOF Method

() Anderson Darding (8 Kolmogorov Smimowv

Graphs by Groups
() Individual Graphs ~ (® Group Graphs

oK Cancel

o The defauloption for theConfidenceCoefficientis 95%.
o The default GOF tedtlethodis the Anderson Darling test
o The default option foGraph by Groups is Groups Graphs. If you want to
display all selected varialdeon separategrapts, check the button next to
Individual Graphs.
71 Click theOK button to continue ahe Cancelbutton to cancel the option
1 Click theOK button to continue or th€ancelbutton to cancel th&OFtests.
Example 8-2b (continued). Considerthe arsenic Oahu data set wiNDs as discussedin
Example8-2a above.The gamma GOF test results based upon the detected data are shown in the

following GOF QQ plot

Output Screen for Gamma Distribution (Exclude NDs)
SelectedOptions: Kolmogorov Smirnov Test with Best Fit Line

Gamma Q-Q Plot (Statistics using Detected Data) for Arsenic Arsonic

Dala appear Ganma Disibuded
Distibaion Tt Suispect
Bt FitLre

0s 10

i5 0 25
Theoretical Quantiles of Gamma Distribution
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8.4 Goodness-of-Fit Tests with ROS Methods

1. Click Goodnessof-Fit Tests3 With NDs 3 Gamma-ROS Estimatesor Log-ROS Estimates

Statistical Tests | Upper Limits/BTWs ~ UCLs/EPCs  Windows  Help

Outlier Tests 6 7 8 5 10 11 12 13 14
| Goodness-of-Fit Tests v Fulgwonbs b
Single Sample Hypothesis  » With MDs v Exclude NDs v
Two Sample Hypothesis 4 ) Normal-ROS Estimates  »
Oneway ANOVA 4 1 | Gamma-ROS Estimates  » | Normal
OL5 Regression 1 Leg-ROS5 Estimates 4 | Gamma
Trend Analysis 4 1 DL/2 Estimates 4 Lognermal
19 0344 515657826 1 G.O.F, Statistics
2. Select the distribution to be tested: Normal, Lognormal, or Gamma

f To test fomormal distributon, click onNormal from the dropdown menu list.
1 To testfor gamma distribution, clickn Gamma from thedrop-down menu list.

1 To testfor lognormaldistribution click onLognormal from the drop-down menu.

8.4.1 Normal or Lognormal Distribution (Log-ROS Estimates)

1. Click Goodnessof-Fit Tests3 With NDs 3 Log-ROS Estimates3 Normal, Lognormal

Statistical Tests | Upper Limits/BTVs ~ UCLs/EPCs  Windows  Help

Cutlier Tests 4 [ 7 2 g 10 14 12 13 14
| Goodness-of-Fit Tests 3 | Full (w/o NDs) 3
Single Sample Hypothesis ~ » With NDs 4 | Exclude NDs 4
Two Sample Hypothesis 4 1' Mormal-ROS Estimates  »
Oneway ANOVA 4 ] Gamma-ROS Estimates  »
OLS5 Regression 1 Log-ROS5 Estimates 4 MNormal
Trend Analysis 3 1 DL/2 Estimates 4 Gamma
g 0344 515657226 1 G.0.F. Statistics | Lognormal
15 0.737 515657826 0
2. The Select Variablesscreen(Chapter 3) will appear.

1 Select one or more variable(s) from Belect Variablesscreen.

1 If graphs have to be produced by using a Group variable, then select a giabje\ay
clicking the arrow below th&electGroup Column (Optional) button This will result
in a dropdown list of available variables. The user should select and click on an
appropriate variable representing a group variable.

1 When the option buttoiNormal or Lognormal is clicked, the following windappears
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Select Confidence Coefficient
) 99% @ 95%

Select GOF Method
(@) Shapiro-Wilk ) Lilliefors

Graphs by Groups
) Individual Graphs ® Group Graphs

o The default option for th€onfidenceCoefficientis 95%.
o The default GOF tedtlethodis Shapiro-Wilk .
o The default option foGraphs by Group is Group Graphs. If you want to display
graphs for all selected variablemdividually, check the button next tmdividual
Graphs.
1 Click theOK button to continue or theancelbutton to cancel the option.
T Click theOK button to continue or th@ancelbutton to cancel th&OFtests.
Example 8-2c¢ (continued). Consider the arsenic Oahu data set with NDs considered earlier in

this chapter. The lognormal GOF test results on LROS data (detected and imputed LROS NDs) is
shown in the following GOF € plot.

Output Screen for Lognormal Distribution (Log-ROS Estimates)
SelectedOptions: Shapiro Wilk test with Best Line Fit

Lognormal Q-Q Plot for Arsenic
Statistics using ROS Lognormal Imputed Estimates

% oo s
Theoretical Quantiles (Standard Normal)
Imputed NDs Displayed in smaller font

Note Thefontsize ofND values is smaller than that of the detected values.
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8.4.2 Gamma Distribution (Gamma-ROS Estimates)
1. Click Goodnessof-Fit Tests3 With NDs 3 Gamma-ROS Estimates3 Gamma

Statistical Tests | Upper Limits/BTVs ~ UCLs/EPCs  Windows  Help

Cutlier Tests 4 13 7 2 ] 10 14 12 13 14
| Goodness-of-Fit Tests 3 | Full (w/o NDs) 3
Single 5ample Hypothesis ~ » With NDs » | Exclude NDs 4
Two Sample Hypothesis 4 ) Mormal-ROS Estimates  »
Oneway ANOVA v 1 | Gamma-ROSEstimates » | Nommal
OLS Regression i Log-ROS Estimates 4 | Gamma
Trend Analysis 4 1 DL/2 Estimates 4 Lognormal
19 0344 515657826 1 G.0.F. Statistics
2. The Select Variablesscreen(Chapter 3) will appear.

1 Select one or more variable(s) from Belect Variablesscreen.

1 If graphs have to be generated by using a Group variable, then select a group variable by
clicking the arrow belowhte SelectGroup Column (Optional) button This will result
in a dropdown list of available variables. The user should select and click on an
appropriate variable representing a group variable.

1 When the option button (Gamma) is clicked, the following wimdvill be shown.

il
3

Select Confidence Coefficient
() 99% @ 95% ) 90%

Select GOF Method
") Anderson Darding ' Kolmogorov Smirmov

Graphs by Groups
() Individual Graphs (@) Group Graphs

OK Cancel

o The default option for th€onfidenceCoefficientis 95%.

o The default GOF ted#lethod is Anderson Darling.

o The default option foGraph by Groups is GroupGraphs. If you want togenerate
separate graphs for adelected variableghe check the button next tmdividual
Graphs.

1 Click theOK button to continue or theancelbutton to cancel th&OFtests.
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Example 8-2d (continued). Consider the arsenic Oahu data set with NDs considered eahlger
gammaGOF test results 08ROSdata (detected and imput€ROS NDs)areshown in the
following GOF QQ plot.

Output Screen for Gamma Distribution (GammaROS Estimates)
SelectedOptions: Anderson Darling

Gamma Q-Q Plot for Arsenic =
Statistics using ROS Gamma Imputed Estimates

Mean = 0.9555
K star=1.8339
theta star = 05193

1%/ale(0.05) = 0.755
Data 3 Gamma Distributed
M Best Fit Line

Arsenic

05 1.0

15 20 25
Theoretical Quantiles of Gamma Distribution
Imputed NDs Displayed in smaller font

Note: The font size of ND valuesin the above graph (and in all GOF graplskmaller than that of
detected values

8.5 Goodness-of-Fit Tests with DL/2 Estimates
1. Click Goodnessof-Fit Tests3 With NDs 3 DL/2 Estimates
2. Select the distribution to be tested: Normal, Gamma, or Lognormal
1 To test for normality, click olNormal from the dropdown menu list.
1 To test for lognormality, click ohognormal from the dropdown menu list.

1 To test fora gammalistribution, click onGamma from the dropdown menu list.
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8.5.1 Normal or Lognormal Distribution (DL/2 Estimates)

1. Click Goodnes-of-Fit Tests3 With NDs 3 DL/2 Estimates3 Normal or Lognormal

Statistical Tests | Upper Limits/BTVs  UCLs/EPCs Windows  Help

Outlier Tests LN 7 8 3 10 ilil 12 13
| Goodness-of-Fit Tests v Full (w/o NDs) b

Single Sample Hypothesis ~ » With ND= 3 Exclude NDs 4

Two Sample Hypothesis » ) Mormal-ROS Estimates ¢

Oneway ANOVA 4 :: Gamma-ROS Estimates  »

OLS Regression ] Leg-ROS Estimates 3

Trend Analysis 4 1 DL/2 Estimates 4 MNormal
9 0344 515657826 1 G.0.F. Statistics Gamma
45 0.737 515657826 0 Lognormal

The Select Variablesscreen(Chapter 3) will appear.

1 Select one or more variable(s) from Belect Variablesscreen.

14

71 If graphs have to be generated by using a Group variable, then select aayiahje by
clicking the arrow below th&electGroup Column (Optional) button This will result
in a dropdown list of available variables. The user should select and click on an
appropriate variable representing a group variable.

The rest of the process determine the distributiofmormal, lognormal, and gamma)) the data
set thus obtained is the same as describedrlier sectios.

8.6

Goodness-of-Fit Test Statistics

The G.O.F. option displays all GOF test statistics available in ProUCL. This opgtiosed when the user

does not know which GOF test to use to determine the data distribution. Based upon the information
provided by the GOF test results, the user can perform an appropriate GlOFyestrate GOR-Q plot

based upon the hypothesizedtdbution. This option is available for uncensored as well as left censored
data sets. Input and output screens associated with the G.O.F statistics option for data sets with NDs are

summarized as follows.

1. Click Goodnessof-Fit 3 With NDs 3 G.O.F. Statistics

osl File Edit Stats/Sample Sizes  Graphs | Statistical Tests | UpperLimits/BTVs  UCLs/EPCs  Windows Help
Navigation Panel 0 Qutlier Tests 4 5 6 7 8 g

Name Backﬂroun | Goodness-of-Fit Tests 3 | Full (w/o NDs) »
WorkSheet xds 1 1 Single 5ample Hypothesis ~ » With NDs » Exclude MDs »
Well 10xds 2 4 Two Sample Hypothesis » MNormal-ROS Estimates N
CUILIRC I E g > Oneway ANOVA L Gamma-ROS Estimates  »
ASHALL7groups xds 4 7 =
Box Plot Full gst . 12 OLS Regression Log-ROS Estimates G
Box Plot Full_a.gst p 15 Trend Analysis 4 DL/2 Estimates r
Box Plot Full_b .gst ; 12 2 1 1 G.0.F. Statistics
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2. TheSelect Variablesscreen(Chapter 3) will appear.
1 Select one or more variable(s) from Belect Variablesscreen.

1 When the option button is clicked, the following window will be shown.

Select Confidence Coefficient

) 99% (@ 95% ) 90%

OK Cancel

1 The default confidencevel is 95%.

1 Click theOK button to continue or theancelbutton to cancel the option.

Example 8-2e (continued). Consider the arsenic Oahu data set with NDs discuszdigr Partial GOF
test resultsobtained using th&.0.F. Statisticsoption, are surmarized in the following table.

Sample Output Screen for G.O.F. Test Statisticen Data Sets withNondetectObservations

Arsenic

Num Obs | Mum Miss  Mum Valid =~ Detects NDs % NDs
Raw Statistics 24 0 24 1 13 5417%

Mumber  Minimum | Madmum Mean Median sD
Statistics (Non-Detects Only) 13 03 2 1.608 2 0.517
Statistics (Detects Only) 11 05 32 1.236 0.7 0.965
Statistics (Al: NDs treated as DL value) 24 05 32 1.438 1.25% 0.761
Statistics (All: NDs treated as DL/2 value) 24 0.45 32 1.002 0.95 0.659
Statistics (Mommal ROS Imputed Data) 24 -0.0995 32 0.997 0.737 0.776
Statistics (Gamma ROS Imputed Data) 24 0119 32 0.956 0.7 0.758
Statistics (Lognomal ROS Imputed Data) 24 0.349 32 0572 07 0718
K hat K Star Thetahat  Log Mean = Log Stdv Log CV
Statistics (Detects Cnly) 2257 1.702 0548 | 00255 0.654 -27.26
Statistics (NDs = DL} 3538 3124 0.406 0.215 0.574 2669
Statistics (NDs = DL/2) 3233 2.857 0.3 0.18 0.542 -3.381

Statistics (3amma ROS Estimates) 2071 1.84 0.461 - - -
Statistics (Lognomal ROS Estimates) - - - 0.205 0.571 -2727
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Momal GOF Test Results

Comelation Coefficient R

Shapiro-Wilk (Detects Only)

Lilliefors (Detects Only)

Shapiro-Wilk (NDs = DL)

Lilliefors (NDs = DL)

Shapiro-Wilk (NDs = DL/2)

Liliefors (NDs = DL/2)

Shapiro-Wilk (Normal RO S Estimates)
Liliefors (Normal ROS Estimates)

Mo NDg
0.887

Test value | Crit. (0.05)

0.777
0.273
0.89

0217
0.701
0.335
0.868
0.17

NDs = DL NDs = DL/2 Nomal ROS

0.948

0.85

0.267
0.916
0.181
0.916
0.181
0.916
0.181

0.833 0.95

Conclusion with Alpha(0.05)
Data Mot Nomal
Data Mot Nomal
Data Mot Nomal
Data Mot Nomal
Data Mot Nomal
Data Mot Nomal
Data Mot Nomal
Data Appear Momal

Gamma GOF Test Results

Comelation Coefficient R

Anderson-Daring (Detects Only)
Kolmogorov-Smimov (Detects Only)
Anderson-Daring (MDs = DL)
Kolmogorov-Smimow (MDs = DL}
Anderson-Darling (NDs = DL/2)
Kolmogorov-Smimov (NDs = DL/2)
Anderzon-Daring (Gamma ROS Estimates)
Kolmogorow-Smimov (Gamma ROS Est.)

Mo NDs
0.964

Test value | Crit. (0.05)

0.787
0.254
0.58

0.214
1.452
0.261
048

0.126

MNDs = DL MNDs = DL/2 3amma ROS

0.956

0.738
0.258
0.75

0179
0.751
0179
0.755
0.18

0924 0975

Conclusion with Alpha(0.05)

Detected Data appear Approximate Gamma Distrik

Data Mot Gamma Distributed

Data Mot Gamma Distributed

Data Appear Gamma Distributed

Lognormal GOF Test Results

Comelation Coefficient R

Shapiro-Wilk (Detects Only)

Lilliefors {Detects Onby)

Shapiro-Willk (NDs = DL)

Lilliefors {NDs = DL}

Shapiro-Wilk (NDs = DL/2)

Liliefars {(NDs = DL/2)

Shapiro-Wilk {Lognomal ROS Estimates)
Lilliefors (Lognomal ROS Estimates)

No NDs
0.939

Test value | Crit. (0.05)

0.36

0.229
0.306
0.214
0.865
0.217
0.924
0.143

NDs =DL MNDs=DL/2 Log ROS

0.959

0.85

0.267
0.916
0181
0.916
0181
0.916
0.181

0.933 0.963

Conclusion with Alpha(0.05)
Data Appear Lognomal
Data Appear Lognomal
Data Mot Lognomal
Data Mot Lognomal
Data Mot Lognomal
Data Mot Lognomal
Data Appear Lognomal
Data Appear Lognomal

Mote: Substitution methods such as DL or DL/2 are not recommended.



Chapter 9

Single-Sample and Two-Sample Hypotheses Testing Approaches

This chapter illustrates singmmple and twsampe parametric and nonparametric hypotheses testing
approaches as incorporated time ProUQ. software All hypothesis tests are available under the
"StatisticalTests module of ProUCL 5.0. ThEroUCL softwarecan perform these hypotheses tests on
data sts with and withoutND observations. It should be pointed out that, when one wants to use two
sample hypotheses tests on data sets with NDs, RrdJCassumes that samples from both of the
sampleggroups haveND observations. All this mearis that, a NDcolumn (with O or 1 entries only)
needs to be provided for the variable in each of thes@voplesThis has to be done even if one of the
samples (e.g., Sitd)as all detected entries; in this case the associated ND column will have all entries
equal to'l.' This will allow the user to compare two groups (e.g., arsenic in background vs. site samples)
with one of the groups having some NDs and the other group having all detected data.

9.1 Single-Sample Hypotheses Tests

In many environmental applicationsngle-samplehypotheses tests are used to compare site data with
prespecified cleanup standards or compliance lii@&s). The singlesamplehypotheses tests are
useful when the environmental parameters such as theuplsgandard(Cy), action level, o CLs are

known, and the objective is to compare site concentrations with those lpreveatablishedhreshold

values. Specifically, atest (or a sign test) may be used to verify the attainment of cleanup levels at an
AOC aftera remediation activity; ad a test for proportion may be used to verify if the proportion of
exceedances of an action level (or a compliance limit) by sample concentrations collected from an AOC
(or a MW) exceeds a certain specified proportion (e.g., 1%, 5%, 10%).

ProUQ 5.0 can perform these hypothesdssts on data sets with and witholND observations.
However, it should be noted that feinglesamplehypotheses tests (e.g., sign test, proportion test) used

to compare site mean/median concentration level aithor aCL (e.g., proportion test), all NDs (if any)
should lie below the cleanup standard, For proper use of these hypotheses testing approaches, the
differences between these tests should be noted and understood. Specifietabt, @ & WSR tess

used to compare the measures of location and central tendencies (e.g., mean, median) of a site area (e.g.,
AOC) to a cleanup standar@;, or action level also representing a measure of central tendency (e.g.,
mean, median); whereas, a proportion test comparee {ritportion of site observations from an AOC
exceeding &L exceeds a specified proportid®, (e.g., 5%, 10%). ProUC5.0 has graphical methods

that may be used to visually compare the concentrations of a site AOC with an action level. This can be
doneusing a box plot of site data wittorizontal lines displayed atction levet on the samegraph. The

details of the variousinglesamplehypotheses testing approaclaes provided in the associated ProUCL
TechnicalGuide

99



9.11

10C

Click Single SampleHypothesis3 Full (w/o NDs)

Single-Sample Hypothesis Testing for Full Data without Nondetects

Statistical Tests | Upper Limits/BTVs

Clutlier Tests
Goodness-of-Fit Tests

]

3

UCLs/EPCs

Windows

Help

Single Sample Hypothesis

(3

6

P

8

9

10 i

12

Two Sample Hypothesis
Oneway ANOVA
OLS Regression

Full {w/o NDs)

With NDs

tTest

Proportion

Sign Test

Wilcoxon Signed Rank

Trend Analysis »

in 1 1

SelectFull (w/o NDs)1 This option is used for full data sets without nondetects
1 To perform a+est, click ont-Testfrom the dropdown menu ash®wn above.
1 To perform aProportion test, click ofProportion from the dropdown menu.
1 To run aSign test, click orSign testfrom the dropdown menu.

1 To run a Wilcoxon Signed Rar(yVSR)test, click onWilcoxon Signed Rankfrom the
drop-down menu.

All singlesamplehypothesis test®r uncensored and lefensored data setan be performed by
a group variableThe user selects a group variable by clicking the arrow beloBdtectGroup
Column (Optional) button This will result in a drofown list ofavailable variables. The user
should select and click on an appropriate variable representing a group variable.

Available Vanables Selected Vanable

Name D Mame D

3 1 X3 0
<

Select Group Column (Optional)
]

<— Select an action level

OK Cancel




9.1.1.1 Single-Sample t-Test

1. Click Single SampleHypothesis3 F u | |

(w/ eTesNDs) 3 t

Statistical Tests | Upper Limits/BTVs  UCLs/EPCs  Windows  Help
Cutlier Tests 3 g 7 2 g 10 11 12
Goodness-of-Fit Tests »
| Single Sample Hypothesis  » Full fw/o MNDs) » || t Test
Two Sample Hypothesis k With MDs » Proportion
Oneway ANOVA 3 Sign Test
OLS Regression Wilcoxon Signed Rank
Trend Analysis »
2. The Select Variablesscreenwill appear.

1 Selectvariable(s)from theSelect Variablesscreen.

1 When theOptions button is clicked, the following window will be shown.

Select Null Hypothesis Form

® Sample Mean <= Action Level (Form 1)
) Sample Mean >= Action Level (Form 2)

() Sample Mean => Action Level + S (Form 2)

() Sample Mean = Action Level (Two Sided)

Confidence Level 0.95
Substantial Difference. S (Form 2) ]

pen v

800
oK Cancel

Specify theConfidence Levej default is0.95

Specify meaningful values f@ubstantial Difference, Sand theAction Level. The
default choodbce for S is 0

Select form of Null Hypothesis; default®&ample Mean <= Action Level (Form 1)

Click onOK button to continue or o@ancelbutton to cancel the test.
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Example 9-1a. Consider the WSR data set described in EPA (20@Bag¢ Sample-test results
are summarized as follows.

Output for Single-Sample tTest (Full Data w/o NDs)

From File ~ WSR EPA (2006)chapter 5-USerxs
Full Precision ~ OFF
Corfidence Coefficient  95%
Substantial Difference  0.000
Action Level  800.000
Selected Mull Hypothesis ~ Mean <= Action Level {Form 1)
Altemative Hypothesis  Mean > the Action Level

WS5R1
One Sample t-Test

Raw Statistics

Number of Valid Cbservations 10
Number of Distinct Observations 10
Minimum | 750
Maxdimum |~ 1161

Mean 9257
Median =~ 888

5D 1367

SE of Mean 4324

HO: Sample Mean <= 800 (Form 1)
Test Value 2907
Degrees of Freedom 5
Critical Value (0.05) 1833
P-Value = 0.00869
Conclusion with Alpha = 0.05

Reject HO. Conclude Mean > 800
P-Value < Alpha {0.05)

9.1.1.2 Single-Sample Proportion Test

1. Click Single Sample Hpothesis3 Fu | | (w/ o NDs) 3 Proportion

Statistical Tests | Upper Limits/BTVs  UCLs/EPCs  Windows  Help

Outlier Tests r 1 7 8 5 10 11 12
Goodness-of-Fit Tests vl
| Single Sample Hypothesis  » m Full (w/o NDs) | tTest
Two Sample Hypothesis » With MDs » | Proportion
Oneway ANOVA r Sign Test
OLS Regression Wilcoxen Signed Rank
Trend Analysis 3
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2.

The Select Variablesscreen willappear.
1 Selectvariable(s)from theSelect Variablesscreen.

1 When theOptions button is clicked, the following window will be shown.

Select Null Hypothesis Form
(® Sample 1 Proportion. P <= PO (Form 1)
(") Sample 1 Proportion. P >= PO (Form 2)

(”) Sample 1 Proportion. P = PO {Twe Sided)

Confidence Level 0.95

Proportion. PO

Action Level for % Exceedances) 800

OK Cancel

o Specify theConfidence leve] default is0.95
o Specify theProportion level and a meaningfiiction Level.

o Selectthe form of Null Hypothesis; default iSample 1 Proportion <= PO
(Form 1).

o Click onOK button to continue or o@ancelbutton to cancel the test.
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Example 9-1b (continued). Consider the WSR data set described in EPA (2006a).Sample
proportion test results are summarized as follows.

Output for Single-Sample Proportion Test (Full Data without NDs)

User Selected Options
Date/Time of Computation  3/17/2013 10:25:38 PM
From File  WSR EFA (2006} chapter 9-USerxds
Full Precision  OFF

Confidence Cosfficiert | 95%

User Spectied Propartion  0.200 (PO of Excesdances of Action Level)
Action/compliance Limt | 800,000
Select Null Hypothesis  Sample Proportion, P of Bxcesdances of Action Level »= User Specfied Proportion (Fom 2)
Atemative Hypothesis  Sample Propottion, P of Exceedances of Action Level <the User Specfied Proportion

WSR1
One Sample Proportion Test

Raw Statistics
Number of Vaid Observations | 10
Number of Distinct Observations | 10
Minimum | 750
Madmum 1161
Mean 9257
Median 833
S0 137
SEofMean 4324
Number of Excesdances &
Sample Proportion of Excesdances 0.8

HO: Sample Proportion >= 0.2 (Form 2)
PValus Based Upon BD (Binomial Dist) 1
Condlusion with Alpha = 0.05

Do Not Reject HO, Conclude Sample Proportion >= 0.2
P-Value > Alpha (0.05)

9.1.1.3 Single-Sample Sign Test

1. Click Single SampleHypothesis3 F u | | (w/ o MdDs) 3 Sign t

Statistical Tests | Upper Limits/BTVs  UCLs/EPCs  Windows Help

Cutlier Tests L 7 a g 10 11 il
Goodness-of-Fit Tests y |
| Single Sample Hypothesis 3 Full (w/o NDs) 1 ‘ t Test

Two Sample Hypothesis » With MDs 4 Proportion
Oneway ANCOVA 3 | Sign Test
OL5 Regression Wilcoxon Signed Rank
Trend Analysis 3

2. The Select Variablesscreen will appear.

f Selectvariable(s)rom theSelect Variablesscreen.

1 When theOptions button is clicked, the following window will be shown.
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Select Null Hypothesis Form

() Sample Median <= Action Level (Form 1)

() Sample Median >= Action Level (Form 2)

() Sample Median >= Action Level + S (Form 2)

® Sample Median = Action Level (Two Sided)

Confidence Level 0.95

Substantial Difference. S (Form 2)

Action Level

OK

o Specify theConfidence Levej default choice i9.95

o Specify meaningful values f@ubstantial Difference,S andAction Level.

o Select the form of Null Hypothesis; default &ample Median <= Action Level

(Form 1).

o Click onOK button to continue or o8ancelbutton to cancel the test.

Example 9-1c (continued). Consider the WSR data set described in EPA (200Bhe Sign test
results are summarized as follows.

Output for Single-SampleSign Test (Full Data without NDs)

From File

Full Precision
Confidence Coefficient
Substantial Difference
Action Level

Selected Null Hypothesis
Altemative Hypothesis

WSR2

WSR EPA (2006}-chapter 3-USerxls

OFF

95%

0.000

5.000

Median = Action/compliance Limit (2 Sided Altemative)
Median <> Action/compliance Limit

One Sample Sign Test

Raw Statistics

Number of Valid Observations = 43
Number of Digtinct Observations =~ 44

Minimum 1.09

Mapdimum 75
Mean 5048
Median 5.55
sD 1775

SE of Mean 0.254

MNumber Above Action Level 23
Number Equal Action Level o
Number Below Action Level 20

HO: Sample Median =5

Large Sample Z Test Statistic 1.286

Conclusion with Alpha = 0.05

P-Value 0.139

Do Not Reject HO at the specified level of significance (0.05). Conclude Median = 5

P-Value > Alpha (0.05)
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9.1.1.4 Single-Sample Wilcoxon Signed Rank (WSR) Test

1. Click Single SampleHypothesis3 Full( w/ o NDs) 3 Wil coxon Signed

Statistical Tests | Upper Limits/BTVs  UCLs/EPCs  Windows  Help

Cutlier Tests 3 [ 7 a g9 10 11 12
Goodness-of-Fit Tests vl
| Single Sample Hypothesis  » m Full (w/o NDs) » t Test
Two Sample Hypothesis » With MDs r Proportion
Oneway AMOVA 3 Sign Test
OL5 Regression Wilcoxon Signed Rank
Trend Analysis 3

2. The Select Variablesscreenwill appear.
1 Selectvariable(s)from theSelect Variablesscreen.

1 When theOptions button is clicked, the following window will be shown.

Select Null Hypothesis Form

(®) Mean/Median <= Action Level (Form 1)

() Mean/Median >= Action Level (Form 2)

() Mean/Median >= Action Level + S (Form 2)
() Mean/Median = Action Level (Two Sided)

Confidence Level 095
Action Level 800
| ok | | Cancel |

o Specify theConfidence Levej default is0.95
o Specify meaningful values f@ubstantial Difference, S,andAction Level.
o Select form of Null Hypothesis; defaultidean/Median <= Action Level (Form 1)

o Click onOK button to continue or o@ancelbutton to cancel the test.
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Example 9-1d (continued). Consider the WSR data set desatilbe EPA (2006a). One Sample

WSR test results are summarized as follows.

Output for Single-Sample Wilcoxon Signed Rank Test (Full Data without NDs)

Confidence Coefficient
Substantial Difference
Action Level

Selected Mull Hypothesis
Altemative Hypothesis

95%

0.000

800.000

Mean/Median <= Action Level {Form 1)
Mean/Median > the Action Level

WS5R1

One Sample Wilcoxen Signed Rank Test

Raw Statistics
Number of Valid Observations 10
Number of Distinct Cbservations 10
750
1161
5257

Minimum
Madmum
Mean
Median

5D 1367
SEof Mean 4324
Number Above Action Level
Mumber Equal Action Level
MNumber Below Action Level
Tplus

m B oo e

T-minus
HO: Sample Mean/Median <= 800 (Form 1)

Exact Test Statistic 50
Critical Value (0.05) 45
P-Value  0.0098

Conclusion with Alpha = 0.05
Reject HO. Conclude Mean/Median > 800
P-Value < Alpha {0.05)

9.1.2 Single-Sample Hypothesis Testing for Data Sets with Nondetects

Most of the onesample tests suchis the Proportion test and the Sign test on data setd\Withalues
assume that aNID observationdie belowthe specifiedaction level, A. Thesesinglesampletestsare not
performed ifND observations exceed the action lev8imglesample hypothesitests for data sets with
NDs are shown in the following ProUCL 5.0 screen shot.

1. Click onSingle SampleHypothesis3 With NDs

Statistical Tests | Upper Limits/BTVs  UCLs/EPCs  Windows  Help

Qutlier Tests » 6 7 ] g 10 11 2
Goodness-of-Fit Tests »
| Single Sample Hypothesis ~ » | Full (w/o NDs) ’
Two Sample Hypothesis 4 With ND= » Proportion
Oneway ANOVA r Sign Test
OLS Regression Wilcoxen Signed Rank
Trend Analysis 3
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2. SelecttheWith NDs option
1 To perform a proportion test, click &roportion from the dropdown menu.
1 To perform a fgn test, click orSign testfrom the dropdown menu.
1 To perform a Wilcoxon Signed Rank test, click Wfilcoxon Signed Rankfrom the
drop-down menu list.
9.1.2.1 Single Proportion Test on Data Sets with NDs

1. Click Single SampleHypothesis3 Wi t h  NE¥aportiHn

Statistical Tests | UpperLimits/BTVs  UCLs/EPCs  Windows Help

Qutlier Tests r |6 7 ] q 10 11 12
Goodness-of-Fit Tests [
| Single Sample Hypothesis — » | Full (w/o NDs) 3
Two Sample Hypothesis 2 With NDs b Proportion
Oneway ANOVA r Sign Test
OLS Regression Wilcoxon Signed Rank
Trend Analysis [
2. The Select Variablesscreen will appear.

1 Selectvariable(s)from theSelect Variablesscreen.

1 If hypothesis test has to be performed by using a Group variable, then select a group
variable by clicking the arrow below ti&electGroup Column (Optional) button This
will result in a dropdown list of available variables. The user should select and click on
an appropriate variable representing a group variable. This option has been used in the
following screen shot for theinglesampleproportion test.

Available Vanables Selected Variable
MName D == MName D
Cu 0 Zn 1

= £ >

Select Group Column {Optional)

one (Court = 118 )] v

Options <— Select an action level

< > 0K Cancel
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1 When theOptions button is clicked, the following window will be shown.

Select Null Hypothesis Form

(@ Sample 1 Propertion. P <= PO (Form 1)
) Sample 1 Proportion, P >= PD (Form 2)
() Sample 1 Proportion. P = PO (Two Sided)

Confidence Level 0.95

Proportion. PO 09
Action Level {for % Exceedances) 15

OK Cancel

o Specify theConfidence Levej default is0.95
o Specify meaningful values fétroportion and theAction Level (=15 herd.
o Select form of Null Hypothesis; daifilt isSample 1 Proportion, P <= PO (Form 1)

o Click onOK button to continue or o@ancelbutton to cancel the test.

Example 9-2a. Consider the copper and zinc data set collected from two zones: Alluvial Fan and Basin
Trough discussed in the literatuigelsel, 2012, NADA in RHelsel,2013). This data set is used here to
illustrate the one sample proportion test on a data set with NDs. The output sheet generated by ProUCL
5.0 is described as follows.
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Output for Single-Sample Roportion Test (with NDs) by Groups: Alluvial Fan and Basin Trough

User Selected Options
Date/Time of Computation  3/18/2013 9:55:58 AM
From File  ZnCu-ND-dataxds
Full Precision  OFF
Corfidence Coefficient ~ 95%
User Specified Proportion 0,900 (PO of Exceedances of Action Level)
Action Level  15.000

Select Null Hypothesis
Atemative Hypothesis

Sample Froportion, P of Exceedances of Adtion Level <= User Specified Froportion (Form 1}
Sample Froportion, P of Excesdances of Action Level > User Specified Proportion

Zn (alluvial fan)

One Sample Proportion Test

Note: All nondetects are treated as detects at values (e.g.. DLs) included in Data File

Note: All nor are as at values (e.g.. DLs) included in Data File

Raw Statistics
Number of Valid Data 67
Number of Missing Observations 1
Number of Distinct Data 19
Mumber of Non-Detects 16
Number of Detects 51
Percent Mon-Detects 23.88%
Minimum Non-detect 3
Maxdmum Non-detect 10
Minimum Detect 5
Maximum Detect 620
Mean of Detects 2738
Median of Detects n
5D of Detects 85.02
Mumber of Exceedances 24
Sample Proportion of Exceedances 0358
Zn ({basin trough)
One Sample Proportion Test
Raw Statistics
Number of Valid Data 50
MNumber of Distinct Data 20
Number of Non-Detects 4
Number of Detects 46
Percent Non-Detects | 8.00%
Minimum MNon-detect 3
Maxdmum Non-detect 10
Mirimum Detect 3
Ma<imum Detect 50
Mean of Detects 23713
Median of Detects 20
5D of Detects 19.03
Number of Exceedances 7
Sample Proportion of Exceedances 0.54

11C

HO: Sample Propertion <= 0.9 (Form 1)
Large Sample z-Test Statistic  -14.58
Critical Value (0.05) 1.645

P-Value 1

Conclusion with Alpha = 0.05
Do Not Reject HO. Conclude Sample Proportion <= 0.9

P-Value > Alpha (0.05)

HO: Sample Proportion <= 0.9 (Form 1)
Exact P-Value 1
Conclusion with Alpha = 0.05

Do Not Reject HO, Conclude Sample Proportion <= 0.9
P-Value > Alpha (0.05)



9.1.2.2 Single-Sample Sign Test with NDs

1. Click Single SampleHypothesis3 Wi t h NDs e Si gn t

Statistical Tests | Upper Limits/BTVs  UCLs/EPCs  Windows Help

Qutlier Tests 3 [ 7 2 ] 10 1 12
Goodness-of-Fit Tests 3
| Single 5ample Hypothesis ¢ | Full (w/o NDs) 4
Two Sample Hypothesis 4 With NDs 4 | Proportion
Oneway ANOVA 3 | Sign Test
OLS Regression Wilcoxon Signed Rank
Trend Analysis 3
2. The Select Variablesscreen will appear.

1 Selectvariable(s)from theSelect Variablesscreen.

1 When theOptions button is clicked, the following window will be shown.

Select Null Hypothesis Form

(") Sample Median <= Action Level (Form 1)
() Sample Median >= Action Level (Form 2)

®) Sample Median = Action Level (Two Sided)

Confidence Level 0.95
Action Level 15

ok | | Cancel

o Specify theConfidence Levej default is0.95
o SelectanAction Level.

o Select the form of Null Hypothesis; default &mple Median <= Action Level
(Form 1).

o Click onOK button to continue or o@ancelbutton to cancel the test.

Example 9-2b (continued). Consider the copper and zinc data set collectad fivo zones: Alluvial Fan
and Basin Trough discussatiove. This data set is used here to illustrate the SiSgleple Sign test on
a data set with NDs. The output sheet generated by ProUCL 5.0 is described as follows.
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Output for Single-Sample Sign Tet (Data with Nondetects)

Selected Null Hypothesis ~ Median = Action/compliance Limit {Two Sided Atemative)
Altemative Hypothesis ~ Median <> Action/compliance Limit

Zn (alluvial fan)

One Sample Sign Test
Note: All nondetects are treated as detects at values (e.g.. DLs) included in Data File

Raw Statistics
Number of Valid Data 67
Mumber of Missing Observations 1
Number of Distinct Data =~ 19
Number of Non-Detects 16
Number of Detects 51
Percent Non-Detects 23.88%
Minimum Non-detect 3
Mzxmum Non-detect 10
Minimum Detect 5
Madmum Detect 620
Mean of Detects ~ 27.88
Median of Detects n
5D of Detects  85.02
Mumber Above Action Level 24
Number Equal Action Level 0
Number Below Action Level 43

HO: Sample Median = 15

Standardized Test Yalue using Normal Appx.  -2.321
P-Value 00203

Conclusion with Alpha = 0.05
Reject HO at the ified level of signifi (0.05), C Median <> 15
P-Value < Alpha (0.05)

9.1.2.3 Single-Sample Wilcoxon Signed Rank Test with NDs

1. Click Single SampleHypothesis3 Wi t h NDs 3 Wil coxon Signed Rank

Statistical Tests | Upper Limits/BTYs  UCLs/EPCs  Windows  Help
Cutlier Tests r | 5 7 a g 10 11 12
Goodness-of-Fit Tests »
| Single Sample Hypothesis ~ » Full (w/o NDs) *
Twa Sarmple Hypothesis » With MDs » | Proportion
Oneway AMNOVA 3 Sign Test
OL5 Regression | Wilcoxon Signed Rank
Trend Analysis »
2. The Select Variablesscreen will appear.

1 Selectvariable(s)rom theSelect Variablesscreen.

' When theOptions button is clicked, the following window will be shown.



Select Mull Hypothesis Form
() Sample Mean/Median <= Action Level (Form 1)

(®) Sample Mean/Median >= Action Level (Form 2)

() Sample Mean/Median = Action Level (Two Sided)

Confidence Level 0.95

Action Level II|

OK Cancel

o Specify theConfidence Levej default is0.95
o Specify anAction Level.

o Select form of Null Hypothesis; default&mple Mean/Median <= Action Level
(Form 1).

o Click onOK button to continue or o8ancelbutton to cancel the test.

Example 9-2c (continued). Consider the copper and zinc data set collected from two zones: Alluvial Fan
and Basin Trough discussed earlier in this chapter. This data set is used here to iinstrsdenple
Wilcoxon Signed Rank test on a data set with NDs. The output sheet generated by ProUCL 5.0 is
providedas follows.

Output for Single-Sample Wilcoxon Signed Rank Test (Data with Nondetects)

One Sample Wilcoxon Signed Rank Test for Data Sets with Non-Detects

User Selected Options
Date/Time of Computation  3/18/2013 1:48:46 FM
From File  Zn-Cu-ND-dataxds

Full Precision  OFF

Corfidence Coefficient  95%
Action Level  15.000

Selected Mull Hypothesis  Mean/Median == Action Level (Form 2)
Alternative Hypothesis  Mean/Median < the Action Level
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Zn (basin trough)

One Sample Wilcoxon Signed Rank Test

Raw Statistics
Mumber of Valid Data 50
Mumber of Distinct Data 20
Number of Non-Detects 4
Mumber of Detects 45
Percent Non-Detects | 8.00%
Minimum Non-detect 3

Mamdimum Non-detect 10 HO: Sample Median >= 15 (Form 2)

Minimum Detect 3

Maximum Detect 90 Large Sample z-Test Statistic 1.265

Mean of Detects 2313 Critical Value (0.05)  -1.645

Median of Detects 20 P-Value 0.298
5D of Detects 19.03
Median of Processed Data used in WSR 185 Conclusion with Alpha = 0.05
MNumber Above Action Level 27 Do Not Reject HO, Conclude Mean/Median >= 15
Number Equal Action Level 1 P-Value > Alpha (0.05)
Mumber Below Action Level 2
Tplus 764 Dataset contains multiple Non-Detect values!
T-minus = 461 All ND= are replaced by their respective DL/2

9.2 Two-Sample Hypotheses Testing Approaches

The twesample hypotheses testing approacheslable inProUCL 5.0 aredescribed in this sectiohike
SingleSample Hypothesishe TweSample Hypothesis options are available under'tB&tistical Tests

module of ProUCL5.0. These approaches are used¢ompare the parameters and distributions of the two
populations (e.g., Background vs. AOC) based upon data sets collected from those populations. Both
forms (Form 1 and Form Znd Form 2 with Substantial Difference, S) thfe two-sample hypothesis

tesing approacheare availablén ProUQ. 5.0. The methods are available for fulhcensorediata sets

as well as for data sets wikD observations with multiple detection limits.

1 Full (w/o NDs)i performs parametric and nonparametric hypothesis on ucensored data
setsconsisting of all detected values. The following tests are available:

o Studentos t and Satterthwaite tests to
Background versus AOC).

o F-testto the check the equality of dispersions of twalaijons.

o Two-sample nonparametric WilcoxaviannWhitney (WMW) test. This test is
equivalent to Wilcoxon Rank Sum (WRS) test.

f With NDs i performs hypothesis tests on te@nsored data sets consisting of deigeand
ND values. The following tests aawailable:

o  Wilcoxon-MannWhitney test. All observations (including detected values) below the
highest detection limit are treated as ND (less than the highest DL) values.

o Ge h an dssiseful e/lseh multiple detection limits may be present.
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o TaroneWaretestis useful when multiple detection limits may be present.

The details of these methods can be found in the Prd&JCTechnical Guide and are also available in
EPA (2002b,2006, 2009a,200%). It is emphasizedhat the use of informal graphical diaps (e.g.,
sideby-side box plots, multiple € plots) should always accompany the formal hypothesis testing
approaches listed above. This is especially warranted when data sets may cawBistwath multiple
detection limits anebservations from muftie populations (e.g., mixture samples collected from various
onsite locations) and outliers.

Notes. As mentioned before, it is pointed out that, when one wants to ussatwple hypotheses tests on

data sets with NDs, ProlC5.0 assumes that samples rfidooth of the groups hawdD observations.

This may not be the case, as data from a polluted site may not have any ND observations. ProUCL can
handle such data sethe user will have to provide a ND column (with O or 1 entries only) for the
selected vaable of each of the tweamplegjroups. Thus when one of tkamplede.g., site arsenic) has

no ND value, the user supplies an associated ND column with all entries etjuarids will allow the

user to compare two groups (e.g., arsenic in backgresinsite samples) with one of the greulmaving

some NDs and the other group having all detected data.

9.2.1 Two-Sample Hypothesis Tests for Full Data

Full (w/o NDs): This option is used to analyze data sets consisting of all detected values. Thedpllowi
two-sample tests are available in PrdU&0.

f Student o6s t and Satterthwaite tests t o
Background versus AOC).

1 F-testis also available to test the equality of dispersions of two populations.
1 Two-sample noparametric WilcoxorMannWhitney (WMW) test.
f St ude-Mestds t

o Based upon collected data setssttestis used to compare the mean concentratian
two populationgroupsprovided the populations are normally distributed. The data sets
arerepresentetdy independent random observations, X1, X2, . . ., Xn collected dream
population (e.g.site), and independent random observations, Y1, Y2, . .. cdliacted
from another (e.ghackgroundl population. The same terminology is used for all other
two-sample testdiscussed ithe following subsections of thisection.

o St ude-tedt 8l assumes that the spse@driance) of the two populations are
approximately equal.

o The Ftest can be used to the check the equality of dispersions of twiapops. A
couple of other testge.g., Levene, 196Qjre also available toomparethe variances of
two populations. Since thetEst performs fairly well, other tesése notincluded inthe
ProUCL softwareFor more details refer to ProUCL 5.0 TeclatiGuide.

115



1 Satterthwaite t-Test

This test is used to compare the means of two populations when the variances of those
populations may not be equal. As mentioned before, tflistRbution based test can be

used to verify the equality of dispersianisthetwo populationsHowever, this test alone

is more powerful test to compare the means of two populateses theProUCL 5.0
Technical Guiddor further details.

f Test for Equality of two Dispersions (Ftest)

This test is used to determine whether tle tunderlying variances of two populations
are equal. Usually the-fest is employed as a preliminary test, before conducting the two
sample ttest for testing the equality of means of two populations.

The assumptions underlying thetdst are that théwo-samples represent independent
random samples from two normal populations. Thedt for equality of variances is
sensitive to departures from normality.

1 Two-Sample Nonparametric WMW Test

This test is used to determine tt@mparabilityof the two caitinuous data distributions.

This test also assumes that the shapes (e.g., as determined by spread, skewness, and
graphical displays) of the two populations are roughly equal. The test is often used to
determine if the measures of central locatiimean,median)of the two populations are
significantly different.

The WilcoxonrMannWhitney test does not assume that the data are normally -or log
normally distributed. For large samples (e2g20), the distribution of the WMW test
statistic can be approxine by a normatlistribution

Notes: The use of the tests listed above is not recommended draltgformed data sets, especially when

the parameters of interests are the population means. In practice, the cleanup and remediation decisions
have to be nde inthe original scale based upon statistics and estimates computed in the original scale.
The equality of means in legcale does not necessarily imply the equality of means in the original scale.

1.

11¢

Click onTwo SampleHypothesis3 Full (w/o NDs)

Statistical Tests | Upper Limits/BTVs ~ UCLs/EPCs  Windows  Help

Qutlier Tests L3 7 ] g 10 11 12
Goodness-of-Fit Tests b Mn-29 MWG MM MMN-59 | D_MMN-59
Single Sample Hypothesis ~ » 4600 3 2200 2200 1
Two Sample Hypothesis » Full {w/o NDs) 4 || t Test
Oneway ANOVA » With ND= » Wilcoxon-Mann-Whitney
OLS Regression

1750 3 2150 2150 1
Trend Analysis 3 730 3 7990 2390 0




2. Selectthe Full (w/o NDs) option
1 To perform a+est, click ont Testfrom the dropdown menu.

 To perform a WilcoxorMannWhitney, click onWilcoxon-Mann-Whitney from the
drop-down menu list.

9.211 Two-Sample t-Test without NDs
1. Click on Two SampleHypothesis3 Full (w/o NDs)3 Test
2. The Select Variablesscreen will appear.

1 Selectvariable(s)rom theSelect Variablesscreen.

=
Available Variables O Without Group Variable

D Count
48 Sample 1

Name
WellID

Mn

MW-ID
Manganese
MW-89

mwg

MNS9

MN-99
index

Name D Count ‘

32 Sample 2

Name D Count ‘

© @M wWN -
W
X3

1
4 48 @® Using Group Variable

>>
Variable

Name D Count ‘

== W89 6 2

Group Variable MW-89 (Count=32)

Sample 1 8

[o}
Sample 2 &

Options. OK Cancel

1 Without Group Variable : This option is used when treampleddata of the variable
(e.g., kag for the two populations (e.g.site vs. backgroundl are given in separate
columns.

1 With Group Variable : This option is used whesampleddata of the variablee(g., lead)
for thetwo populations (e.gsitevs. backgrounglare given in the same colam

1 The values are separated into different populations (groups) by the values of an
associated GroufD Variable. The group variable may represent several populations
(e.g.,background, surface, subsurface, silt, clay, sanderal AOCs, MWSs). The user
can compare two groups at a time by using this option.

1 Whenthe Group option is usethe usethenselecsa group variable bysing theGroup
Variable. The user should select an appropriate variable representing a group variable.
The usercanuse lettes, numbers, or alphanumeric labels for the group names.

o When theOptions button is clicked, the following window will be shown.
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Select Null Hypothesis Form
@ Sample 1 <= Sample 2 (Form 1)

() Sample 1 >= Sample 2 (Form 2)

() Sample 1 >= Sample 2 + S (Form 2)
) Sample 1= Sample 2 (Two Sided)

Select Confidence Coefficient

(0 999% () 995% ) 99%
() 975% (@ 95% ) 90%
OK Cancel

o Specify a usefuBubstantial Difference, Svalue. The default choice @&

o Selectthe ConfidenceCoefficient. The defaul choice iS95%.

o Select the form of Null Hypothesis. The defaulBample 1 <= Sample 2 (Form 1)
o Click onOK button to continue or o@ancelbutton to cancel the option.

T Click on OK button to continue or oancel button to cancel th&ample 1lversus
Sample ZZomparison.

Example 9-3. Consider the manganese concentratitata set colicted from three wells: MW1, an

upgradient well, and MW8 and MW9 are two downgradient wells. Thesbmuple ttestresults
comparingMn concentrations in MW8 vs. MWé&re described as follows.
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Output for Two -Sample tTest (Full Data without NDs)

Confidence Coefficient
Substartial Difference (S)
Selected Null Hypothesis

Altemative Hypothesis

95%
0.000
Sample 1 Mean = Sample 2 Mean (Two Sided Altemative)

Sample 1 Mean <> Sample 2 Mean

Sample 1 Data: Mn-89(8)
Sample 2 Data: Mn-89(9)

Raw Statistics
Sample 1 Sample 2
Mumber of Valid Observations 16 16
Mumber of Distinct Observations 16 15
Mirimum 1270 1050
Mapdmum 4600 3080

Mean 1938 1368
Median 750 2055

SD 2358 500.2
SE of Mean 2097 125

Sample 1 vs Sample 2 Two-Sample t-Test

HO: Mean of Sample 1 = Mean of Sample 2

t-Test  Lower C.Val Upper C.Val

Method DF Value t{0.025)
Pooled (Equal Varance) 30 0123 -2.042
Welch-Sattethwaite (Unequal Varann 245 0123 -2.064

Pooled SD: 6530.548
Canclusion with Alpha = 0.050
Student t (Pocled): Do Net Reject HO, Conclude Sample 1= Sample 2

Welch-Sattethwaite: Do Mot Reject HO, Conclude Sample 1 = Sample 2

Test of Equality of Variances

Varance of Sample 1 703523
Varance of Sample 2 250130

Numerator DF Denominator DF F-Test Value
15 15 2812
Canclusion with Alpha = 0.05

Two varances appearto be equal

t{0.975)  P-Valus

2042 0.9503

2.064 0.503
P-Value

0.054
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9.21.2 Two-Sample Wilcoxon-Mann-Whitney (WMW) Test without NDs

1. Click on Two SampleHypothesis Testing3 F u | | (w/ o ND-Mann-Whitkey | c o x o n

Statistical Tests | Upper Limits/BTVs ~ UCLs/EPCs  Windows  Help

Outlier Tests r | B 7 ] g 10 11 12
Goodness-of-Fit Tests 3 Fln-F_tH MWS MNG MN-3% | D_MN-99
Single Sample Hypothesis ~ » 4600 3 2200 2200 1
Two Sample Hypothesis ~ » | Full (w/o NDs) 3 tTest
Oneway ANOVA v With NDs ’ | Wilcoxon-Mann-Whitney
OLS Regression
] 1730 9 2150 2150 1
Trend Analysis 3 1730 9 2990 2390 0
2. The Select Variablesscreenwill appear.
Available Variables @® Without Group Variable
Name D Count >> Name D Count
Sample 1 x3 0 2 ‘
>> R :ame :D ;oum ‘
O Using Group Variable
- s Name D Count ‘
Group Variable
Sample 1
Sample 2
o -~

1 Selectvariable(s)from the Select Variables screen.

1 Without Group Variable : This option is used when the data values of the variable
(arseni¢ are given in separate columns.

1 With Group Variable : Thisoption is used when data of the varialdeséni¢ are given
in the same column. The values are separated into diffeeanples(groups) by the
values of an associated Group Variable.

1 When the Group option is used, the user then sekedgroup variableby using the
Group Variable. The user should select an appropriate variable representing a group
variable. The user can use letters, numbers, or alphanumeric labels for the group names.

Notes: ProUQ. 5.0 has been written using environmental terminolagch as performing

background versus site comparisons. However, all tests and procedarp®iatedn ProUCL
5.0can be usedn data setfom anyother applicationFor other applications such as comparing
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a new treatment drug versus older treatmeangdthe group variable may represent the two
groups:ControlDrug andNew Drug.

1 When the Options button is clicked, the following window is shown.

Select Null Hypothesis Form
) Sample 1 <= Sample 2 (Form 1)

) Sample 1 >= Sample 2 (Form 2)

() Sample 1 >= Sample 2 + S (Form 2)
(® Sample 1 = Sample 2 (Two Sided)

Select Confidence Coefficient

(0999% (0 995% () 99%
() 975% () 95% ) 90%
OK Cancel

o Specify aSubstantial Difference, Svalue. The default choice @5

o Choose th&€onfidenceCoefficient. The default choice i85%.

o Select the form of Null Hypothesis. The defaulBample 1<= Sample 2 (Form 1)

o Click onOK button to continue or o6ancelbutton to cancel the selected options.
1 Click onOK to continue or oi€ancelto cancelSample lvs. Sample Zomparison.

Example 9- 4. Thetwo-sampleéWilcoxon Mann Whitney (WMW) test relta on a data set with ties are
summarized as follows.

Output for Two -Sample WilcoxonMann-Whitney Test (Full Data with ties)
Substantial Difference | 0.000

Selected Mull Hypothesis ~ Sample 1 Mean/Median = Sample 2 Mean/Median (Two Sided Atemative)
Altemative Hypothesis  Sample 1 Mean/Median <= Sample 2 Mean/Median

Wilcoxon-Mann-Whitney (WMW) Test

HO: Mean/Median of Sample 1 = Mean/Median of Sample 2

Sample 1 Data: X3 Sample 1 Rank Sum W-Stat = 336
Sample 2 Data: Y3 WMW U-Stat 96
Standardized WMW U-Stat = -4.083
Raw Statistics Mean () 300
Sample 1 Sample 2 SDIU)-Adities  49.97
Number of Valid Observations 24 25

Lower Approximate 1U-Stat Critical Value (0.025) -1.96

flumberof Disinet Obsi:a_ﬁons 158587 11585 Upper Approximate U-Stat Critical Value (0.975) 136
i - . P-Value (Adjusted for Ties) 4.4474E-5
Mandmum 3Nz 75.06
Mean 17.38 9.8 : :
Median 1756 4453 Conclusion with Alpha = 0.05
4] 742 19.39 Reject HO. Conclude Sample 1 <> Sample 2
SEof Mean 1518 3878

P-Value < alpha {0.05)
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9.2.2 Two-Sample Hypothesis Testing for Data Sets with Nondetects

1. Click Two SampleHypothesis3 With NDs

Statistical Tests | Upper Limits/BTVs  UCLs/EPCs  Windows

Outlier Tests r |6 7 8 9 10 11 12
Goodness-of-Fit Tests 3

Single Sample Hypothesis  »

Two Sample Hypothesis b Full (w/o MDs) »

Oneway ANOVA » With MD= * | Gehan

OLS Regression
Trend Analysis »

2.

9.2.21

1.

Tarone-Ware

Wilcoxon-Mann-Whitney |

SelecttheWith NDs option. A list of available tests will appear (shown above).

1 To perform a WilcoxorfMannWhitney test, click orwWilcoxon-Mann-Whitney from

the dropdown menu list.

1 To perform a Gehan test, click @ehanfrom the dropdown menu.

1 To perform araroneWare testclick onTarone-Ware from the dropdown menu.

Two-Sample Wilcoxon-Mann-Whitney Test with Nondetects

Click Two SampleHypothesis3 Wi t h  NDs

3-Mavin-Whitoey o n

Statistical Tests | Upper Limits/BTVs ~ UCLs/EPCs  Windows

Outlier Tests L 7 g 9 10 i 12
Goodness-of-Fit Tests 3

Single 5ample Hypothesis ~ »

Two Sample Hypothesis 3 Full (w/o NDs) 3

Oneway ANOVA k With NDs L | Gehan

OLS Regression Tarone-Ware

Trend Analysis » | Wilcoxon-Mann-Whitney




TheSelect VariablesScreen shown below will appear.

Available Vanables ® Without Group Variable
Name D Count == Name D Count
Sample 1 Site 1 10
<<
> Sample 2 Name D Count ‘
Background 0 10
<<
© Using Group Variable
>
Variable Name ID Count
<<
Group Variable
Sample 1
Sample 2
o s

1 Selectvariable(s)from theSelect Variablesscreen.

1  Without Group Variable : This option is used when the data values of the varialdg, (
TCDD 2,3,7,8 for the site and the background are given in separate columns.

1 With Group Variable : This option is used when data values of the variabGbp 2, 3,
7, 8 are given in the same column. The values are separated into diffaraptes
(groups) by the values of an associated Group Variable. When using this optiosgrthe u
should select an appropriate variable representing groups sé¢bGis AOC2, AOC3,
..., and so on.

1 When theOptions button is clicked, the following window will be shown.

Select Null Hypothesis Form
(") Sample 1 <= Sample 2 {(Form 1)
(®) Sample 1 >= Sample 2 (Form 2)
) Sample 1 = Sample 2 {Two Sided)

Select Confidence Coefficient
() 999% () 995% ) 99%

() 975% (@ 95% ) 90%

OK Cancel

o Choose th&€onfidenceCoefficient. The default choice i85%.

o Select thdorm of Null Hypothesis. The default &ample 1 <= Sample 2 (Form 1)
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o Click onOK button to continue or oG8ancelbutton to cancel the selected options.

f Click onOK to continue or oi€ancelto cancel th&sample lvs. Sample Zomparison.

Example 9-5. Consider a two sample data s¢ith nondetects and multipldetection limits. Since the
data sets have more than one detection limit, therefore it is not recommended to use theWbhhis
data set. Howeveganetimes, the users tend to use WMW test on data sets with multiple detection
limits. The WMW test results are summarized as follows:

Output for Two -Sample WilcoxonMann-Whitney Test (with Nondetects)

Date./Time of Computation
From File

Full Precision

Corfidence Coefficient
Selected Mull Hypothesis
Altemative Hypothesis

Sample 1 Data: Site
Sample 2 Data: Background

3/18/2013 6:43:04 PM

WMW-NDs-Chapter Suser_axls

OFF

95%

Sample 1 Mean/Median == Sample 2 Mean/Median (Form 2)
Sample 1 Mean/Median < Sample 2 Mean/Median

WMW test is meant for a Single Detection Limit Case

Raw Statistics Use of Gehan or T-W test is suggested when multiple detection limits are present
Sample 1 Sample 2 All gcbservations <= 11 {Max DL) are ranked the same
Number of Valid Data " n
Mumber of Non-Detects 3 3 ‘Wilcoxon-Mann-Whitney (WMW) Test
Number of Detect Data 8 8
Minimum Non-Detect 4 4 HO: Mean/Median of Sample 1 >= Mean/Median of Sample 2
Masimum Non-Detect 11 £l
Percent Nondetects  2727%  2727% Sample 1 Rank Sum W-Stat =~ 1445
Minimum Detect 2 1 WMW U-Stat . 785
Maimum Detect 43 27 Mean (U) 605
Mean of Detects 7 155 SD{U)- Adjties 1522
Median of Detects 295 16.5 WMW U-Stat Critical Value (0.05) 35
5D of Detects 13A 9196 Standardized WMW LU-Stat 119

Approximate P-Value 0.883

WMW test is meant for a Single Detection Limit Case
of Gehan or T-W test is suggested when multiple detection limits are pres Conclusion with Alpha = 0.05
All observations <= 11 {Max DL) are ranked the same Do Not Reject HO. Conclude Sample 1 >= Sample 2

Notes: In the WMW test, all observations below the largest detection limit are cosdides NDs
(potentially including some detected values) and hence they all receive the same average rank. This action
tends tareduce the associated power of the WMW test considerably. This in turn may édddorrect

conclusion.

9.2.2.2 Two-Sample Gehan Test for Data Sets with Nondetects

1. Click Two SampleHypothesis3 Wi t h  NDs 3 Gehan

Outlier Tests

Goodness-of-Fit Tests 3

Single Sample Hypothesis — »

Statistical Tests | Upper Limits/BTVs  UCLs/EPCs  Windows  Help

L 7 8 9 10 1 12

Two Sample Hypothesis k Full {w/o NDs) 4

Oneway ANOVA L With NDs r Gehan

OLS Regression Tarone-Ware

Trend Analysis 4 Wilcoxen-Mann-Whitney
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2.

The Select Variablesscreenwill appear.

Available Variables © Without Group Variable
Name D Count > Name D Count
Cu 0 118 Sample 1
<<
>> Sample 2 Name ID Count ‘

<<

@® Using Group Variable

>>

Variable Name D Count ‘
<< Zn 1 118
Group Variable Zone (Count=118) v
Sample 1 alluvial fan v
Sample 2 basin troughl -
Options. oK Cancel

1 Selectvariable(s)from theSelect Variablesscreen.

1 Without Group Variable : This option is used when the data values of the variable
(Zinc) for thetwo data setare given in sepat@ columns.

1 With Group Variable : This option is used when data values of the variakilec) for
the two data sets argiven in the same column. The values are separated into different
sampleqgroups) by the values of an associated Group Variable. W&ieg this option,
the user should select a group variable representing gpmesationssuch asZone 1,
Zone2, Zone3...

1 When theOptions button is clicked, the following window will be shown.

Select Null Hypothesis Form
) Sample 1 <= Sample 2 (Form 1)

(® Sample 1 >= Sample 2 (Form 2)
) Sample 1 = Sample 2 (Two Sided)

Select Confidence Coefficient

) 999% () 995% ) 99%

() 975% (@ 95% ) 90%
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o Choose th€onfidenceCoefficient. The default choicés 95%.
o Select the form of Null Hypothesis. The defaulSample 1 <= Sample 2 (Form 1)
o Click onOK button to continue or o8ancelbutton to cancel selected options.

T Click on theOK button to continue or on th@ancel button to cancel th€ample 1vs.
Sample ZZomparison.

Example 9-6a. Consider the copper and zinc data set collected from two zones: Alluvial Fan and Basin
Trough discusseih the literature (Helsel, 2012, NADA in R013). This data set is used here to
illustrate the Gehan twsampe test. The output sheet generated by ProUCL 5.0 is described as follows.

Output for Two -Sample Gehan Test (with Nondetects)

Corfidence Coefficient  95%
Selected MNull Hypothesis  Sample 1 Mean/Median == Sample 2 Mean/Median (Form 2)
Atemative Hypothesis  Sample 1 Mean/Median < Sample 2 Mean/Median

Sample 1 Data: Znialluvial fan)
Sample 2 Data: Znibasin trough)

Raw Statistics

Sample 1 Sample 2
MNumber of Valid Data &7 50
Mumber of Missing Observations 1 0
MNumber of Mon-Detects 16 4
Mumber of Detect Data | 46
Minimum Non-Detect 3 3
Mazimum Non-Detect 10 10
Percent Non-detects ~ 23.88% 8.00%
Minimum Detect 5 3
Mzzdmum Detect 620 50

Mean of Detects 27.88 2313
Median of Detects 11 20

5D of Detects 85.02 15.03
Sample 1 vs Sample 2 Gehan Test
HO: Mean of Sample 1 >= Mean of background
Gehan z Test Value = -3.037
Critical z (0.05)  -1.645

F-¥alue  0.0012

Conclusion with Alpha = 0.05
Reject HO, Conclude Sample 1 < Sample 2
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9.2.2.3 Two-Sample Tarone-Ware Test for Data Sets with Nondetects

Thetwo-sampleTaroneWare(T-W) test (1978) for dataess withNDsis newin ProUQ_ 5.0.

1. Click Two SampleHypothesis Testingd Two Sample3 Wi t h  NTasneXVare

Statistical Tests | Upper Limits/BTVs  UCLs/EPCs  Windows  Help
QOutlier Tests L 7 8 9 10 11 12
Goodness-of-Fit Tests 2
Single 5ample Hypothesis — »
Twao Sample Hypothesis » Full {(wyo NDs) 4
Oneway ANOVA » With NDs » | Gehan
OLS Regression | Tarone-Ware
Trend Analysis 4 Wilcoxon-Mann-Whitney
2. The Select Variablesscreen will appear.
Available Variables © Without Group Variable
Name 1D Count >> Name D Count ‘
Cu 0 118 . Sample 1

Sample 2 Name D Count ‘

<<

@® Using Group Variable

>>

Variable Name D Count ‘
<< n 1 18

Group Variable Zone (Count=118) v

Sample 1 alluvial fan W

Sample 2 basin trough -

o =

1 Selectvariable(s)from theSelect Variablesscreen.

1 Without Group Variable : This option is used when the data values of the varighle (
for thetwo data setare given in separate columns.

f  With Group Variable : This option is used when data values of the varig®ig for the
two data setsare given in the same column. The values are separated into different
sampleggroups) by the values of an associated Groapa¥le. When using this option,
the user should select a group variable by clicking the arrow next @rthg Variable
option for a dropdown list of available variables. The user selects an appropriate group
variable representing groups.

1 When theOptions button is clicked, the following window will be shown.

127



Select NMull Hypothesis Form
(@ Sample 1 <= Sample 2 {(Form 1)

() Sample 1 >= Sample 2 (Form 2)
() Sample 1= Sample 2 (Two Sided)

Select Confidence Coefficient
() 999% () 995% ) 99%

() 975% (@ 95% ) 90%

0K Cancel

o Choose th€onfidence Coefficient The default choice 185%.
o Select the form of Null Hypothesis. The defaulSample 1 <= Sample 2 (Form 1)
o Click onOK button to continue or o68ancelbutton to cancel selected options.

T Click on theOK button to continue or on th@ancel button to cancel th€ample 1 vs.
Sample ZZomparison.

Example 9-6b (continued). Consider the copper and zinc data set used edrherdata set is usdtkre
to illustrate theT-W two-sample test. The output sheet generated by ProUCL 5.0 is described as follows.

Output for Two -SampleTarone-Ware Test (with Nondetects)

Corfidence Coefficient ~ 95%
Selected Mul Hypothesis ~ Sample 1 Mean/Median <= Sample 2 Mean/Median (Fom 1)
Atemative Hypothesis ~ Sample 1 Mean/Median > Sample 2 Mean/Median

Sample 1 Data: Zn{alluvial fan)
Sample 2 Data: Zn{basin trough)

Raw Statistics
Sample 1 Sample 2
Mumber of Valid Data 67 50
Number of Missing Observations 1 0
Number of Mon-Detects 16 4
Number of Detects 51 46
Minimum Non-Detect 3 3
Maximum Non-Detect 10 o
Percent Nondetects ~ 23.88% 8.00%
Minimum Detect 5 3
Maximum Detect 620 50
Mean of Detects 2788 2313
Median of Detects n 20
5D of Detects 85.02 15.03

Sample 1 vs Sample 2 Tarone-Ware Test
HO: Mean/Median of Sample 1 <= Mean/Median of Sample 2
TW Statistic =~ -2.113
TW Critical Value (0.05) 1645
P-Value 0583
Conclusion with Alpha = 0.05

Do Not Reject HO. Conclude Sample 1 <= Sample 2
P-Value >= alpha (0.05)
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Chapter 10

Computing Upper Limits to Estimate Background Threshold
Values Based Upon Full Uncensored Data Sets and Left-
Censored Data Sets with Nondetects

This chapter illustrates the computationghavarious parametric and nonparametric statistics and upper
limits that can be used as estimates of background threshold values (BTVs) and tthexxoeed
values. The BTV estimation methods are available for data sets with and without nondetect (ND)
observations. Technical detadbout thecomputation of thevarious limitscan be found in thassociated
ProUCL 5.0Technical GuideFor each seleed variable, this option computes various upper limits such
asupper prediction limitsWPLs), upper tolerance limitsUTLs), upper simultaneous limits (USLand

upper percentiles to estimate the BTVs that are used in site versus background evaluations.

Two choices for data sets are available to compute background statistics:

1 Full (w/o NDs)1 computes background statistics fomcensored fulbdata set without
anyND observation

1  With NDsi computes background statistics for data sehsisting of deected as well as
nondetectedbservations with multiple detection limits

The user specifies the confideraeefficient(probability) associated with each interval estimeUCL
accepts @onfidencecoefficientvaluein the interval0.5, 1), 0.5 inlusive. The default choice is 0.95. For
data sets with and without NDs, ProlU6.0 can compute the followingpper limits to estimatBTVs:

1 Parametric and nonparametric upper percentiles.

1 Parametric and nonparametric UPLs for a single observation, faturext k ¢ 1)
observations, mean of next k observations. Here future k, or next k observations may
represent k observations from another population (e.g., site) different from the sampled
(background) population

1 Parametric and nonparametric UTLs.
1 Paametric and nonparametric USLs.

Note on Computing Lower Limitsin many environmental applications (e.grpundwatemonitoring),

one needs to compute lower limits including: lower prediction limits (LPLs), lower tolerance limits
(LTLs), or lower simufaneous limit (LSLs). At present, ProUCL does not directly compute a LPL, LTL,

or a LSL.It should be noted that for data sets with and without nondeRraidCL outputs theseveral
intermediateresultsand critical values (e.g., khat, nuhat, K, d2maggded to compute the interval
estimatesand lower limits. For data sets with and without nondetects, except for the bootstrap methods,
the same critical value (e.g., normal z value, Chebyshev critical valueritcadl value) can be used to
compute a arametric LPL, LSL, or a LTL (for samples of size >30 to be able to use Natrella's
approximation in LTL) as used in the computation of a UPL, USL, or a UTL (for samples of size >30).
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Specifically, to compute a LPL, LSL, and LTL (n>30) the '+' sign usethéncomputation of the
corresponding UPL, USL, and UTL (n>30) needs to be replaced by #ign' in the equations used to
compute UPL, USL, and UTL (n>30). For specific details, the user may want to consult a statistician. For
data setsvithout nondetet observations, the user may want to use the Scout 2008 software package (EPA
2009c) to compute the various parametric and nonparametric LPLs, LTLs (all sample sizes), and LSLs.

10.1 Background Statistics for Full Data Sets without Nondetects

1. Click Upper Limits/BTVs 3 Full (w/o NDs)

Statictical Tests | Upper Limits/BTVs | UCLs/EPCs Windows  Help

3 | FRullw/oND) | Normal 10 11 12 13
With NDs * Gamma
Legnormal

Mon-Parametric
All

2. SelectFull (w/o NDs)

1 To compute the background statistics assuming the normal distribution, clitroral
from the dropdown menu list.

1 To compute the background statistics assuming the gamma distribution, cakmna
from the dropdown menu list.

1 To compute the background statistics assuming the lognormal distribution, click on
Lognormal from the dropdown menu list.

1 To compute the background statistics using distribtiiea nonparametric methods,
click on Non-Parametric from the dropdown menu list.

1 To compute and see all background statistics available in Rr&JL click on theAll
option from the dromlown menu list. ProUCL will display data distribution, all
parametric and nonparametric background gitedisn an Excel type spreadsheet. The
user may use this output sheet to select the most appropriate statistic to estimate a BTV.
10.1.1 Normal or Lognormal Distribution

1. Click Upper Limits/BTVs 3 Full (w/o NDs)3 Normal or Lognormal
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Upper Limits/BTVs | UCLs/EPCs  Windows  Help

. Fullw/oNDs) o |[ Normal | - = = =
With NDs k Gamma
Legnormal

Mon-Parametric
All

2. TheSelect Variablesscreen(Chapter 3) will appear.
1 Select avariable(s)rom theSelect Variablesscreen.
1 To computeBTV estimatesy a group variableselect a group variable by clicking the

arrow below theSelect Group Column (Optional) to obtain a dromlown list of
available variables and select an appropriate group variable.

Available Variables Selected Variables
Name D == Name o]
Vinyl-Chlo 0

<<

< >

Select Group Column (Optional)
v

< > Options 0K Cancel

When theOption button is clicked, the following window will be shown.

Confidence Level

Coverage

Different or Future K Observations

o Specify theConfidence Leve] a number in the intervgdD.5, 1), 0.5 inclusive. The
default choice i9.95

o Specify the Coverage coefficient (for a percentile) needed to compute UTLs.
Coveragerepresents a number in the interval (0.0, 1). The default choi@€5s
Remember, a UTL is an upper confidence limit (e.g., with confidence level = 0.95)
for a % (e.g.,with coverage = 08 percentile.
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o Specify theDifferent or Future K Observations The default choice i$. It is noted
that when K = 1, the resulting interval will be a UPL for a single futlogervation
In the example shown above, a value of Klasbeen used.

o Click onOK button to continue or o@ancelbutton to cancel this option.
1 Click onOK to continue or oi€ancelbutton to cancel thepper Limits/BTVsoptions

Example 10-1a. Consider the real data set consisting of concentrations of seveti@k collected from a
Superfund site. Aluminum concentrations follow a normi@ktribution and manganese concentrations
follow a lognormal distribution. The normal and lognormal distribution based estimates of BTVs are
summarized in the following two liées.

Aluminum - Output Screen for BTV Estimates Based upona Normal Distribution
(Full - UncensoredData Se)

User Selected Options
Date/Time of Computation  3/18/2013 9:26:21 PM
From File  SuperfFund xls
Full Precision  OFF
Confidence Coefficient  95%
Coverage  55%
New or Future K Cbservations 1

Aluminum

General Statistics

Tatal Number of Observations 24 Mumber of Distinct Observations 24
Minimum =~ 1710 First Quartile =~ 4058
Second Largest 15400 Median 7010
Maximum | 16200 Third Quartile 10475
Mean 7789 SD 4264
Coefficient of Variation 0.547 Skewness 0.542
Mean of logged Data 8798 5D of logged Data 0.61

Critical Values for Background Threshold Values (BTVs)
Tolerance Factor K (For UTL) 2309 d2max for USL) 2644

Normal GOF Test

Shapiro Wilk Test Statistic 0.939 Shapire Wilk GOF Test
5% Shapiro Wilk Critical Value 0516 Data appear Mormal at 5% Significance Level
Lilliefors Test Statistic 0.109 Lilliefors GOF Test
5% Lilliefors Critical Value 0181 Data appear Mormal at 5% Significance Level

Data appear Normal at 5% Significance Level

Background Statistics Assuming Mormal Distribution

95% UTL with 95% Coversge 17635 50% Percentile {z) 13254
95% UPL ¢) 15248 95% Percertile (z) 14803
95% USL 15063 99% Percertile {z) 17708
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Manganese-Output Screen for BTV Estimates Based upona Lognormal Distribution
(Full-UncensoredData Se)

L ar Statistics for | Full Data Sets
User Selected Options
From File  SuperFund xs
Full Precision ~ OFF
Confidence Coefficient  35%
Coverage  95%
Mew or Future K Observations |1
Mumber of Bootstrap Operations 2000
Manganese
General Statistice
Total Number of Observations 24 Mumber of Distinct Observations 23
Minimum 36 First Quartile 253
Second Largest = 440 Median 71.25
Madmum 530 Third Quartile = 122.5
Mean = 113.8 5D 1345
Coefficient of Variation 1181 Skewness 217
Mean of logged Data 4192 5D of logged Data 1.084

Critical Values for Background Threshold Values (BTVs)

Tolerance Factor K (For UTL) 2305 dZmax for USL) 2644
Lognormal GOF Test
Shapiro Wilk Test Statistic 0.572 Shapiro Wilk Lognormal GOF Test
5% Shapiro Wilk Critical Value 0516 Data appear Lognomal at 5% Significance Level
Lilliefors Test Statistic 012 Lilliefors Lognormal GOF Test
5% Lilliefors Critical Value 0.181 Diata appear Lognomal at 5% Significance Level

Data appear Lognomal at 5% Significance Level

Background Statist S | Di
95% UTLwith 95% Coverage  808.1 90% Percentie (z) | 2654
95% UPLY) 4406 95% Percertile (z} 3935

95% USL 1162 99% Percentile (z) 8235

10.1.2 Gamma Distribution

1. Click Upper Limits/BTVs 3 Full (w/oNDs)3 Gamma

Upper Limits/BTVs | UCLs/EPCs  Windows  Help

| Fullw/oNDs) v | Nomal 10 1 12 13
With NDs » [ Gamma |
Lognermal

Mon-Parametric
All
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2.

The Select Variablesscreen(Chapter 3) will appear.

1 Select avariable(s)rom theSelect Variablesscreen.

l

Available Variables Selected Varnables

> Name I}

Manganese 5

o

Name

Aluminum
Arsenic
Chromium

<=

Iron

Lead
Thallium
Wanadium

W00 el e L P — 3

Benzola)pyrene
Maphthalene
Benzof@pyrene ... 10 £ >
Select Group Column (Opticnal)
v
< > Options 0K Cancel

If needed, select a group variable by clicking the arrow belosétectGroup Column
(Optional) to obain a dropdownlist of variables, and select a proper group variable.

When theOption button is clicked, the following window will be shown.

[o]

Confidence Level 0.95

Coverage 0.95

Different or Future K Observations 1

Number of Bootstrap Operations, 2000

L oK | | Cancel

Specify theConfidence Levej a number in the intervgD.5, 1), 0.5 inclusive. The
default choice i9.95

Specify theCoveragelevel; a number in interval (0.0, 1). Default choicé.[b.
Specify theFuture K. The default choice i%.
Specify theNumber of Bootstrap Operations The default choice i2800Q

Click onOK button to continue or o8ancelbuton to cancel the option.

Click onOK to continue or oriCancelbutton to cancel thEpper Limits/BTVsoptions.
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Example 10-1b (continued). Manganese concentrations also follow a gamma distribution. The gamma

distribution based BTV estimates are summakizethe following table generated by ProUCL 5Ibe
GammaGOF test is shown ithe following fgure

360

Manganese

0 €0 120

180 240 300
Theoretical Quantiles of Gamma Distribution

Gamma Q-Q Plot for Manganese

360 420

Manganese
N=24
Mean=113.8250
kstar=0.8531
thetastar=119.4215
Slope=1.1632

530
*

Gamma GOF Test for Manganese Data Set

Manganese- Output Screen for BTV Estimates Based Upona Gamma Distribution
(Full-UncensoredData Se)

Manganese

General Statistics

Total Number of Observations = 24 Number of Distinct Observations 23
Minimum 26 First Quartile 293
Second Largest | 440 Median 7125
Madmum |~ 530 Third Quartile  122.5
Mean = 1138 SO 1345
Coefficient of Variation 1181 Skewness 217
Mean of logged Data 4192 5D of logged Data 1.084
Critical Values for Background Threshold Values (BTVs)
Tolerance Factor K (For UTL) 2309 d2max for USL) 2644
Gamma GOF Test
A:D Test Statistic 0.575 Anderson-Darling Gamma GOF Test
5% A-D Critical Value 077 Detected data appear Gamma Distributed at 5% Significance Level
K-S Test Statistic 0.168 Kolmogrov-Smimoff Gamma GOF Test
5% K-S Critical Value 0.183 Detected data appear Gamma Distributed at 5% Signfficance Level

Detected data appear Gamma Distributed at 5% Significance Lewvel

k hat (MLE)

Theta hat (MLE)

nu hat (MLE)

MLE Mean (bias comected)

Gamma Statistics

1.058 k star (bias comected MLE)
1076 Theta star (bias comected MLE)
50.76 nu star (bias comrected)
1138 MLE Sd (bias comected)

Background Statistics Assuming Gamma Distribution

§5% Wilson Hiferty (WH) Approx. Gamma UPL
55% Hawkins Widey {HW) Approx. Gamma UPL
95% WH Approx. Gamma UTL with  35% Coverage
95% HW Approxc. Gamma UTL with  95% Coverage
5% WH USL

3536 50% Percentile
3642 95% Percertile
503.8 59% Percentile
5403

6113 5% HW LSL

0.953
1194

4575
1166

2652
346.8
537

6723

The meamanganeseoncentration is 113.®ith sd= 134.5, and thenaximumvalue = 530. The UTL
based upon a lognormal distribution is 808.1 whicsigsificantly higher than the largest value 580, It
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is noted that thed of the logtransformed dat is 1.084. By comparing BTV estimates computed using
lognormal and gamma distributions, it is noted that the lognormal distribogisedupper limis: UTL

and UPL are significantly higher than thdszsed upon a gamma distribution confirming the statesmen
made earlier that the use of a lognormal distribution tends to yield inflated values of the upper limits used
to estimate environmental parameters (e.g., BTVs, EPCs3eTumper limiteresummarizedhs follows.

Lognormal Gamma (WH) Gamma (HW)
UTL95-95 808.1 504 540.3
UPL95 440.6 353.6 364.2

Mean = 113.8, Max value = 530.

10.1.3 Nonparametric Methods

1. Click Upper Limits/BTVs 3 Full (w/o NDs)3 Non-Parametric

Upper Limits/BTVs | UCLs/EPCs  Windows  Help

Full (w/o MDs) » 7 8 3 10 11 12 13
| With NDs v Normal
Gamma
Legnormal

| Mon-Parametric

All

2. The Select Variablesscreen(Chapter 3) will appear.
1 Select avariable(s)rom theSelect Variablesscreen.

1 If needed, select a group variable by clicking the arrow belogéectGroup Column
(Optional) to obtan a dropdownlist of variables, and select a proper group variable.

1 When theOption button is clicked, the following window will be shown.

Confidence Level 0.95

Coverage 0.95

Number of Bootstrap Operations 2000

| oK | | Cancel

o Specify theConfidence Leve] a number in the intervé0.5, 1), 0.5 inclusive. The
default choice i9.95
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o Specify theCoveragelevel; a number in the interval (0.0, 1). Default choice.$5.

o Specify theNumber of Bootstrap Operations The default choice i800Q

o Click on theOK button to continue or on thi@ancelbutton to cancel the option.

T Click OK button to continue o€ancelbutton to cancel thepper Limits/BTVsoptions

Example 10-2. Leadconcentrationsollected from thsameSuperfund site as used in Examp@®l do
not follow a discernible distributioMonparametric BTV estimates are summedas follows.

Lead - Output Screen for Nonparametric BTVs Estimates

(Full-UncensoredData Se)

Nenparametric Background Statistics for Uncensored Full Data Sets

User Selected Options
From File  Superfund xs
Full Precision  OFF
Corfidence Coefficient  95%
Coverage  55%
MNumber of Bootstrap Operations 2000

Lead

General Statistics
Total Number of Observations
Minimum
Second Largest
Mazimum
Mean
Coefficient of Variation
Mean of logged Data

24 Number of Distinct Observations
49 First Quartile:
98.5 Median
109 Third Quartile
2245 SD
1153 Skewness
2743 5D of logged Data

Critical Values for Background Threshold Values {(BTVs)

Tolerance Factor K (For UTL) 2309 d2max for USL)

Nonparametric Distribution Free Background Statistics

Data do not follow a Discemible Distribution (0.05)
Nonparametric Upper Limits for Background Threshold Values
Order of Statistic,r 24 95% UTLwith 5% Coverage
Approximate 1.263 Corfidence Coefficient (CC) achieved by UTL
55% Percentile Bootstrap UTL with  95% Coverage = 109 55% BCA Bootstrap UTL with  95% Coverage
S5% UPL | 1064 0% Percentile
50% Chebyshev UPL  104.6 95% Percentile
55% Chebyshev UPL = 141.8 55% Percentile
g8% USL 109

18
1043

19.25
26.83
2665
0.7

2644

109
0.708
1074
4481
172
1066

To compute nonparametric upper limits providing the specified coverage (e.g., 0.90f Hizedata sets
should be fairly large (e.g., > 59). For distaconsult the associated ProUGI0 Technical Guide. In this
example the sample size is only 24, and the confidence coeffi@i@tachievedby the nonparametric,
UTL is only 0.71whichis significantly lower than thdesired CC 00.95.
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10.1.4 All Statistics Option

1. Click Upper Limits/BTVs 3 Full (w/o NDs)3 All

Upper Limits/BTVs | UCLs/EPCs  Windows Help

| Fullw/oNDs)  » Normal 10 11 12 12
With MD=s » Gamma
Legnormal

Mon-Parametric

All

2. The Select Variablesscreen(Chapter 3) will appear.

1 Select avariable(s)Yrom theSelect Variablesscreen.

1 If needed, select a group variable by clicking the arrow belovgéhectGroup Column
(Optional) to obtain a drojglown list of variables, and select a proper group variable.

1 When theOption button is clicked, the following window will be shown.

[o]

Confidence Level 0.95

Coverage 0.95

Number of Bootstrap Operations 2000

| oK | [ Cancel

Specify theConfidence Leve] a number in the intervgD.5, 1), 0.5 inclusive. The
default choice i9.95

Specify the Coveragelevel; a number in the interval (0.0, 1). Defaul®is.
Specify theFuture K. The default choice is.
Specify theNumber of Bootstrap Operations The default choice i2000.

Click onOK button to continue or o@ancelbutton to cancel #hoption.

1 Click onOK to continue or oi€ancelbutton to cancel thepper Limits/BTVsoptions.
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Example 10-1c (continued). The various BTV estimates based upon the manganese concentrations
computed using théll option of ProUCL are summarized as folmwrheAll option computes and
displays all available parametric and nonparametric BTV estimates. This option also informs the user
about the distribution(s) of the data set. This option is specifically useful when one has to process many
analyteqvariabks) without any knowledge about their probability distributions.

Manganese- Output Screen for All BTVs Estimates
(Full-UncensoredData Se)

General Statistics

Total Mumber of Observations . 24 Number of Distinct Observations = 23
Minimum 86 First Quartile = 29.3
Second Largest 440 Median 7125
Maximum =~ 530 Third Quartile = 1225
Mean 1133 SO 1345
Coefficient of Variation 1.181 Skewness 217
Mean of logged Data 4192 5D of logged Data 1.084

Critical Values for Background Threshold Values (BTVs)
Tolerance Factor K (For UTL) 2309 dZmax for USL) 2644

Normal GOF Test

Shapiro Wille Test Statistic 0.697 Shapiro Wilk GOF Test
5% Shapiro Will Critical Value 0.916 Data Mot Mormal at 5% Signficance Level
Lilliefars Test Statistic 0.238 Lilliefors GOF Test
5% Liliefors Critical Value 0181 Data Mot Mommal &t 5% Significance Level

Data Mot Mormal at 5% Significance Level

Background Statistics Assuming Normal Distribution

95% UTLwith 95% Coverage = 4243 90% Percertile z) 2861
95% UPL &) | 349 95% Percertile z) 335
95% USL | 4693 99% Percertile (z) 4266

Gamma GOF Test

A-D Test Statistic 0.575 Anderson-Darling Gamma GOF Test

5% A-D Critical Value 0.7 Detected data appear Gamma Distributed at 5% Significance Level
K-5 Test Statistic 0.168 Kolmegrov-Smimeff Gamma GOF Test

5% K-5 Critical Value 0.183 Detected data appear Gamma Distributed at 5% Significance Level

Detected data appear Gamma Distributed at 5% Significance Level

Gamma Statistics

k hat (MLE) 1.058 k star (bias comected MLE) 0.953
Thets hat (MLE) 1076 Theta star bias comected MLE) 1154
nu hat {MLE) 50.76 nu star (bias comected) 4575
MLE Mean (bias comected)  113.8 MLE 5d (pias comected) 1166

Background Statistics Assuming Gamma Distribution

95% Wilson Hiferty (WH) Approx. Gamma UPL 3536 90% Percertile 2652
95% Hawkins Wodey (HW) Approx. Gamma UPL =~ 364.2 95% Percentile = 346.8
95% WH Approx. Gamma UTLwith 95% Coverage = 503.8 99% Percentile 537
95% HW Approx. Gamma UTL with 95% Coverage = 540.3
S5EWHUSL 6113 5% HWUSL 6723
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Lognormal GOF Test

Shapiro Wilk Test Statistic 0872 Shapire Wilk Lognormal GOF Test
5% Shapiro Wilk Critical Value 0516 Dista appear Lognomal at 5% Significance Level
Lilisfors Test Statistic 012 Lilliefors Lognomal GOF Test
5% Lilliefors Critical Value 018 Dista appear Lognomal &t 5% Significance Level

Data appear Lognormal at 5% Significance Level

Bacl | Statisti ina L I Distributi
95% UTLwith 95% Coverage = 808.1 90% Percentile (z) 2654
95% UPL &) 4406 95% Percentile (z) 3935
95% USL | 1162 99% Percertile (z) 8235

ic Distribution F

Data appear Gamma Distributed at 5% Significance Level

Nonparametric Upper Limits for Background Threshold Values

Order of Statistic, r 24 95% UTL with 95% Coverage 530
Approxdmate 1.263 Corfidence Coefficient (CC) achieved by UTL 0.708
55% Percentile Bootstrap UTL with  95% Coverage = 530 55% BCA Bootstrap UTL with 95% Coverage 530
95% UPL | 507.5 90% Percentile 280
50% Chebyshev UPL | 525.5 95% Percentile 425
95% Chebyshev UPL = 712 99% Percentile  509.3
55% USL | 530

10.2 Background Statistics with NDs

1. Click Upper Limits/BTV s3 With NDs

Upper Limits/BTVs | UCLs/EPCs  Windows  Help

Full (w/o NDs) » 7 8 ] 10 11 12 13
| With NDs » || Norma I
Gamma
Legnormal

Mon-Parametric

All

2. Selectthe With NDs option.

f To compute the background statistics assuming the normal distribution, clidéroral
from the dropdown menu list.

f To compute the background statistics assuming the gamma distribution, ctanuna
from the dropdown menu list.

1 To compute the backgund statistics assuming the lognormal distribution, click on
Lognormal from the dropdown menu list.

1 To compute the background statistics using distribtiiea methods, click omNon-
Parametric from the dropdown menu list.

1 To compute all available blground statistics in ProUC5.0, click on theAll option
from the dropdown menu list.
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10.2.1 Normal or Lognormal Distribution

1. Click Upper Limits/BTVs 3 With NDs 3 Normal or Lognormal

Upper Limits/BTVs | UCLs/EPCs  Windows Help

Full {w/o MDs) r 7 8 9 10 1 12 13
| With NDs v Normal |
Gamma
| Lognormal |

Mon-Parametric

Al
2. The Select Variablesscreen(Chapter 3) will appear.
1 Select avariable(s)Yrom theSelect Variablesscreen.
1 If needed, select a group variable by clicking the arrow belov@éhectGroup Column
(Optional) to obtain a drojglownlist of variables, and select a proper group variable.
f When the option button is cliclethe following window will be shown.
Confidence Level 095
Coverage 095
Different or Future K Observations 2 |
Number of Bootstrap Operations| 2000
OK Cancel
o Specify theConfidence Leve] a number in the intervgD.5, 1), 0.5 inclusive. The
default choice i9.95
o Specify theCoveragelevel;a number in the interval (0.0, 1). Default choic8.85.
o Specify theFuture K. The default choice is.
o Specify theNumber of Bootstrap Operations. The default choice i2000.
o Click on theOK button to continue or on th@ancelbutton to cancel the option.
f Click onOK to continue or oi€ancelbutton to cancel thepper imits/BTVs options.
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Example 10 -3a. Consider asmallreal TCE data sebf sizen=12 consisting of4 ND observations.

The detected data set of size 8 follows a normal as well as a lognormal distribution. The BTV
estimates using the LROS method, normal #wghormal distribution on KM estimates, and
nonparametric Chebyshev inequality drabtstrap methods on KM estimates anenmarizedn the
following two tables. It is noted that upper limits including UTL®5 and UPL95 based upon the
robust LROS method gld much higher values than the other methods including KM estimates in
normal and lognormal equations to compute the upper limits. It is noted that the detected data also
follows a gammalistribution The gamma distribution (of detected data) based BTihates are
describedn the next section.

TCE - Output Screenfor BTV Estimates Computed Using NormalbDistribution of Detected Data
(Left-Censored Data Sewith NDs)

User Selected Options
From File  TCE-MDs-Blanks-data-BTVs-UCLchaps xls
Full Precision  OFF
Confidence Coefficiert  95%
Coverage  95%
Different or Future K Observations 2

TCE

General Statistics

Total Mumber of Observations 12 MNumber of Distinct Observations ]
MNumber of Missing Observations 2
Number of Detects 8 Mumber of Non-Detects 4
Number of Distinct Detects 8 Number of Distinct Non-Detects 1
Minimum Detect 0.75 Mirimum Non-Detect 068
Madmum Detect 5.25 Madmum Non-Detect D68
Vanance Detected 5732 Percent Mon-Detects 3333%
Mean Detected 2341 SO Detected 312
Mean of Detected Logged Data 0634 5D of Detected Logged Data 0.978

Crtical Values for Background Threshold Values (BTVs)
Tolerance Factor K {For UTL) 2736 d2max for USL) 2285

Nomal GOF Test on Detects Only

Shapiro Wilk Test Statistic 0.765 Shapiro Wilk GOF Test
5% Shapiro Wilk: Critical Value 0.818 Data Mot Momal at 5% Significance Level
Liliefors Test Statistic 0.256 Lilliefors GOF Test
5% Liliefors Critical Value 0.313 Detected Data appear Mormal at 5% Significance Level

Detected Data appear Approximate Normal at 5% Significance Level
Kaplan Meier (KM) Backoground Statistics Assuming Normal Distribution

Mean 2188 SD 261
55% UTLS5% Coverage 5.329 S5% KM UPL &) 7067
55% KM UPL for Next 2 Observations B.167 55% KM UPL for Mean of Next 2 Observations h768
55% KM Chebyshev UPL = 14.03 50% KM Percertile {z) 5533

55% KM Percentile (z) 6481 55% KM Percertile (z) 2326
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Output Screenfor BTV Estimates Computed Using d.ognormal Distribution of Detected Data
(Left-Censored Data Sewith NDs)

Lognommal Background Statistics for Data Sets with Non-Detects
User Selected Options
From File  TCE-MDs-Blanks-data-BTVs-UCLchaps102ds
Full Precision  OFF
Confidence Coefficient  95%
Coverage  95%
Different or Future K Observations 2
Mumber of Bootstrap Operations 2000

TCE

Tatal Number of Observations 12 MNumber of Distinct Observations ]
MNumber of Missing Observations 2
MNumber of Detects 8 Number of Non-Detects 4
Mumber of Distinct Detects 8 Number of Distinct Non-Detects 1
Minimum Detect 0.75 Minimum Non-Detect 0.63
Maximum Detect 9.29 Maximum Non-Detect D63
Varance Detected 9.732 Percent Non-Detects 3333%
Mean Detected 2941 SD Detected 312
Mean of Detected Logged Data 0.634 SD of Detected Logged Data 0.578

Critical Values for Background Threshold Values (BTVz)
Tolerance Factor K (For UTL) 2736 d2max for LUSL) 2285

Lognommal GOF Test on Detected Observations Only

Shapiro Willkc Test Statistic 0.865 Shapiro Wilk GOF Test
5% Shapiro Wilk Critical Value 0.818 Detected Data appear Lognomal at 5% Significance Level
Liliefors Test Statistic 0.258 Lilliefors GOF Test
5% Lilliefors Crtical Value 0.313 Detected Data appear Lognomal at 5% Significance Level

Detected Data appear Lognommal at 5% Significance Level
Kaplan Meier (KM) Background Statistice Assuming Mormal Distribution

Mean 2188 5D 261
95% UTLS5% Coverage 5.329 55% KM UPL &) 7.067
95% KM UPL for Next 2 Observations 8167 95% KM UPL for Mean of Mext 2 Observations 5768
95% KM Chebyshev UPL = 14.03 50% KM Percentile (z) 5.533

95% KM Percertile (z) 6481 55% KM Percertile (z) 826

95% KM LUSL 8.152

Background Lognomal ROS Statistics Assuming Lognormal Distribution Using Imputed Non-Detects

Mean in Original Scale 2018 Mzanin Log Scale = 0.214
S0 in Original Scale 2838 SDin Log Scale 1512
95% UTLS5% Coverage 50.54 95% BCA UTLS5Y Coverage 529
95% Bootstrap (%) UTL95% Coverage 5.29 95% UPL &) 13.63
95% UPL for Next 2 Observations 2578 95% UPL for Mean of 2 Observations 6424
50% Percentile {z) 5.606 55% Percentile (z) 571
99% Percentile z)  27.2 95% USL 2555

Statistics using KM estimates on Logged Data and Assuming Lognormal Distribution

KM Mean of Logged Data 0294 55% KM UTL (Lognomal)35%: Coverage 1525
KM SD of Logged Data D.288 55% KM UPL {Lognomal) 7.06
95% KM Percertile Lognomal {z) B.784 95% KM USL (Lognomal) 10.21
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10.2.2 Gamma Distribution

1. Click Upper Limits/BTVs 3 With NDs 3 Gamma

Upper Limits/BTVs | UCLs/EPCs  Windows  Help

Full {w/o NDs] ¢ 7 2 ] 10 11 12 13
. With NDs b Normal
| Gamma
Legnormal

Mon-Parametric
All

2. The Select Variablesscreen(Chapter 3) will appear.
71 Select avariable(s)rom theSelect Variablesscreen.

1 If needed, select a group variable by clicking the arrow belo@&hectGroup Column
(Optional) to obtain a drojglownlist of variables, and select a proper group variable.

1 When theOption button is clicked, the following window will be shown.

Confidence Level
Coverage

Different or Future K Observations

| oK |

o Specify theConfidence Leve] a number in the intervgD.5, 1), 0.5 inclusive. The
default choice i9.95

o Specify theCoveragelevel, a number in the interval (0.0, 1). Default choic8.g5.
o Click on theOK button to continue or on thi@ancelbutton to cancel option.

f Click onOK to continue or oi€ancelbutton to cancel thEpper Limits/BTVs options
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Example 10-3b (continued). It is noted that the detected TCEta considered in Exampl®-3 also
follows a gamma distribution. The gamma distribution baggerlimits are summarized as follows.

TCE - Output Screenfor BTV Estimates Computed Using Gammaistribution of Detected Data
(Left-Censored Data Sewith NDs)

Gamma Background Statistics for Data Sets with Non-Detects

User Selected Options
From Fle ~ TCE-MDs-Blanks-data-BTVs-UCL<chaps10xds
Full Precision  OFF
Confidence Coefficient ~ 95%
Coverage  95%

TCE

General Statistics
Total Number of Observations 12
Mumber of Missing Observations 2
Number of Detects 8
Number of Distinct Detects 8

Number of Distinct Observations 9

Number of Non-Detects 4
Number of Distinct Non-Detects 1

Minimum Detect D75 Minimum Mon-Detect 068
Mezdmum Detect 923 Mezdmum Non-Detect 0.68
Variance Detected 9732 Percent Non-Detects  33.33%
Mean Detected 2541 5D Detected 312
Mean of Detected Logged Data 0634 5D of Detected Logged Data 0578
Critical Values for Background Threshold Values (BTVs)
Tolerance Factor K (For UTL) 2736 d2max for USL) 2285

Gamma GOF Tests on Detected Observations Only

A-D Test Statistic D624 Anderson-Darling GOF Test

5% A-D Critical Value 0.732 Detected data appear Gamma Distributed at 5% Significance Level
K-S Test Statistic 0.274 Kolmogrov-Smimoff GOF

5% K-5 Critical Value 03 Detected data appear Gamma Distibuted &t 5% Significance Level

Detected data appear Gamma Distributed at 5% Significance Level
Gamma Statistics on Detected Data Only

k hat (MLE} 1.265 k star {bias comected MLE) 0.874
Theta hat (MLE)} 2326 Theta star {bias comected MLE) 3.366
nu hat (MLE) 2023 nu star (bias comected) 13.98
MLE Mean ibias comected) 2541
MLE Sd {ias comected) 31147 95% Percentile of Chisquare (2k) 5492
Gamma ROS Statistics using Imputed Non-Detects
GROS may not be used when data set has > 50% NDs with mary tied observations at multiple DLs
GROS may not be used when kstar of detected data is small such as < 0.1
For such situations, GROS method tends to vield inflated values of UCLs and BTVs
For gamma distributed detected data, BTVs and UCLs may be computed using gamma distribution on KM estimates
Minimum 0.01 Mean 1564
Mapimum 529 Median 0.845
SD 2877 o) 1465
k hat (MLE) 0.372 k star (bias comected MLE) 0.335
Theta hat (MLE) 5.274 Theta star {bias comected MLE) 5.865
nu hat (MLE) 8938 nu star (bias comected) 8037
MLE Mean ibias comected) 1.964 MLE Sd (bias comected) 3354
95% Percentile of Chisquare (2k) 2.956 90% Percertile 5.709
55% Percentile 2668 99% Percentile 16.26
The following statistics are computed using Gamma ROS Statistics on Imputed Data
Upper Limits using Wilson Hilferty (WH) and Hawkins Wixey (HW) Methods
WH HW WH HW
55% Approx. Gamma UTL with 95% Coverage 1962 2718 55% Approx. Gamma UPL 5.793 1166
55% Gamma USL 1395 17.89 95% UPLfor Next 2 Observations  14.01 18
The following statistics are computed using gamma distribution and KM estimates
Upper Limits using Wilson Hilferty (WH) and Hawkins Wixey (HW) Methods
k hat (KM) 0.702 nuhat (KM)  16.86
WH HW WH HW
5% Approx. Gamma UTL with 95% Coverage  11.34 1185 55% Approx. Gamma UPL 6.88 6.896
5% Gamma USL 8.836 5.063
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Kaplan Meier (KM) isti ing Normal Distributi
Mean 2188 5D 261
95% UTL95% Coverage 9.329 95% KM UPL #) 7.067
55% KM UPL for Next 2 Observations 8.167 55% KM UPLfor Mean of Mext 2 Observations 5768
95% KM Chebyshev UPL  14.03 50% KM Percentile {z) 5533
95% KM Percertile {z) 6.481 55° KM Percentile {z) 826
95% KM USL 8.152

The detected data set does not follow a normal distribution based upoh\titesg but follows a normal
distribution based upon the Lilliefors test. Since the detected data set is of sm&iH83jze normal

GOF conclusion is suspect. The detected data follow a gamma distriblltiere are several NDs
reported with a low detection limit of 0.68, therefore, GROS method may yield infeasible negative
imputed values. Therefore, the use of a gardisaibution on KM estimates is preferred to compute the
various BTV estimates. The gamma KM UTL95 (HW) =11.34, and gamma KM UTLZ% (WH) =

11.95. Any one of these two limits can be used to estimate the BTV.

10.2.3 Nonparametric Methods (with NDs)

1. Click Upper Limits/BTVs3 With NDs 3 Non-Parametric

Upper Limits/BTVs | UCLs/EPCs  Windows  Help

Full (w/o NDs) 4 7 8 9 10 1 12 i
| With NDs 3 Maormal
Gamma
Legnormal

| MNaon-Parametric
All

2. The Select Variablesscreen(Chapter 3) will appear.
f Select a variabls) from theSelect Variablesscreen.

1 If needed, select a group variable by clicking the arrow belov@éhectGroup Column
(Optional) to obtain a droglownlist of variables, and select a proper group variable.

1 When theOption button is clicked, the following window will be shown.

Confidence Level

Coverage

Different or Future K Observations
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o Specify theConfidence Leve] a number in the intervdD.5, 1), 0.5 inclusive. The
default cloice is0.95

o Specify theCoveragelevel; a number in interval (0.0, 1). Default choicé.i5.
o Click on theOK button to continue or on ti@ancelbutton to cancel the option.
T Click onOK to continue or oi€ancelbutton to cancel thepper Limit/BTVs option.

Example 10-3c (continued). The nonparasmiric upper limitsbased thd CE data considered in Example
10-3 are summarizeith the following table.

TCE - Output Screenfor Nonparametric BTV Estimates
(Left-Censored Data Setvith NDs)

TCE

General Statistics
Total Number of Observations 12
Mumber of Migsing Observations 2
Number of Detects 8
Number of Distinct Detects ]
Minimum Detect 0.75
Mapdmum Detect 529

Number of Distinct Observations 9

Number of Non-Detects 4
Number of Distinct Non-Detects 1
Minimum Non-Detect 0.68
Mapdmum Non-Detect 0.68

Variance Detected 5.732 Percent Non-Detects 33.33%
Mean Detected 254 SD Detected 312
Mean of Detected Logged Data 0.634 5D of Detected Logged Data 0.978
Critical Values for Background Threshold Values (BTVs)
Tolerance Factor K {For UTL) 2736 d2max ffor USL) 2285
Nonparametric Distribution Free Background Statistics
Data appear to follow a Discemible Distribution at 5% Significance Level
Kaplan Meier (KM) Background Statistics Assuming Normal Distribution
Mean 2188 5D 261
5% UTLS5% Coverage 5325 5% KM LPL ) 7.067
95% KM Chebyshev UPL  14.03 50% KM Percentile {z) 5.533
95% KM Percertile {z) 6.481 59% KM Percentile {z) 8.26
95% KM USL 8.152
Nonparametric Uppper Limits for BTVs{no distinction made between detects and nondetects)
Order of Statistic, r 12 95% UTL with95% Coverage 9.29
Approximate f 0.632 Confidence Coefficient (CC) achieved by UTL 046
55% UPL 529 95% USL 9.29
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10.2.4 All Statistics Option

1. Click Upper Limits/BTVs 3 With NDs 3 All

Upper Limits/BTVs | UCLs/EPCs  Windows  Help

Full {w/o NDs) r 7 g 5 10 11 12 13
| with NDs 3 Normal
Gamma
Legnormal

Mon-Parametric

| All |

2. The Select Variablesscreen(Chapter 3) will appear.
71 Select a variablg) from theSelect Variablesscreen.

1 If needed, select a group variable by clicking the arrow belovgéhectGroup Column
(Optional) to obtain a drolownlist of variables, and select a proper group variable.

1 When theOption button is clicked, the following window will be shown.

Confidence Level 0.95

Coverage 0.95

Different or Future K Observations 1

Number of Bootstrap Operations 2000

oK | | Cancel

o Specify theConfidence Leve] a number in the interv@0.5, 1), 0.5 inclusiveThe
default choice i9.95

o Specifythe Coveragelevel; a number in the interval (0.0, Default choice i9.%.
o Specify theFuture K. The default choice i$.
o Click on theOK button to continue or on thi@ancelbutton to cancel the option.

1 Click onOK to continue or oi€ancelbutton to canel theUpper Limits/BTVs option
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Example 10-3d (continued). BTV estimates using thall option for theTCE dataare summarizedas
follows. The detected data set is of small size8) andfollows a gamma distribution. The gamma GOF
Q-Q plot based upodetected data is shown in the following figur&éhe relevant statistics have been
high-lighted in the output tablprovided aftethe gamma GOF @ plot.

Gamma Q-Q Plot (Statistics using Detected Data) for TCE
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TCE - Output Screenfor All BTV Estimates (Left-Censored Data Setvith NDs)

TCE

General Statistics

Total Number of Obsarvations ™ 12 Number of Missing Cbservations ™ 2
Number of Distinct Observations” 9 r r
Number of Detects” & Number of Non-Detects” 4
Number of Distinct Detects” 8 Number of Distinct Non-Detects”™ 1
Mirimum Detect ™ 0.75 Mirimum Non-Detect ™ 0.68
Maximum Detect ™ 9.29 Maximum Non-Detect ™ 0.68
Variance Detected”  9.732 Percent Non-Detects ™ 33.33%
Mean Detected " 2.941 SD Detected” 312
Mean of Detected Logged Data”™  0.634 SD of Detected Logged Data”™  0.578

Critical Values for Background Threshold Values (BTVs)
Tolerance Factor K (For UTL)T 2736 d2max for USL)T 2285

Nomal GOF Test on Detects Only

Shapiro Wik Test Statistic”  0.765 Shapiro Wilk GOF Test
5% Shapiro Wik Critical Value ™ 0.818 Data Mot Normal at 5% Significance Level
Lilliefors Test Statistic ™ 0.256 Lilliefors GOF Test
5% Lilliefors Critical Value ™ 0.313 Detected Data appear Nomal at 5% Significance Level

Detected Data appear Approximate Normal at 5% Significance Level

Kaplan Meier (KM) Background Statistics Assuming Mormal Distribution

Mean” 2.188 so” 261
95% UTL95% Coverage”  9.329 95% KM UPL &))"  7.067
95% KM Chebyshev UPL"  14.03 90% KM Percentile ()7 5533
95% KM Percertile (z) 7 6.481 99% KM Percertile (z)”7 826
95%LKMUSLT 8152 7 r
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Gamma GOF Tests on Detected Observations Only

A-D Test Statistic”  0.624 Anderson-Darling GOF Test

5% A-D Critical Value ™ 0.732 Detected data appear Gamma Distributed at 5% Significance Level
K-5 Test Statistic ™ 0.274 Kolmogrov-Smimeff GOF

5% K-5 Critical Value ™ 0.3 Detected data appear Gamma Distributed at 5% Significance Level

Detected data appear Gamma Distributed at 5% Significance Level

Gamma Statistics on Detected Data Only

k hat (MLE)" 1265 k star (bias comected MLE)”  0.874
Theta hat (MLE)™  2.326 Theta star (bias comected MLE)”  3.366
nu hat (MLE)™  20.23 nu star (bias comected)”  13.98
MLE Mean (bias comected)” 25941 7
MLE 5d (bias comected) ™ 3.147 95% Percertile of Chisquare (2k)”  5.492

The following statistics are computed using Gamma ROS Statistics on Imputed Data
Upper Limits using Wilson Hiferty (WH) and Hawkins Widey (HW) Methods

r WH HW B WH HW
95% Approo. Gamma UTL with 95% Coverage ™ 1962 7 2719 95% Approx. Gamma UPLT 9793 7 11866
95% Gamma USL" 1395 7 1783 7 r r

The following statistics are computed using gamma distribution and KM estimates
Upper Limits using Wilson Hiferty (WH) and Hawkins Widey (HW) Methods

k hat (KM)©  0.702 nuhat (KM)"  16.86
r WH HW & WH HW
95% Approx. Gamma UTL with 95% Coverage ™ 1134 7 1195 95% Approx. Gamma UPL™ 688 " 609
95% Gamma USL” 8836 7 9063 T r r

Lognommal GOF Test on Detected Observations Only

Shapiro Wilk Test Statistic ™ 0.865 Shapire Wilk GOF Test
% Shapiro Wilk Critical Value ™ 0.818 Detected Data appear Lognomal at 5% Significance Level
Lilifors Test Statistic ™ 0.258 Lilliefors GOF Test
5% Liliefors Critical Value ™ 0.313 Detected Data appear Lognomal at 5% Significance Level

Detected Data appear Lognommal at 5% Significance Level

Background Lognomal ROS Statigtics Assuming Lognomal Distribution Using Imputed Non-Detects

Mean in Original Scale ™ 2.018 Mean in Log Scale” -0.214

5D in Original Scale ™ 2.838 SDin Log Scale” 1512
95% UTL95% Coverage " 50.54 95% BCA UTL95% Coverage”  9.29

95% Bootstrap (%) UTL95% Coverage ™ 9.29 95% UPL &)™ 1363
90% Percentile ()7 5.606 95% Percentile ()7 9.71

99% Percentile (z)7 272 95% USL" 2555

Statistics using KM estimates on Logged Data and Assuming Lognomal Distribution

KM Mean of Logged Data ™ 0.234 95% KM UTL {Lognomal)85% Coverage ©  15.25
KM SD of Logged Data ™ 0.288 95% KM UPL (Lognomal) ™ 7.06
5% KM Percentile Lognomal (z)”  5.784 55% KM USL {Lognommal)”™  10.21
Nonparametric Uppper Limits for BTVs(no distinction made between detects and nondetects)
Order of Statistic, r 12 55% UTL with95% Coverage 529
Approximate f 0632 Confidence Coefficient {CC) achieved by UTL 046
55% UPL 529 55% USL 529

Note: Eventhough the data séiled the ShapirdVilk test of normality baseduponLilliefors testit was
concluded that the data set follows a normal distribution. Therefore instead of saying that the data set does
not follow a normal distribution, ProUCL outputkat the data set follows an approximate normal
distribution. In practice the two tests can lead to different conclusesp&cially when the data set is of

small size In suchinstancesit is suggested thahe useisupplements test results wignaphial displays

to derive the final conclusion.
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As noted, detected data follow a gamma as well as a lognormal distribitienvarious upper limits
using GammaROS and LognormalROS methods and Gamma and Lognormistribution on KM
estimates are summarizad follows.

Summary of Upper Limits Computed using Gamma and Lognormal Distribution of Detected Data
Sample Size = 12, No. of NDs = 4, % NDs = 33,38ax Detect = 9.29

Gamma Distribution Lognormal Distribution
Reference/ Reference/
Upper Limits Result Method of Calculation Result Method of Calculation
Mean (KM) 2.188 -- 0.29 Logged
Mean (ROS) 1.964 -- 2.018 -
UPL95 (ROS) 9.79 WH- ProUCL(ROS) 1363 | Helsel (ZOLlnggPA (2009)
UTL95-95 (ROS) 19.62 WH- ProUCL(ROS) 50.54 | Helsel (ZOLlFfZJ’SEPA (2009)
UPLO5 (KM) 6.88 WH - ProUCL (KM- 7.06 | KM-Lognormal EPA (2009)
Gamma)
UTL95-95 (KM) 11.34 WH - ProUCL (KM- 15.25 | KM- Lognormal EPA(2009)
Gamma)

The statistics summarizembovedemonstrate the merits of using the gamma distribution based upper
limits to estimate decision parametdBTVs) of interest. These results summarizedhe above tables

suggest that the use of a gamma distribution cannot be dismissed just because it is easier to use a
lognormal distribution to model skewed data sets.
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Chapter 11

Computing Upper Confidence Limits (UCLs) of Mean Based Upon
Full-Uncensored Data Sets and Left-Censored Data Sets with

Nondetects

Several parametric and nonparametric UCL methodsfulbruncensored and lefiensoreddata sets
consisting oD obsewations with multiple detection limits (DLgye available irProUQ. 5.0. Methods

such as the KaplaMeier (KM) and regression on order statistics (ROS) methods incorporated in
ProUQL can handle multiple detection limits. For details regarding ¢fo®dnes-of-fit testsand UCL
computationmethods available in ProlC consult he ProUQ 5.0 Technical GuideSingh, Singh, and
Engelhardt, 1997; Singh, Singh, and laci (20@2d Singh, Maichle, and Lee (USEPA, 2006).

In ProUQ. 5.0, two choices are available compute UCL statistics:

il

f
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Full (w/o NDs) Computes UCLs for fullncensoredata sets without any nondetect

With NDs. Computes UCLs for data satsnsisting oND observations with multiple DLs or
reporting limits (RLS).

For full data sets withouNDs and also for data sets with NDs, the following options and
choices are available to compute UCLs of the population mean.

[o]

The user specifiea confidence level; a number in the interf@l5, 1), 0.5 inclusive. The
default choice is 0.95.

The progran computes several nonparametric UCLs using @hd&, adjustedCLT,
Chebyshev inequality, jackknife, and bootstragampling methods.

For the bootstrap method, the user can select the number of bootstrap samples).
The default choice for the numbof bootstrap runs is 2000.

The user is responsible for selecting an appropriate choice for the data distribution:
normal, gamma, lognormal, or nonparametric. It is desirable that user determines data
distribution using the Goodnes$-Fit test optionprior to using the UCL option. The

UCL output sheetilsoinforms the user if data are normal, gamma, lognormal, or a non
discernibledistribution. Program computes statistics depending on the user selection.

For data sets, which are not normal, one mayhte gamma UCL next. The program will
offer you advice if you chose the wrong UCL option.

For data sets, which are neither normal nor gamma, one may try the lognormal UCL.
The program will offer you advice if you chose the wrong UCL option.



o Data setghat are not normal, gamma, or lognormal are classified as distritgi®n
nonparametric data sets. The user may use nonparametric UCL option for such data sets.
The program will offer you advice if you chose the wrong UCL option.

o The program also prodés theAll option. By selecting this optio®roUCL outputs most
of the relevantUCLs available in ProUCL.The program informs the user about the
distribution of the underlying data set, and offers advice regarding the use of an
appropriate UCL.

For logrormal data sets, ProUCL can computé&d®®5% 97.5%, and 99%. and 6 s
statistic based HUCL of the mean. For all other methods, ProUCL can compute a UCL
for any confidence coefficiefCC) in the interval(0.5 1.0, 0.5 inclusive. If you have
selected aidtribution, then ProUCL will provide a recommended UCL method for 0.95,
confidence level. Even though ProUCL can compute UCLs fany confidence
coefficiert level in the interval(0.5, 1.0),the recommendations are provided only for
95% UCL,; as EPC ternsiestimated by a 95% UCL of the mean.

Notes:Like all othermethods it is recommended that the user identify a few low probakitioming

from extreme tailsputlying observations that may be present in the data set. Outliers distort statistics of
interest including summary statistics, data dlsttions, test statistics, UCLs aBI'Vs. Decisions based

upon distorted statistics may be misleading and incorrect. The objective is to calapistenstatistics

based upon the majority of the data set repriéisg themain dominant population. The project team
should decide about the disposition (to include or not to include) of outliers before computing gstimate
the EPC terms and BTV3o0 determinghe influence of outliers on UCLs and background statisties
project team may want to compute statistigge: onceusingthe data set with outliersandonce using

the data sewithout outliers.

Note on Computing Lower Confidence Limits (LCLs) of Me#m:several environmental applications,
one needs to cgmute a LCL of thepopulationmean. At present, ProUCL does not directly compute
LCLs of mean. Itshould be pointed out that for data sets with and without nondetects, except for the
bootstrap methods, gamma distributi@ng., samples of sizes <5@nd Hstatistic based LCL of mean,

the same critical value (e.g., normal z value, Chebyshev critical valuegritical value)are used to
compute a LCL of mean as used in the computation of the UCL of. i8paunifically, to compute a LCL,

the '+' sign usecdhithe computation of the corresponding UCL needs to be replaced bysilga in the
equation used to compute that UCL (excluding gamma, lognorrsthtistic, and bootstrap methods).

For specific details, the user may want to consult a statistician.d&@r setswithout nondetect
observations, the user may want to use the Scout 2008 software package (EPA 2009c) to directly compute
the various parametric and nonparametric LCLs of mean.
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11.1 UCLs for Full (w/o NDs) Data Sets
11.1.12 Normal Distribution (Full Data Sets without NDs)
1. Click UCLs/EPCs3 Full (w/o NDs)3 Normal

s ISMSimulator  Graphs  Statistical Tests  Upper Limits/BTVs | UCLs/EPCs | Windows  Help
0 1 2 3 4 5 | Full (wio NDs)  » | Normal 12 13
TCE D_TCE With NDs » Gamma
081 ! Lognormal |
088 0 Non-Parametric
068 0
0% 3 All
068 0
o
o
068 o
929 1
19 1
088 1
238 1
075 1
597 1
2. The Select Variablesscreen(Chapter 3) will appear.

1 Select avariable(s)rom theSelect Variablesscreen.

1 If needed, select a group variable by clicking the arrow bele@¢tectGroup Column
(Optional) to obtain a drogdown list of available variable® select a group variable.

Available Variables Selected Variables
Name D == MName o
TCE )]
< >
Select Group Column (Optional)
< > |optiens | OK | | Cancel |

1 When theOption button is clicked, the following window will be shown.

Confidence Level

. OK | | Cancel |
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o Specify theConfidence Leve] a number in the intervé.5, 1),0.5 inclusive. The
default choice i9.95

o Click onOK button to continue or o@ancelbutton to cancel the option.

1 Click onOK to continue or oi€ancelto cancel the UCL computation option.

Example 11-1. Consider the real data set consisting of catre¢gions of several metals collected from a
Superfund site; vanadium concentrations follow a normal distribution. The normal distribution based 95%
UCLs of mean are summarized in the following table.

Vanadium - Output Screen for Normal Distribution (Full Data w/o NDs)

Nommal UCL Statistics for Uncensored Full Data Sets

User Selected Options
Date/Time of Computation  3/25/2013 3:53.05 PM
From File  SuperFundxds
Full Precision ~ OFF
Confidence Coefficient ~ 55%

General Statistics

Total Number of Observations 20 Number of Distinct Observations 7
MNumber of Missing Observations 0
Mirimurm 72 Mean 17.34
Mapdmum 32 Median 165
5D 8075 5D of logged Data 0492
Coefficient of Variation 0.466 Skewness 0429

Normal GOF Test

Shapiro Wilke Test Statistic 0925 Shapire Wilk GOF Test
5% Shapiro Wilk Critical Value 0.905 Data appear Momal at 5% Significance Level
Lilliefors Test Statistic 0.146 Lilliefors GOF Test
5% Liliefors Critical Value 0158 Data appear Momal at 5% Significance Level

Data appear Normal at 5% Significance Level
Assuming Normal Distribution
95% Normal UCL 95% UCLs {Adjusted for Skewness)
95% Student'st UCL 2046 5% AdjustedCLT UCL (Chen-1395) 2049
95% Modifiedt UCL (Johnson-1978) 2049

Suggested UCL to Use
95% Student'st UCL 2046

11.1.2 Gamma, Lognormal, Nonparametric, All Statistics Option (Full Data without NDs)

1. Click UCLs/EPCs3 Full (w/o NDs)3 Gamma, Lognormal, NonParametric, or All

Upper Limits/BTVs | UCLs/EPCs | Windows  Help

: 5 | FullwoNDs) b | Normal 12 13
With NDs 4 Gamma
Lognormal

Man-Parametric
All
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2. The Select Variablesscreen(Chapter 3) will appear.
1 Select avariable(s)Yrom theSelect Variablesscreen.
T If needed, select a group variable by clicking the arrow belo@étectGroup Column
(Optional) to obtain a drogdown list of available variables, and select a proper group

variable.

1 When theOption button is clicked, the following window will be shown.

Confidence Level

Number of Bootstrap Operations 2000

OK

Cancel

o Specify theConfidence Leve] a number in the intervg0.5, 1), 0.5 inlusive.

o Specify theNumber of Bootstrap Operations (runs) Default choice i2000

o Click onOK button to continue or o@ancd button to cancel the UCLs option.

1 Click onOK to continue or oi€ancelto cancel the selected UCL computation option.

Example 11-2: This skewed data sedf size n=25 with mearr44.09 was used in Chapter 2 of the
Technical Guide. The dafallows a lognormabnda gamma distribution. The datae 0.3489, 0.8526,
2.5445, 2.5602, 3.3706, 4.8911, 5.0930, 5.6408, 7.0407, 14.1515608, 17.6214, 18.7690, 23.6804,
25.0461, 31.7720, 60.7066, 67.0926, 72.6243, 78.8357, 80.0867, 113.0230, 117.0360, 1648302,

169.8303 UCLs based upofsamma, Lognormal, Non-parametric, andAll optionsare summarizeah
the following tables.
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Output Screen for Gamma Distribution Based UCLs(Full (w/o NDs)

X

General Statistics

Total Mumber of Observations 25 MNumber of Distinct Observations 25
Mumber of Missing Observations 1]
Mirimum 0.343 Mean 4409
Madmum 1658 Median 1877
5D 5134 5D of logged Data 168
Coefficient of Variation 1.164 Skewness 1.234

Gamma GOF Test

A-D Test Statistic 0.374 Anderson-Darling Gamma GOF Test

5% A-D Critical Value 0.794 Data appear Gamma Distrbuted at 5% Significance Level
K-5 Test Statistic 0.113 Kolmogrov-Smimoff Gamma GOF Test

5% K-S Critical Value 0.183 Data appear Gamma Distrbuted at 5% Significance Level

Data appear Gamma Distributed at 5% Significance Level

Gamma Statistics

k hat (MLE) 0643 k star (hias comected MLE) 0592

Theta hat {MLE)} 6258 Theta star (bias comected MLE) 7442

nu hat {MLE) 3215 nu star (bias comected) 2562

MLE Mean (bias comected) 4409 MLE 5d (bias comected) 57.28
Approximate Chi Square Value (0.05) 182

Adjusted Level of Significance 0.0395 Adjusted Chi Square Value 17.55

Assuming Gamma Distribution
357% Approximate Gamma UCL {use when n==50) 7 35% Adjusted Gamma UCL {use when n<50) J437

Suggested UCL to Use
95% Adjusted Gamma LUCL 7427
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Output Screen for Lognormal Distribution Based UCLs(Full (w/o NDs)

General Statistics
Total Number of Observations 25 Number of Distinct Observations

Mumber of Missing Observations

Minimum 0.349 Mean
Madmum =~ 169.8 Median
sD 51.34 Std. Emor of Mean

Coefficient of Variation 1.764 Skewness

Lognomal GOF Test
Shapiro Wilk Test Statistic 0.948
% Shapiro Wilke Crtical Value D918

Shapiro Wilk Lognormal GOF Test
Data appear Lognomal at 5% Significance Level
Liliefors Test Statistic 0.13% Lilliefors Lognormal GOF Test
% Lilliefors Critical Value 0177 Data appear Lognomal at 5% Significance Level
Data appear Lognomal at 5% Significance Level

Lognomnal Statistics
Mimimum of Logged Data = -1.053
Maximum of Logged Data 5135

Mean of logged Data
SD of logged Data

Assuming Lognommal Distrbution
95 H-UCL 2292
55% Chebyshev (MVUE)UCL 1763
55% Chebyshev (MVUE) UCL 323

90% Chebyshev (MVUE) UCL
97 5% Chebyshev (MVUE) UCL

Suggested UCL to Use
Data appear Gamma, May want to try Gamma_Distribution

Output Screen for Nonparametric UCLs ¢ull (w/o NDs))

Nonparametric Distribution Free UCLs

5L CLTUCL 6058 55% Jackknife UCL
55% Standard Bootstrap UCL 60.44 55% Bootstrap4 UCL
55% Hall's Bootstrap UCL 62.14 95% Percentile Bootstrap UCL

95% BCA Bootstrap UCL = 6363
50%. Chebyshew(Mean, 5d) UCL 7489 55% Chebyshev({Mean, 5d) UCL
57 5% Chebyshev({Mean, 5d) UCL 1082 55% Chebyshev({Mean, 5d) UCL

Suggested UCL to Use
Data appear Gamma. May want to try Gamma_Distribution

25

4409
1877
10.27

1.234

2835
168

1406
2258

61.66
65
61.42

83.85
1463



Output Screen fa All Statistics Option (Full [w/o NDg)

General Statistics

Total Mumber of Observations 25 Mumber of Distinct Observations 25
Mumber of Missing Observations 0
Minimum 0.349 Mean 4409
Maximum ~ 169.2 Median 1877
SD 1.4 Std. Emor of Mean 1027
Coefficient of Variation 1.164 Shkewness 1.254
Mormal GOF Test
Shapiro Wilk Test Statistic 0.799 Shapiro Wilk GOF Test
% Shapiro Wilk Crtical Value 0.918 Data Mot Momal at 5% Significance Level
Liliefors Test Statistic 0.245 Lilliefors GOF Test
% Liliefors Critical Value 0177 Data Mot Momal at 5% Significance Lewvel
Data Mot Mormal at 5% Significance Level
Assuming Normal Distribution
95% Normal UCL 95% UCLs (Adjusted for Skewness)
55% Student’s4 UCL £1.66 55% Adjusted-CLT UCL (Chen-1555) 63.82
55% Modified+ UCL (Johnson-15978) 621
Gamma GOF Test
A-D Test Statistic 0.374 Anderson-Darling Gamma GOF Test
5% A-D Critical Value 0.754 Detected data appear Gamma Distributed at 5% Signficance Level
K-5 Test Statistic 0.113 Kolmogrov-Smimoff Gamma GOF Test
5% K-5 Critical Value 0.183 Detected data appear Gamma Distributed at 5% Signficance Level

Detected data appear Gamma Distributed at 5% Significance Level
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Gamma Statistics

k hat (MLE}) De43 k star (bias comected MLE) 0.592

Theta hat (MLE) £B 58 Theta star (bias comected MLE) 74.42

nu hat (MLE) 3215 nu star (bias comected) 2962

MLE Mean (bias comected) 4409 MLE 5d ibias comected) h7.28
Approcdmate Chi Square Value (0.05) 18.2

Adjusted Level of Significance 0.0355 Adjusted Chi Square Value 17.55

Assuming Gamma Distribution

55% Approximate Gamma UCL {use when nx=50) .7 55% Adjusted Gamma UCL fuse when n=50) 7427
Lognomal GOF Test
Shapiro Wilk Test Statistic D548 Shapine Wilk Lognormal GOF Test
h% Shapiro Wilk Critical Value 0.518 Diata appear Lognomal at 5% Signficance Level
Lilliefors Test Statistic 0135 Lilliefors Lognormal GOF Test
5% Lilliefors Critical Value 0177 Data appear Lognomal at 5% Signficance Level

Data appear Lognormal at 5% Significance Level

Lognomal Statistics
Minimum of Logged Data = -1.053 Mean of logged Data 2835
Manimum of Logged Data 5135 5D of logged Data 1.68

Assuming Lognommal Distribution
§5% H-UCL 2252 50% Chebyshev (MVUE) UCL | 1406
55% Chebyshev (MVUE) UCL = 176.3 57 5% Chebyshev (MVUE) UCL = 225.8
55% Chebyshev (MVUE) UCL = 323

Monparametric Distribution Free UCL Statistics
Data appear to follow a Discemible Distribution at 5% Significance Level

Nonparametric Distribution Free UCLs

85% CLT UCL 60.92 55% Jackknife UCL 6166
55% Standard Bootstrap UCL 60.45 55% Bootstrap+ UCL ED.83
55% Hall’s Bootstrap UCL £3.51 95% Percertile Bootstrap UCL £1.84
55% BCA Bootstrap UCL 64.96
50°% Chebyshew{Mean, S5d) UCL 7485 55% Chebyshev{Mean, Sd) UCL 2885
57 5% Chebyshev(Mean, Sd) UCL 1082 55% Chebyshev(Mean, Sd) UCL | 1463

Suggested UCL to Use
55% Adjusted Gamma UCL 427

Notes: Once again, thestatistics summarizedabove demonstrate the merits of usirthe gamma
distribution basedJCL of meanto estimateEPC terms. The use of a lognormal distribution tends to yield
unrealisic UCLs of no practical merit (e.g., Lognormal UCL = 22&r®d the maximum = 1698 the
aboveexample). Theesults summarizeih the above tablesuggest that the use of a gamma distribution
(when a data set follows a gamma distributicahnot be dismsised just because it is eadieelsel and
Gilroy, 2012)to use a lognormal distribution to model skewed data sets.

162



Number of valid samplesepresents the total number of samples mirusghé missing values (if any).
The number of unique or distinct saeg simply represents number of distinct observations. The
information about the number of distinaluesis useful when using bootstrap methods. Specifically, it is
not desirable to use bootstrap methods on data sets with only a few distinct values.

11.2 UCL for Left-Censored Data Sets with NDs
1. Click UCLs/EPCs3 With NDs

tatistical Tests ~ Upper Limits/BTVs | UCLs/EPCs | Windows Help

3 4 5 Full (w/o NDs) 4 ] 10 1 12 13
‘ With ND=s 3 | MNormal
Gamma
Legnormal
| Mon-Parametric

All
2. ChoosgheNormal, Gamma, Lognormal, NorrParametric, or All option.
3. The Select Variablesscreen(Chapter 3) will appear.

1 Select avariable(s)rom theSelect Variablesscreen.

1 If needed, select a group variable by clicking the arrelew theSelectGroup Column
(Optional) to obtain a drogdown list of available variables, and select a proper group
variable.Theselection of this option will compute the relevant statistics separately for
each group that may be present in the data set.

1 When theOption button is clicked, the following window will be shown.

Confidence Level

Number of Bootstrap Operations 2000

OK Cancel

o Specify theConfidence Leve] a number in the interv@0.5, 1), 0.5 inclusive. The
default choice i9.95

o Specify theNumber of Bootstrap Operations (runs) Default choice i2000
o Click onOK button to continue or o6ancelbutton to cancel the UCLs option.

1 Click onOK to continue or oi€ancelto cancel the selected UCL computation option.
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Example 11-3. This real data set of size=55 with 18.8% NDg=10) isalso used irChapters 4 and 5 of

the ProUCL Technical Guidghe minimum detected value is 5.2 and the largest detected value is 79000,
sdof detected logged data is 2.79 suggesting that the data set is highly skewed. The detected data follow a
gamma as well as a logmoal distribution It is noted that GROS data set with imputed values follows a
gamma distribution and LROS data set with imputed valuésa® a lognormal distribution (rels not
included). The lognormal QQ plot based upon detected data is shown infeHewing figure. The

various UCL output sheetmormal, nonparametric, gamma, and lognorgeterated by ProUCL are
summarizedn tables following thdognormal QQ plot on detected datdhe main results have been
high-lightedin the output screen praled after the lognormal GOFQ plot

ADL

os 0
Theoretical Quantiles {Standard Normal)

Lognormal Q-Q Plot (Statistics using Detected Data) for A-DL

ADL
Tokai Number of Deta = 55
Hunber cf WDz = 1D
MaxDL - 124
Neds
Feccert HDs = 18
Mezn = 7031
5d=2788
Slope = 2789
Imerceon = 7031
Conelabion, A = 0581
Liiios Test
Test Stgistc = 0134
CiitcalVake(005) = 0132
Dala Appeas Logromel
W it Fit Line

Output Screen for UCLs based uponNormal, Lognormal, and GammabDistribution s (of Detects)

General Statistics
Total Number of Observations ™ 55
Mumber of Detects ™ 45
Mumber of Distinct Detects ™ 45
Mirimum Detect ™ 5.2
Mapdmum Detect 79000
Variance Detects 3.954E+8
Mean Detects "10556
Median Detects " 1940
Skewness Detects” 2,632
Mean of Logged Detects ™ 7.031

Normal GOF Test on Detects Only

Shapiro Wilk Test Statistic ”  0.575
5% Shapiro Wilk Citical Valus ™ 0.945
Liliefors Test Statistic " 0.298

5% Lilliefors Critical Value ™ 0.132

Mumber of Distinct Observations ™ 53
Mumber of Non-Detects ™ 10
Mumber of Distinct Mon-Detects ™ 8
Minimum Mon-Detect ™ 3.8
Mapimum Mon-Detect ™ 124
Percent Non-Detects ™ 18.18%
SD Detects 19886
CVDetects”  1.884
Kurtosis Detects”  6.496
SD of Logged Detects ™  2.788

Shapiro Wilk GOF Test
Detected Data Mot Nomal at 5% Significance Level
Lilliefors GOF Test
Detected Data Mot Nomal at 5% Significance Level

Detected Data Mot Mormal at 5% Significance Level

Kaplan-Meier (KM) Statistics using Normal Critical Values and other Nonparametric UCLs

Mean " 8638

50718246

95% KM ) UCL 712802

95% KM (z) UCL"12731

50% KM Chebyshev UCL 716102
57 5% KM Chebyshev UCL 724176
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Standard Emor of Mean " 2488

95% KM (BCA) UCL 713562

5% KM (Percentile Bootstrap) UCL 713040
95% KM Bootstrap t UCL 715221

95% KM Chebyshev UCL 713483

99% KM Chebyshev UCL 733334



Gamma GOF Tests on Detected Observations Only

A-D Test Statistic”  0.591 Anderson-Darling GOF Test

5% A-D Critical Value ™ 0.86 Detected data appear Gamma Distributed at 5% Significance Level
K-S Test Statistic”  0.115 Kolmogrov-Smimoff GOF

5% K-5 Critical Value ™ 0.142 Detected data appear Gamma Distributed at 5% Signficance Level

Detected data appear Gamma Distributed at 5% Significance Level

Gamma Statistics on Detected Data Only

khat (MLE})™  0.307 k star (bias comected MLE)”  0.302
Theta hat (MLE) 734333 Theta star (bias comected MLE) 734580
nuhat (MLE}™ 27.67 nu star (bias comected)”  27.16
MLE Mean (bias corected) " 10556 MLE Sd (bias comected) 19216

Gamma Kaplan-Meier (KM) Statistics

khat (KM)”  D.224 nuhat (KM})” 2466
Approximate Chi Square Value (24 66, o) 1435 Adjusted Chi Square Value (2466, B)7  14.14
95% Gamma Approximate KM-UCL {use when n>=50) 714844 95% Gamma Adjusted KM-UCL {use when n<50) 15066
GROS Statistics using imputed NDs
Minimum 0,01 Mean ¥ 8637
Maxdmum "79000 Median " 528
S0 718415 cvl o 2132
khat (MLE)" 018 k star (bias comected MLE)™ 0123
Theta hat (MLE) T47915 Theta star (bias comected MLE) 747314
nu hat (MLE}®  19.83 nu star (bias comected) ™ 20.08
MLE Mean ({bias comected) " 8637 MLE Sd (bias comected) 720215
r r Adjusted Level of Signficance ()7 0.0456
Ppproximate Chi Square Value (20,08, o)™ 10,91 Adjusted Chi Square Value (20.08.B)" 1073
95% Gamma Approximate UCL (use when n==50) " 15896 5% Gamma Adjusted UCL (use when n<50) "16167

Lognomal GOF Test on Detected Observations Only

Shapiro Wilk Test Statistic ™ 0.939 Shapire Wilk GOF Test
5% Shapiro Wilkk Critical Value ™ 0.945 Detected Data Mot Lognomal at 5% Signficance Level
Lilifors Test Statistic ™ 0.104 Lilliefors GOF Test
5% Lilliefors Critical Value ™ 0,132 Detected Data appear Lognomal at 5% Significance Level

Detected Data appear Approximate Lognomal at 5% Significance Lewel

Lognomal ROS Statistics Using Imputed Non-Detects

Mean in Original Scale ™ 8638 Mean in Log Scale ™ 5.583

5D in Original Scale 718414 SDin Log Scale ™ 3.3%1
95%t UCL (assumes normality of ROS data) 712793 95% Percentile Bootstrap UCL 712050
95% BCA Bootstrap UCL 714069 95% Bootstrap t UCL 715524

r

95% H-UCL (Log ROS) 1855231 7

UCLs using Lognormal Distribution and KM Estimates when Detected data are Lognomally Distributed

KM Mean (ogged)”  6.03 95% H-UCL (KM -Log) "1173988
KM S0 Jogged)”™  3.286 85% Critical H Value (KM-Log)™ 5.7
KM Standard Emor of Mean (ogged)” 0445 7 r
I Suggested UCL to Use
5% KM (Chebyshev) UCL 719483 5% GROS Approximate Gamma UCL " 15896

r

95% Approximate Gamma KM-UCL"14844 7

Detected data follow a gamma as well as a lognormal distribution. The vapjpeslumits using Gamma
ROS and Lognormal ROS methods and Gamma and Lognormal distribution on KM estimates are
summarized in the following table.
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Upper Confidence Limits Computed using Gamma and Lognormal Distributiors of Detected Data
Sample Size= 55,No. of NDs=10, % NDs = 18.18%

Gamma Distribution Lognormal Distribution
Reference/ Reference/
Upper Limits Result Method of Calculation Result Method of Calculation
Min (detects) 5.2 -- 1.65 logged
Max (detects) 79000 -- 11.277 logged
Mean (KM) 8638 -- 6.3 logged
Mean (ROS) 8637 -- 8638 --

bootstragt on LROS
14863 ProUCL 5.0
UCL95 (ROS) 15896 ProUCL5.0-GROS . :
12918 percenite bootstrampn
LROS Helsel(2012)
H-UCL, KM meanand
UCL (KM) 14844 ProUCL5.0- KM-Gamma| 1173988 | sdon logged data, E®

(2009)

1 Theresultssummarized in the above tableiteratethat the use of a gamma distribution cannot be
dismissed just because it is easier to use a lognormal distribution to model skewed dathessts.
results also demonstrate that for skewetd dats, one shouldse bootstrap methods which adjust for
data skewness (e.g., bootstramethod)ather than using percentile bootstrap method
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Chapter 12

Sample Sizes Based Upon User Specified Data Quality Objectives
(DQOs) and Power Assessment

One of the most frequent problenn the application of statistical theory to practical applications
including environmental projects to determine theninimum number obamples needed foisampling

of reference/background areas and survey units @tentially impacted site areas, areas of concern,
decision units) to make cesffective and defensiblalecisionsabout the population parametdrased

upon thke sampleddiscretedata The ample size determination formulae for estimation of the population
mean (or some other parameters) depend upon certain decision parameters including the confidence
coefficient,(1-U) and the specified error margjdifference)qp f r om t he unknown true
W, Similarly, for hypotheses testing approaches,pdarsize determination formulae depend upon pre
specified values of the decision parameters selected dédleribingthe data quality objectives (DQOS)
associated with an environmental project. The decision parameters associated with hypotheses testing
approaches include Type | (false positive error reyeand Type |l (false negative error rabe1-power)

error rates; and the allowable widtipof the gray region. For values of the parameter of interest (e.g.,
mean, proportion) lying in the gray region, the consequences of committing the two typesr®f err
described above are not significant from both human health andféasiveness point of view.

Both parametric (assuming normality) and nonparametric (distribution free) sample size determination
formulae as described in guidance documesnts.,(MARSSIM 2000 EPA [2002c, 2006]) have been
incorporated irthe ProUQL software.Specifically, theDQOs Based Sample Sizemodule of ProUCL

can be used to determine sample sizes to estimate the mean, peafametric and nonparametric
singlesample andwo-sample hypothesis testand apply acceptance samplingpproaches to address
project needsf the various CERCLA and RCR#gite projects. The details can be found in Chapter 8 of
the ProUCL Technical Guidend in EPA guidance documents (EPA [2006a, B)06

New in ProUCL 5.0:The Sample size module in ProUCL 5.0 canubed attwo different stages of a

project. Most of the sample size formulae require some estimate of the population standard deviation
(variability). Depending upon the project stagstandard deviation: 1) represents a preliminary estimate

of the population (e.g., study area) variability needed to compute the minimum sample size during the
planning and design stage; or 2) represents the sample standard desdatipmied usinghe data
collected without considering DQOs process which is used to assess the power of the test based upon the
collected data. During the power assessment stage, if the computed sample size is larger than the size of
already collected data set, it can be irddrthat the size of the collected data set is not large enough to
achieve the desired power. The formulae to compute the sample sizes during the planning stage and after
performing a statistical test are the same except that the estimates of standationdewie
computed/estimated differently.

Planningstagebeforecollecting data: Sample size formulae are commonly used during the planning stage

of a project to determine the minimum sample sizes needed to address project objectives (estimation,
hypottesis testing) with specified values of the decision parameters (e.g., Type | and Il errors, width of
gray region). During the planning stage, since the data are not collected a priori, a preliminary rough
estimate of the population standard deviation @oekpected in sampled data) is obtained from other
similar sites, pilot studiesr expertopinions. An estimate of the expected standard deviation along with

the specified values of the other decision parameters are used to compute the minimum sasnple size
needed to address the project objectives during the sampling planning stage; the project team is expected
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to collect the number afamples thusbtained. The detailed discussion of the sample size determination
approaches during the planning stage cafobed in EPA [2006a] and MARSSIM [2000].

Power asessmentstage #er performing a datistical method: Often, in practice, environmental
samples/data sets are collected without taking the DQOs process into consideration. Under this scenario,
the projectteam performs statistical tests on the available already collected data set. However, once a
statistical test (e.g., WMW test) has been performed, the project team can assess the power associated
with the test in retrospect. That is for specified DQOs@axdsion errors (Type | error and power of the

test [=XType Il error]) and using the sample standard deviation computed based upon the already
collected data, the minimum sample size needed to perform the test for specified values of the decision
parameers is computed.

1 If the computed sample size obtained using the sample variance is less than the size of the already
collected data set used to perform the test, it may be determined that the power of the test has
been achieved. However, if the sample ©f the collected data is less than the minimum sample
size computed in retrospect, the user may want to collect additional samples to assure that the test
achieves the desired power.

9 It should be pointed out that there could be differences in thpleasizes computed in two
different stages due to the differences in the values of the estimated variability. Specifically, the
preliminary estimate of the variance computed using information from similar sites could be
significantly different from the véance computed using the available data already collected from
the study area under investigation which will yield different values of the sample size.

Sample size determination methods in ProUCL can be used for both stages. The only difference will be in
the input value of the standard deviation/variance. It is user's responsibility to input a correct value for
the standard deviation during the two stages.

o5l File Edit | Stats/Sample Sizes | Graphs  Statistical Tests  Upper Limits/BTVs ~ UCLs/EPCs  Windows  Help

Navigation A General Statistics 3 K] 4 5 6 7 8 9 10 11
Imputed NDs using ROS Methods  » jzs D_Site

Name

Waork Sheet xds | DQOs Based Sample Sizes 3 | Estimate Mean
T T -
Wel 10:ds e | Hypothesis Tests L4 Single Sample Tests  » | | t Test
Wit NDs s 2 ° : Acceptance Sampling Two Sample Tests 3 Proportion
ASHALL Taroups xds 2 7 17 P
Box Plot Full gst 5 12 20 1 1 Sign Test
gm‘ E:m :ZL'::—Z'QSt 6 15 25 1 1 Wilcoxon Signed Rank
ot .gst
ox Tt g 7 18 £ 1 1
8 1 1

21 35
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12.1 Estimation of Mean

1. Click Stats/Sample Sizeg§ DQOs Based 3% BstmpatedeaBi ze s

Al
acl File Edit | Stats/SampleSizes | Graphs  Statistical Tests  Upper Limits/BTVs  UCLs/EPCs  Windows Help
Mavigation H General Statistics 4 3 4 5 6 )
Name Imputed MDs using ROS Methods » ERaro D_Site
WorkShestsds || DQOs Based Sample Sizes y Estimate Mean
Well 10xds ' - - Hypothesis Tests »
WMW-with NDs xds 3 5 8 A :
cceptance Sampling
ASHALL 7groups xls 4 7 17
Box Plat Full.gst 5 12 20 1 1
2. The following options window is shown.

Confidence Level
Allowable Error Margin in Mean Eslimale

Estimate of Standard Deviation II'

| oK | | Cancel |

1 Specify theConfidence Coefficient Default is0.95

1 Specify theEstimate of standard deviation Default is3.

1 Specify theAllowable Error Margin in Mean Estimate . Default is10.

f Click onOK button to corihue or onCancelbutton to cancel the options.

Output Screen for Sample sizes foEstimation of Mean (CC = 95%,sd= 25, Bror Margin = 10)

¢ Sample Size for Estimation of Mean

17C

Based on 5pecified ¥ alues of Decision Parameters/D Q0 ¢ [Data 0 ually Obyectives)

Date/Time of Computation  2/26/20010 12:12:37 PM
ser Selected Options
Confidence Coefficient 95%
Allowsble Eror Margin - 10

Estimate of Standard Deviation 25

Apprawirate Mininum Sample Size

95% Confidence Coefficient; 26



12.2 Sample Sizes for Single-Sample Hypothesis Tests

12.2.1 Sample Size for Single-Sample t-Test

1.

Click DQOsBased Sample Size§ Hy pot h e s iSingleTSample §€5{3 t Test

ol File Edit | Stats/Sample Sizes | Graphs  Statistical Tests  Upper Limits/BTVs ~ UCLS/EPCs  Windows  Help
Navigation General Statistics 3 2 4 5 & 7 2 9 10 11

Name Imputed MDs using ROS Methods » tgro D_Site
WorkShest s | DQ0s Based Sample Sizes 3 | Estimate Mean
Wel 10 7 i ~ | Hypothesis Tests » [ SingleSample Tests  » tTest
WMW-nith NDs xds 3 s 8 Acceptance Sampling Two Sample Tests J Proportion
ASHALLTgroups xis a 7 17 P
Box Plot Full gst 5 12| 20 1 1 Sign Test
:: E:: ::u::_:.g: s 15 25 1 1 Wilcoxon Signed Rank

v 7 18 U 1 1

P 21 35 1 1

1 The following options window is shown.

False Rejechon Rate [Alpha]

) 0.005 [0.5%]
) 0.010 [1.0%]
) 0.025 [2.5%]
(® 0.050 [5.0%]
() 0.100 [10.%]
) 0.150 [15.%]

) 0200 [20.%]
) 0.250 [25.%]

Eztimate of Population SD

Preliminary Estimate (planning stage)

Sample 5D using collected data

fto assess power)

3

False Acceptance Rate [Beta]

) 0.005 [0.5%]
) 0.010 [1.0%]
) 0.025 [2.5%]
() 0.050 [5.0%]
(® 0.100 [10.%]
) 0.150 [15.%]
) 10200 [20.%]
) 0.250 [25.%]

Width of Gray Region [Delta]

1 Specify theFalse Rejection Rate (Alpha)Default is0.05

1 Specify theFalse Acceptance Rate (Betapefault isO.1

1 Specify theEstimate d standard deviation. Default is3.

1 Specify thewidth of the Gray Region (Delta) Default is2.

f Click onOK button to continue or o8ancelbutton to cancel the options.
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Output Screen for Sample Sizes for Single-Sample tTest (U= 0.06, b= 0.2,sd = 10.41,cp= 10
Example from EPA 2006 (page 49)

i Sample SizesforSingle Samplet Test
Based on Specified Yalues of Decision Parameters/D Q05 [D ata Qually Dbjectives)
Date/Time of Computation  2/26/2010 12:41:58 PM
User Selected Options

Falze Rejection Rate [alpha]  0.05
False Acceptance Rate [Beta] 0.2

“width of Gray Region [Delta] 10
Estimate of Standard Deviation  10.41

Appraximate Minimum Sample Size
Single Sided Alternative Hypothesis: ]
Two Sided Alternative Hypothesis: i

12.2.2 Sample Size for Single-Sample Proportion Test
1. Click DQOs Based Sample Size$ Hy p ot h e s i SingleTSampte §€%{3 Proportion

o-l File Edit | Stats/Sample Sizes | Graphs  Statistical Tests  Upper Limits/BTVs ~ UCLs/EPCs  Windows  Help
Mavigation H General Statistics > 3 4 5 ' 7 a 3 10 11

Name Imputed NDs using ROS Methods y [Ekaro D_Site
WorkSheet xs | DQOs Based Sample Sizes + | Estimate Mean
Well 10xds z N - | Hypothesis Tests » Single Sample Tests  » | t Test
DU DG 3 5 & Acceptance Sampling Two S le Test » 3
ASHALL groups s R 7 17 CEENANES | Proportion
Box Plot Full gst 5 12 20 1 1 Sign Test
K E::: E”::—:g: 5 15 a5 1 1 Wilcoxen Signed Rank
o 7 18 1 1 1
2. The following options window is shown.

False Rejection Rate [Alpha] False Acceptance Rate [Beta]

) 0.005 [0.5%]
) 0.010 [1.0%]
) 0.025 [2.5%]
® 0.050 [5.0%]
) 0.100 [10.%]
) 0.150 [15.%]

) 0.200 [20.%]
) 0.250 [25.%]

Desirable Proportion [PO]

Preliminary Estimate (planning stage)

Sample Proportion using collected data

{to assess power)
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) 0.005 [0.5%]
) 0.010 [1.0%]
) 0.025 [2.5%]
) 0.050 [5.0%]
® D100 [10.%]
) 0150 [15.%]
) D200 [20.%]
) 0250 [25.%]

Width of Gray Region [Delta]




1 Specify theFalse Réection Rate (Alpha). Default is0.05

1 Specify theFalse Acceptance Rate (Betapefault is0.1

1 Specify theDesirable Proportion (P0O) Default is0.3.

1 Specify theWidth of the Gray Region (Delta) Default is0.15

1 Click onOK button to continue or o8ancelbutton to cancel the options.

Output Screen for Sample Size for Single-Sample Proportion Test (U= 0.05,b = 0.2,P0= 0.2,p=
0.095 Example from EPA 200& (page 59)

Sample Sizes for Single S ample Proportion Test

Date/Time of Computation
User Selected Dptions

Fal:e Rejection A ate [&lpha)
False Acceptance Rate [Beta]
“Width of Gray Region [Delta]
Proportion/A.ction Level [PO]

Right Sided Altermative Hupothesis:
Left Sided Alternative Hypothesis:

Two Sided Alemative Hypothesis

Based on Specified ¥ alues of Decision Parameters /D0 0s [D ata Qualty Dhjectives)
2/26/2010 12:60:52 P

0ns
0z
005
0z

Approximate Minimum Sample Size
413
368

rmaw(471, 528]

12.2.3 Sample Size for Single-Sample Sign Test

1. Click DQOs Based Sample Sizeé§ Hy pot hesi s Test s 3 Sigmlgst e

acl File Edit | Stats/Sample Sizes | Graphs  Statistical Tests  Upper Limits/BTVs ~ UCLs/EPCs  Windows  Help

Navigation A General Statistics 3 K] 4 5 [ 7 8 9 10 1
Name Imputed MDs using ROS Methods  » ko D_Site
WorkSheet s | DQOs Based Sample Sizes 4 | Estimate Mean
Well 10xds 2 N N Hypothesis Tests » Single Sample Tests 3 | t Test
WMW-with NDs s 3 5 & Acceptance Sampling Two Sample Tests » Pro i
ASHALL 7groups s q 7 17 =
Box Plot Full gst 5 12 20 1 1 | Sign Test
Box Plot Full_a gst e 15 25 1 1 Wilcoxon Signed Rank
Box Plot Full_b.gst 5 18 u 1 1

173

Sampl e



2.

The following options window is shaw

il

f

False Rejection Rate [Alpha] False Acceptance Rate [Beta]

0.005 [0.5%] ) 0.005 [0.5%]
0.010 [1.0%] ) 0.010 [1.0%]
0.025 [2.5%] ) 0.025 [2.5%]
0.050 [5.0%] ) 0.050 [5.0%]
0.100 [10.%] ® 0.100 [10.%]
0.150 [15.%] ) 0.150 [15.%]
0.200 [20.%] ) 0.200 [20.%]
0.250 [25.%] ) 0.250 [25.%]

OO0

) () (@) o

0
)
)

Estimate of Population SD Width of Gray Region [Delta]

Preliminary Estimate (planning stage)
Sample SD using collected data

Specify theFalse Rejection Rate (Alpha)Default is0.05
Specify theFalse Acceptance Rate (Betapefault isO.1
Specify theEstimate of standard deviation Default is3
Specify thewidth of the Gray Region (Delta) Default is2.

Click onOK button to continue or o6ancelbutton to cancel the options.

Output Screen for Sample Sizesfor Single-Sample Sign Test(Default Options)
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¢ Sample Sizes for Single Sample Sign Test

Baszed on Specified Values of Decizion Parameters/DQ0 s [Data [ ualty Objectives]
Date/Time of Computation  2/26/2010 121527 P
Uszer Selected Options
Falze Rejection Rate [Alpha] 005
Falze Acceptance Rate [Beta] | 0.1
“width of Gray Region [Delkta] 2

Estimate of Standard Deviation 3

Approximate Minimum Sample Size
Single Sided Alemative Hypothesis: K]
Two Sided Alternative Hypothesiz: 43



12.2.4 Sample Size for Single-Sample Wilcoxon Signed Rank Test

1. Click DQOs Based Sample Sizé§ Hy pot hesi s

Test s3 3ilcoxgn e

Signed Rank

osl File Edit | Stats/SampleSizes | Graphs  Statistical Tests  Upper Limits/BTVs ~ UCLs/EPCs  Windows  Help
Mavigation H General Statistics 3 T 4 5 [ 7 k] 9 10 11
Name Imputed NDs using ROS Methods ~ » [EKar® D_Site
WoarkSheet xds | DQ0s Based Sample Sizes 3 | Estimate Mean
Well 10:ds 2 e = | Hypothesis Tests » Single Sample Tests b | tTest
LT 3 5 8 Acceptance Samplin Two & leT -
ASHALL7groups xds 1 7 17 P pling wo Sample Tests > Proportion
Box Plot Full gst 5 12 20 1 1 Sign Test
Bo Plot Full _a.gst c 15 25 1 1 | Wilcoxen Signed Rank
Box Plot Full_b.gst 5 12 2 1 1
2. The following options window is shown.
False Rejection Rate [Alpha] False Acceptance Rate [Beta]
) 0.005 [0.5%] ) 0.005 [0.5%]
) 0.010 [1.0%] ) 0.010 [1.0%]
) 0.025 [2.5%] ) 0.025 [2.5%]
®) 0.050 [5.0%] ) 0.050 [5.0%]
) 0.100 [10.%] ®) 0.100 [10.%]
) 0.150 [15.%] ) 0.150 [15.%]
) 0.200 [20.%] ) 0.200 [20.%]
) 0.250 [25.%] ) 0.250 [25.%]
Estimate of Population SD Width of Gray Region [Delia]
Preliminary Estimate (planning stage)
Sample 5D using collected data
{to assess power)
1 Specify theFalse Rejection Rate (Alpha)Default is0.05
1 Specify theFalse Acceptance Rate (Betapefault isO.1
1 Specify theEstimate of sandard deviation of WSR Test Statistic Default is3
1 Specify thewidth of the Gray Region (Delta) Default is2.
f Click onOK button to continue or o8ancelbutton to cancel the options.
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Output Screen for Sample Sizes for Single-Sample WSRTest (U= 0.1, b = 0.2,sd= 130,cp= 100
Example from EPA 200& (page 65)

¢ Sample Sizes for Single 5 ample Wilcoxon Signed Rank Test
Based on Specified Yalues of Decision Parameters/D Q0 s (D ata Qually Objectives)
272642010 1:13:58 PM

Date/Time of Computation
Uszer Selected Options
Falze Rejection Rate [Alpha] 0.1
False Acceptance Rate [Beta] 0.2
Width of Gray Region [Delta] 100

Estimate of Standard Deviation 130
Approximate Minimum Sample Size
Sinale Sided Altermative Hupothesis: 10
Twio Sided Alternative Hypothesis: 14
12.3 Sample Sizes for Two-Sample Hypothesis Tests
12.3.1 Sample Size for Two-Sample t-Test
1. Click DQOs Based Sample Siz€s Hy pot h e s iTwo STeenspt Ise3 flTess t s 3

ocl File Edit | Stats/Sample Sizes | Graphs  Statistical Tests  Upper Limits/BTVs ~ UCLs/EPCs  Windows Help
Navigation A General Statistics 3 5 4 5 [ 7 k] 9 10 1 12

Name Imputed NDs using ROS Methods y [Ekaro D_Site
Work Sheet xds | DQOs Based Sample Sizes L4 | Estimate Mean
Well 10xds 2 # | Hypothesis Tests v Single Sample Tests  »
WMW-with NDs s 3 5 & Acceptance Sampling | Two Sample Tests » t Test
ASHALL 7groups xIs 4 7 17
Box Plot Full gst 5 12 20 1 1 Wilcoxon-Mann-Whitney
Box Plot Full_a.gst 7 15 75 1 1
Rene Plot Full b ost

2. The following optons window is shown.

False Rejection Rate [Alpha] False Acceptance Rate [Beta]

17¢€

) 0.005 [0.5%]
) 0.010 [1.0%]
) 0.025 [2.5%]
®) 0.050 [5.0%]
) 0.100 [10.%]
() 0.150 [15.%]

() 0.200 [20.%]
() 0.250 [25.%]

Pooled Estimate of Population SD

Preliminary Estimate (planning stage)

Sample SD using collected data

{to assess power)

ER

Width of Gray Region [Delta]

) 0.005 [0.5%]
) 0.010 [1.0%]
) 0.025 [2.5%]
) 0.050 [5.0%]
(® 0.100 [10.%]
) 0.150 [15.%]
) 0200 [20.%]
) 0.250 [25.%]




1 Specify theFalse Rejection Rate (Alpha)Default is0.05

1 Specify theFalse Acceptance Rate (Betapefault is0.1

1 Specify theEstimate of standard deviation Default is3

1 Specify thewidth of the Gray Region (Delta) Defaultis 2.

1 Click onOK button to continue or o8ancelbutton to cancel the options.

Output Screen for Sample Sizes for Two-Sample t-Test U= 0.05,b = 0.2,s, = 1.467,(p= 2.5

Example from EPA 2006 (page 68)

¢ Sample Sizes for Two Sample t Test

12.3.2 Sample Size for Two-Sample Wilcoxon Mann-Whitney Test

D ate/Time of Computation
Uszer Selected Options

Falze Rejection Rate [slpha]
Falze Acceptance Hate [Beta]
Width of Gray Region [Delta]
Estimate of Pooled 5D

Single Sided Altemative Hypothesis:

Two Sided Altemative Hypothesis:

Based on Specified Values of D ecision Parameters /D Q05 [D ata Qually Objectves)]
2/26/2010 11757 PM

005
nz
25

1

A7

Approximate Minimum Sample Size

5
7

1. Click DQOs Based Sample Sizé$ Hy pot he s iTewoSTaensptise3 Test s 3
Wilcoxon-Mann-Whitney

o5l File Edit | Stats/SampleSizes | Graphs  Statistical Tests  Upper Limits/BTVs ~ UCLs/EPCs  Windows  Help
Navigation H General Statistics 3 5 4 5 [ 7 k] 9 10 1 12
Name Imputed NDs using ROS Methods  » ool D_Site
WorkSheet xds DQOs Based Sample Sizes 4 | Estimate Mean
T T -

Well 10ds 2z | Hypothesis Tests 3 Single Sample Tests  »
WMW-with NDs xds 3 5 8 Acceptance Sampling Two Sample Tests 3 | t Test
ASHALL7groups xs 4 7 17
Box Plot Full.gst 5 12 20 1 1 | Wilcoxon-Mann-Whitney
Box Plot Full_a gst

2.8 g 15 25 1 1

Pree Plet Full b st
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2.

17¢

The following options window is shown.

f

il

False Rejection Rate [Alpha]

) 0.005 [0.5%]
) 0.010 [1.0%]
) 0.025 [2.5%]
®) 0.050 [5.0%]
) 0.100 [10.%]
) 0.150 [15.%]

) 0200 [20.%]
) 0250 [25.%]

False Acceptance Rate [Beta]

) 0.005 [0.5%]
) 0.010 [1.0%]
) 0.025 [2.5%]
) 0.050 [5.0%]
® 0.100 [10.%]
) 0.150 [15.%]
) 0200 [20.%]
) 0250 [25.%]

Pooled Estimate of Population SD

Width of Gray Region [Delta]

Preliminary Estimate (planning stage)

Sample 5D using collected data

Specify theFalse Rejection Rate (Alpha)Default is0.05

Specify theFalse Acceptance Rate (Betapefault isO.1

Specify theEstimate of standard deviation of WMW Test Statistic Default is3

Specify thewidth of the Gray Region (Delta) Default is2.

Click onOK button to continue or o8ancelbutton to cancel the options.

Output Screen for Sample Sizesfor Single-Sample WMW Test(Default Options)

Date/Time of Computation

Uszer Selected Options

i Sample Sizes for Two 5ample Wilcoxon-Mann-Whitney Test

B ased on 5 pecified ¥ alues of Decision Parameters/DQ0 s [D ata Qualty Objectives)
2AZB2MO1215:47 P

Falze Rejection Rate [alpha]  0.05
Falze Acceptance Rate [Beta]) 0.1
Width of Gray Region [Delta] 2
Estimate of Standard Deviation 2

Single Sided Alternative Hypathesis:
Twao Sided Alternative Hypothesis:

Approzimate Minimurn Sample Size
46
56



12.4 Sample Sizes for Acceptance Sampling

1. Click DQOs Basel Sample Sizeg Acceptance Sampling

]
ot File Edit | Stats/Sample Sizes | Graphs  Statistical Tests  Upper Limits/BTWs  UCLs/EPCs  Windows Help
Mavigation R General Statistics 2 k] 4 5 6 ¥
Name Imputed MNDs using ROS Methods y Ekaro D_Site
WorkSheet xds | DQ0s Based Sample Sizes 3 | Estimate Mean
Well 10xds - - Hypothesis Tests v
WMW-with NDs s 3 5 8 A :
cceptance Sampling

ASHALL 7groups xds 4 7 17

2. The following options window is shown.

Pre-specified Proportion [P] of non-comforming items/drums
0.05

Number of Allowable non-conforming items/drums
0

0K Cancsl

1 Specify theConfidence Coefficient.Default is0.95

1 Specify theProportion [P] of non-conforming items/drums. Default is0.05
1 Specify theNumber of Allowable non-conforming items/drums. Default isO.
1 Click onOK button to continue or o68ancelbutton to cancel the options.

Output Screen for Sample Sizes for AcceptanceSampling (Default Options)

i Acceptance 5ampling for Pre-specified Proportion of Non-conforming ltems
- B azed on 5 pecified ¥ alues of Decizion Parameters/DQ0s
Date/Time of Computation  2/26/20010 12:20:34 P
|dger Selected Options

Confidence Coefficient 0,95
Pre-zpecified proportion of non-conforming items in the lot - 0.05

Murmber of allowable non-conforming items inthe ot 0
Apprasimate Minimum Sample Size

Exact Binomial/B eta Distribution B3
Approsimate Chizquare Digtribution [Tukep-5cheffe] L]
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Chapter 13

Analysis of Variance

Oneway Analysis of Variance (ANWA) is a statistical technique that is used to compare the measures of
central tendencies: means or medians of more than two populations/groups. Oneway ANOVA is often
used to perform intewell comparisons in groundwater monitoring projects. Classical @néMNOVA

is a generalization othe two-sample #est (Hogg and Craig, 1995); and nonparametric ANOVA,
KruskalWallis test (Hollander and Wolfe, 1999) is a generalizatiothetwo- sample Wilcoxon Mann
Whitney test. Theoretical detail§ @neway ANOVA ae given inthe ProUCL Technical GuidgOneway
ANOVA is available under the Statistical Tests module of ProUCLI&i§ advisedto use theetest on

raw datan the original scale without transforming the d@ay., using dog-transformatioh

atl File Edit Stats/Sample Sizes  Graphs | Statistical Tests | UpperLimits/BTVs ~ UCLs/EPCs  Windows Help

MNavigation Panel i Outlier Tests 3 5 [ 7 2 9 10 11

Name BaCkﬁ o Goodness-of -Fit Tests »
WaorkShest xls 1 1 Single 5ample Hypothesis ~ »
Well 10z 2 4 Twe Sample Hypothesis 2
WHIW-with NDs s ¢ ? Oneway ANOVA L4 Classical
ASHALL 7groups xds 4 ] .
Box Plot Full gst . 12 QLS Regression Monparametric
Bow Plot Full_a.gst = 15 Trend Analysis 3
Bow Plot Full_b.gst

o riet g 7 18 3 1 1

13.1 Classical Oneway ANOVA

1. Click OnewayANOVA 3 Classical

The data file used should follow the format as shown betbe data file should consist of a group
variableddining the various groupéstacked datafo be evaluated usindpe Oneway ANOVA module.
The Oneway ANOVA module can process multiple variables simultaneously.

WelllD  Mn As
1 460 3
1 527 5
1 579 6
1 541 1
1 518 3.5
8 1350 50
8 1770 61
8 2050 82
8 2420 91
8 1630 31
8 2810 100
9 2200 67
9 2340 82
9 2340 85
9 2420 97
9 2150 130
9 2220 189
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2. The Select Variablesscreen will appear.
f Select the variables for testing.
1 SelectaGroup variableby using the arrow under tl&roup Column option.
f Click OK to continueor Cancelto cancel the test.
Examplel3laConsi der Fi shero6s (1936) 3 species (groups.

sepal length, sepal width, petal length and petal width for each of the 3 species. Oneway ANOVA results
with conclusons for the variable sepalidth (spwidth) are shown as follows:

Available Variables Group Column
Name D court {Count =150} w
count 0
splength 1 Selected Vanables
ptdength 3
== Name D
sp-width 2
=< pt-width 4
< >
< > OK Cancel

Output for a Classical Oneway ANOVA

Classical Oneway ANOVA
Date/Time of Computation  3/26/2013 10:45:03 AM
From Fle  FULLIRISnds xds
Full Precision ~ OFF

sp-width

Group Obs Mean sD Variance
1 50 3428 0378 0.144
2 50 277 0314 0.0985
3 50 2974 0322 0.104

Grand Statistics (All data) 150 3.057 0.436 019

Classical One-Way Analysis of Vari Table
Source 55 DOF Ms V.R.(F Stat) P-Value
Between Groups 11.34 2 5672 4516 0
Within Groups 16.36 147 0115

Total 2831 149

Pooled Standard Deviation 034
R-5q 0.401

MNote: A p-value <= 0.05 {or some other selected level) suggests that there are significant differences in

mean/median characteristics of the various groups at 0.05 or other selected level of significance
A p-value > 0.05 (or other selected level) suggests that mean/median characteristics of the various groups are comparable.
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13.2 Nonparametric ANOVA

Nonparametric Onesy ANOVA or the KruskalWallis (K-W) test is a generalization of the Mann
Whitneytwo-sampletest Thisis a nonparametric test and can be wskdn data fronthe variousgroups
are not normally distributed.

1. Click OnewayANOVA 3 Nonparametric

-

el

osl File Edit Stats/SampleSizes Graphs | Statistical Tests | Upper Limits/BTVs  UCLs/EPCs  Windows Help
Mavigation Panel 0 Outlier Tests » 5 [ 7
Name BECKEFOUH Goodness-of-Fit Tests »
WorkSheet :ds 1 1 Single Sample Hypothesis ~— »
Well 10xds 2 4 Two Sample Hypothesis »
T — : 2 [ oneway anova ] Classica
ASHALL7groups xds 4 7 -
Base Plot Full gst . B OLS Regression Menparametric |
Box Plot Full_a.gst 15 Trend Analysis 3
Peve Plet Fuill by ot €

Like classicalOneway ANOVA, nonparametric ANOVA also requires that the data file used should
follow the dataformat as shown above; the data file should consist of a group variable defining the
various groups to be evaluated using@meway ANOVA module.

2. The Select Variablesscreen will appear.
f Select the variables for testing.
1 Select theGroup variable.
1 Click OK to continue oCancelto cancel the test.

Example 13-1b (continued). Nonparametric Oneway ANOVA results withrezbusion for sepalength
(splength) are shown as follows.

Output for a Nonparametric ANOVA

Nonparametric Oneway ANOVA (Kiuskal-Wallis Test)
Date/Time of Computation  3/26/2013 11:11:32 AM
From File  FULLIRISnds xds
Full Precision  OFF

sp-length
Group Obs Median Ave Rank z
1 50 5 2564 9.142
2 50 59 8265 1425
3 50 6.5 1142 7716
Overall 150 58 75.8

KW (H-Stat) DOF P-Value {Approx. Chisquare)
96.76 2 0
96.94 2 0 (Adjusted for Ties)

Note- A p-value <= 0 05 {or some other selected level) suggests that there are significant differences in

mean/median characteristics of the various groups at 0.05 or other selected level of significance
A p-value > 0.05 {or other selected level) suggests that mean/median characteristics of the various groups are comparable.
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Chapter 14

Ordinary Least Squares of Regression and Trend Analysis

TheOLS of regression and trend tests are often used to determine trends potemetiglht pronstituent
concentrations at polluted sites, especially in GW monitoring applications. The OLS regression and two
nonparametrid¢rend tests: Man#endall test and Theiben test are available under ®BtisticalTests
module of ProUCL 5.0. Theetails of these tests can be found in Hollander and Wolfe (E@@RDraper

and Smith (1998)Some time series ploterhich areusefulin compaing trends inanalyteconcentrations

of multiple groupge.g.,monitoring well3 are also available in ProUCGLO0.

The twononparametrit¢rend testsM-K test and TheilSen tesare meant to identify trends in time series

data (data collected over a certain period of time such as daily, monthly, quarterly,...) with distinct values
of the time variable (time of a#ling events) If multiple observations are collected/reported at a
sampling event (time), one or more pairwise slopes uste tomputatiorof the Theil-Sen test may not

be computed (becomaefinite). Thereforejt is suggested to use tAdeil-Sen teson data sets with one
measurement collected at each sampling euémhultiple measurements are collected at a sampling
event, the user may want to use the average (or median, mode, minimum or maximum) of those
measurements resulting in a time seriethwne measurement per sampling time ev@ieil-Sen test in
ProUCL 5.0 has an option which can be used to average multiple observations reported for the various
sampling events. The use of this option alemputedV-K test statistic and OLS statistibsised upon
averages of multiple observations collected at the various sampling events.

The trend tests in ProUCL software also assume that the user has entered data in chronological order. If
the data are not entered properly in chronological order riphigal trend displays may be meaningless.
Trend Analysis and OLS Regression modules handle missing values in both response variable (e.g.,
analyte concentrations) as well as the sampling event variable (called independent variable in OLS).

14.1 Simple Linear Regression
1. Click Statistical Tests3 OLS Regression.

asl ProUCL 5.0 - [WMW-with NDs.xls]
ol File Edit Stats/Sample Sizes  Graphs | Statistical Tests | Upper Limits/BTVs ~ UCLs/EPCs  Windows  Help

Navigation Panel 0 Qutlier Tests 2 5 6 7 ] g 10 11
BECK& A0 Goodness-of-Fit Tests

Name

WorkShest xls
Well 10xds
WMW-with NDs xds
ASHALL 7groups xs
Box Plot Full gst
Box Plot Full_a.gst
Frre Plet Rl b st

3

1 Single Sample Hypothesis ~ »
Two Sample Hypothesis 3

3

4
5

Oneway ANOVA

. OLS Regression
12
15

[ R R R

Trend Analysis 3
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2. The SelectRegressionVariables screen will appear.

1 Select thdbependent Variableand thelndependent Variable for the regression analysis.

Awvailable Vanables Dependent Vanable

Name ID == Name 1D

Time {days}-1 MW-28 1

BTEX Conc. @... z B
Time (days)-2
BTEX Conc. @
Time (days}-3
BTEX Conc. @
Time (days)-4
BTEX Conc. @
Time (days}5
BTEX Conc. @

=

<<

Independent Variable

> Name D
Time (days}& A1)
< >

Select Group Column (Optional)

<<

[ R R

]

r 3> Options 0K Cancel

1 Selecta groupvariable (if any) by usng the arrow below th&elect Group Column
(Optional). The analysis will be@performedseparately for each group.

1 When theOptions button is clicked, the followingptionswindow will appear.

[] Display Intervals
Confidence Level

0.95

Display Regression Table

O Display Diagnostics
Graphics Options

Display XY Plot

XY Plot Title
Classical Regression

Display Confidence Interval

Display Prediction Interval

OK Cancel

o SelectDisplay Intervals for the confidence limits and ehprediction limits of each
observation to be displayed at the specifi@shfidence Coefficient The interval
estimates will belisplayedn the output sheet.

o SelectDisplay Regression Tableto display Y-hat, residuals and the standardized
residualdn the output sheet

o Sel &YXPRlotofio generate acatter plodisplay showindhe regression line.
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o SelectConfidence Interval and Prediction Interval to display the confidence and
the prediction bandsround theegression line.

o Click onOK button to contiue or onCancelbutton to cancel the option.
1 Click OK to continue oCancelto cancel th®©OLS Regressian

o The use of the above options will display the following graphyour computer
screen which can be copied using @epy Chart (To Clipboard) in a Microsoft
documentge.g.,word documentusing theFile 3 Pastecombination.

o The above options will also generate an Exiggle output sheet. A partial output
sheet is showhelowfollowing the OLS Regression Graph.

Example 14-1a. Consider analyteon@ntrations X collected from a groundwater (GW) monitoring well,
MW-28 over a certain period of time. The objective is to determine if there is any trend in GW
concentrationsX of the MW-28. The OLS regression line with inference about slope and inteacep
shown in the following figure. The slope and its associgt®dlue suggest that there is a significant
downward trend in GW concentrations of MXg.

OLS Regression Graphwithout Regression and Prediction Intervals

T
Classical Regression oLs

n 18

Slope: -1.6372

Intercept 2.163.7246

R-sq 0.8432

R -0.9183

2500 ScaleE stimate 372.6902

P-value [Reg) 0.0000

P-value (Slope) 0.0000

2880
.

Mann Kendal
""""" S -135.0000
o SDof § 26.4008
Standardized § -5.0756
1713 Approsimatep-vaue  0.0000
4

28

¥ 1500

MYV,

1000

Gy 4216
0}

1 T, 59 55
. . e . .

1000 1250 1500

750
Time (days)-6
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OLS Regression Graphwith Regression and Prediction Intervals

Mw-28

000

000

4000

2000

2000

4000

6000
40

Classical Regression

460 560 560 760 160 %60 1080 1160 1260 1360 1460 1560
Time {days)6

s
n
Siope
Intercept
Risq
R
Seale Estinate
P-value (Reg)
Prvalue (3lope)

MannKendall
s
SDof§
Standardized 5

Spproximate pvalue

Confidrice Cosflicient

Fed = Prediction Interval

Green = Confidence Inferval

1660

18

16372
21637246
08432
09183
3726902
0.0000
0.0000

-135.0000
36,4008
50756
0.0000

09500

User Selected Options
Date/Time of Computation
From File

Full Precision

Partial Output of OLS Regression Analysis
Ordinary Least Squares Linear Regression Output Sheet

Y27/201311:51:45 AM
Trend-MW-data-use xds
OFF

Number Reported (cvalues) 18
Dependendart Variable MW-28
Independert Variable Time (days}-6

Regression Estimates and Inference Table

Paramater Estimates Std. Emor  T-values  p-values
intercept 2764 1653 13.0% 5793E10
Nime (days}6 1637 0.176 9276 7729268
OLS ANOVA Table
Source of Variation 55 DOF MS FValue P-Value
Regression 11352431 1 11952431 86.05 0.0000
Eror 2222368 16 138898
Total 14174739 17
R Square 0.843
Adjusted R Square 0.833
Sqt{MSE) = Scale . 3727
Regression Table
Obs Y Vector ‘Yhat Residuals Res/Scale
1 2880 2164 716.3 1.922
2 217 2028 8517 0.235
3 1633 1500 2676 0718
4 1845 1748 97.13 0.261
5 1706 1587 ez 0317
6 1713 1307 4111 1.103
7 1065 1154 -88.55 0.238
] 2318 1009 7T 0477
9 5206 1009 -88.87 0.238




Verifying Normality of ResidualsAs shownin the above partial output ProUCL displays residuals
including standardized residuala the OLS output sheet. Thosesiduals can benported (copying and
pasting)in an excel file to assess the normality of those OLS residuals. The parametric trend evaluations
based upon the OLS slope (signifitaslope confidence intervabnd prediction intervalare valid
providedthe OLS residuals are normally distributed. Therefore, it is suggested that the user assesses the
normality d OLS residuals before drawirigendconclusionaising a parametric test based upon the OLS
slope estimate. Whenthe assumptions are not met, azan use graphical displays and nonparametric
trend tests to determine potential trepdssenin atime series data set.

14.2 Mann-Kendall Test

1. ClickSt at i st i Trantd An@llgsis3 BlanFKendall.

Statistical Tests | UpperLimits/BTVs  UCLs/EPCs  Windows  Help

Outlier Tests b |l g 7 2 ] 10 11 i
Goodness-of-Fit Tests 3
Single Sample Hypothesis ~ »
Two Sample Hypothesis 3
Oneway ANOVA 3
OLS Regression
Trend Analysis » Mann-Kendall
Theil-5en
Time Series Plot~ »
2. TheSelectTrend Event Variables screen will appear.
x
Available Vanables Selected Variable

Values/Measured Data
> Name D

Mw-28 1
<< < >

Name o]

Optional Event/Time

Not Required - Index data will
be generated for graphics.

> Name D
Time (days}-6 1]
<< < >

Select Group Column {Optional)
Options:

0K Cancel

1 Select theEvent/Time variable.This variable is optional to perforthe MannKendall
(M-K) Test however for graphicaldisplayit is suggsted to provide &alid Event/Time
variable(numerical values only)f the user wants to generate a graphical display without
providing an Event/Time variable, ProUCL genesa#e index variable to represent
sampling events.
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Select thé/alues/MeasuredData variableto perform the trend test

Select a group variable (if any) by using the arrow belowSékect Group Column
(Optional). When a group variable is chosehetanalysids performed separately for
each groupepresented by the group variable

When theOptions button is clicked, the following window will be shown.

Confidence Level
0.95
Graphics Options
Display Graphics

Display Theil-Sen Trend Line

Display OLS Regression Line

Title for Graph
Mann-Kendall Trend Test

o Specify theConfidence Leve] a number in the intervdD.5, 1), 0.5 inclusive. The
default choice i9.95

o Select the trend lines to be displaygdlLS Regression Lineand/or Theil-Sen
Trend Line. If only Display Graphicsis chosen, a time series plot will be generated.

o Click onOK button to continue or o@ancelbutton to cancel the option.

Click OK to continue oCancelto cancel thélann-Kendalltest



14- 1b (Continued). The MK test results are shown in the following figure and in the
following M-K testoutputsheet. Based upon the-Kitest, it is concluded that there is a
statistically significant downward trend in GW concentrationtheMW-28.

Mann Kendall Test Trend Graph Displaying all Selected Options

2330

2430

1830

1430

Mw-28

930

430

216

Mann-Kendall Trend Test

55

1216 1486

kAl
Time (days)6

Mann Kendall Trend Analps:

n 18.0000
Confidence Coefficent 0.9500
Levelof Significance. 0.0500

StandudDeviatonol S 26.4008
StandudizedVahe o5 5.07%

TestValue (5] 135
Tabulated pvae 0.0000
Approximate p-vakae 00000

OLS Regression Line [Bhe]

£ 16372

OLS Regression Intecept 2,163, 7246

Theil-Sen Trend Line [fed)
Theil-Sen Sloge 7048
Theil-Sen Intescept 197,037

Stalistically significont evadence
ol adecicasing tiend af the
speciliedlevelof sigracance.

Mann-Kendall Trend Test Output Sheet

Mann-Kendall Trend Test Analysis
User Selected Options
Date/Time of Computation  3/27/2013 12:19:26 FM
From File  Trend-MW-data-Chap 14 s
Full Precision  OFF
Corfidence Coefficient  0.95
Level of Signfficance  0.05

MW-28
General Statistics

Number of Events 18
Mumber Values Reported {n) 18

Minimum 17
Madmum =~ 2880

Mean 8646

Geometric Mean = 174.8

Median  628.2

Standard Deviation = 913.1

Mann-Kendall Test
Test Value (5)  -135
Tabulated p-value 0
Standard Deviation of S 264
Standardized Value of S = -5.076
Approximate p-value  1.9313E-7

Statistically significant evidence of a decreasing
trend at the specified level of significance.
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14.3 Theil i Sen Test

To perform the TheiBen test, the user is required to providenerical valuefor a samplingevent
variable (numerical values onlgs well as valuesf acharacteristicd.g., analyteoncentrationsyf
interest observed at those sampling events.

1. ClickSt ati stical Tes3 %heilgsSEmend Anal ysi s

ol File Edit Stats/SampleSizes  Graphs | Statistical Tests | UpperLimits/BTVs  UCLs/EPCs  Windows Help

Navigation Panel o Outlier Tests 5 6 7

Eackgroun Goodness-of -Fit Tests

Name
WorkSheet xds

Single Sample Hypothesis

1
Wel 10xds 2 4 Two Sample Hypothesis
WMW-with NDs xls 3 5 Oneway ANOVA
ASHALL 7groups xis 4 7 OLSR )
Biox Flot Full gst B 12 egression
B Plot Full_a get = - Trend Analysis s Mann-Kendall
Box Plot Full_b gst 5 12 2 B 1 Theil-5en
2 21 % 1 1 Time Series Plot ~ »
2. The Select Variablesscreen will appear.
x
Available Variables Selected Event/Time
Name D Event/Time Data
> Name ]
Time (@ays}s 0
== < >
Selected Variable
Values/Measured Data
>> Name o
MwW-28 1
— < 2>

Select Group Column (Optional)
Options M

3 5 oK Cancsl

1 Select arEvent/Time Data variable.

1 Select thevalues/Measured Datavariableto perform the test

1 Select a group variable (if any) by using the arrow belowSkect Group Column
(Optional). When a group variable is chosen, the analysis is performed separately for

each group repsented by the group variable.

1 When theOptions button is clicked, the following window will be shown.



Confidence Level

Graphics Options

Display OLS Regression Line
Display Theil-Sen Trend Line

Title for Graph
Theil-Sen Trend Line and Ol

0K Cancel

o Specify theConfidence Leve] a number in the intervé.5, 1), 0.5 inclusive. The
default choice i9.95

o Selectthe trend lines to be displayddLS Regression Lineand/orTheil-Sen
Trend Line.

o Click onOK button to continue or o@ancelbutton to cancel the option.
1 Click OK to continue oCancelto cancel th& heil-Sen Test
14- 1c (continued). The TheitSen test results are shown in thddwing figure and in the following
Theil-Sen test Output Sheet. It is concluded that there is a statistically significant downward trend in GW

concentrations of M\A2S8.

Theil-Sen Test Trend Graphdisplaying all Selected Options

T
Theil-Sen Trend Line and OLS Regression Line Theil-SenTrendAnabsis
2930 2880 " 8
Level of Significance: 0.0500
OLS Regression Line (Blue)
OLS Regression Slope. -1.6372
OLS Regression Intescept 2,163.746
2430
Theil-SenTrend Line [Red)
Theil-Sen Slope -1.7048
Theil-SenIntercept 1.917.0397
1930 M1 50.6277
M2 1023723
LCL of Slope -2.2218
UCL of Slope -1.2683
evidence of r
ﬁj trend at the specifiedlevel of signiicance.
= 1430
H
930
430
59 18 55
-70 ==
34 216 466 966 1216 1466

716
Time {days)6
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Theil-SenTrend Test Output Sheet

Date,/Time of Computation

Full Precision  OFF
Corfidence Coefficient  0.35
Level of Signfficance  0.05

MW-28

General Statistics
Mumber of Events
Mumber Values Reported (n)

Minimum

327/2013 2:19:55 PM
From File  Trend-MW-data-Chapl14xds

13
13

1.7

Approximate inference for Theil-Sen Trend Test

Mann-Kendall Statistic (S)
Standard Deviation of 5
Standardized Value of S

Approximate p-value

MNumber of Slopes

Theil-Sen Slope

Theil-Sen Intercept

Mz

One-sided 35% upper limit of Slope
55% LCL of Slope (0.025)

-137
264
-5.151

1.2930E-7

153
-1.705

1917
58.21
-1.365
2222

Madmum = 2380
Mean 8646
Geometric Mean | 174.8
Median 6282
Standard Deviation = 9131

35% UCL of Slope (0.973)  -1.268

Statistically significant evidence of a decreasing
trend at the specified level of significance.

Notes: As with other statistical test statistics, trend test statisfleK test statisticOLS
regression and@heil-Sen slopsmay lead to differentrend conclusions. In such instances it is
suggested that the user supplements statistonclusions with graphical displays.

Averaging of Multiple Measurements at Sampling Evehispractice, when multiple observations are
collected/reported at one onore samplingevents (times), one or more pairwise slopes may become
infinite resultirg in a failure to compute the Th&kn test statistic. In such cases, the user may want to
pre-process the data before using the TBeih test. Specifically, to assutat onlyone measurement is
available at each sampling event, the userppoeesseghe time series data by computing average,
median, mode, minimum, or maximum of the multiple observations collected at those sampling events.
The TheitSen test in ProUCL 5.0 provides the option of averaging multiple measurements collected at
the various ampling events. This option also computeskKMest and OLS regression statistics using the
averages of multiple measurements collected at the various samplingTdne@tLS regression and-K

test can be performed on data sets with multiple measurerakatsdt the various sampling time events.
However, often it is desirable to use the averages (or median) of measurements taken at the various
sampling events to determine potential trends present in ssénes data set.

14.4 Time Series Plots

This opton of the Trend Analysis module can be used to determine and compare trends in multiple
groups over the same period of time.

This option is specifically useful when the user wants to compareotientration®f multiple groups

(wells) andthe exact sanling event dates are not be availafdata only option)The user may just want

to graphically compare the tirsmriesdata collected fronmultiple groupsivells during several quarters

(every yearevery5 year,...). When the user wants to use this mledusing the" data/event" option,

each group (e.g., well) defined by a group variable must have the same number of observations and
should share the same sampling event valddsat is the number of sampling events and val(esg.,

quarter ID, year ID &) for each group (well) must be the same for this option to waokvever,the
exactsampling dategnot needed to use this optidn)the various quarters (years) do not have to be the
sameaslong as thevalues of thesampling quartergears(1,3,5,6,79,..) used in generating tirseries
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plotsfor the variouggroups {vells) match.Usingthe geologicahnd hydrological information, this kind of
comparison may help the project teamdentifying norcompliance wells (e.g., with upward trends in
constiuentconcentrations) and associated reasons.

1. Click Statistical Tests3 Trend Analysis3 Time Series Plots

Graphs | Statistical Tests | Upper Limits/BTVs ~ UCLs/EPCs  Windows  Help
2 Qutlier Tests r | & 7 8 g 10 11
MW-I0) Goodness-of -Fit Tests 4 t—Mn-RB MWS MNS MN-33 1
Single Sample Hypothesis ~ » 4600 9 2200 2200
Two S5ample Hypothesis 4 2760 9 240 2340
Oneway ANOVA 3 1270 9
i 1860 5 2420 2420
OLS Regression
- 15en 2150 2150
Trend Analysis 3 Mann-Kendall 2290 2270
1 460 2 Theil-5en 2050 2050
1 547 3 Time Series Plot ~ » Data Only 2060
1 605 8 1610 Event/Data 1770
2. Whenthe Data Only option isclicked, the following window is shown:
Auvailable Varnables Selected Vanable
Name D = Values/Measured Data
> Name 1D
Mn-GW 1
MW-D 2 <<
Manganese 3
MW-85 5
GW-Mn-B% & Select Group Column (Opticenal)
MW3 8 -
MNg 9 Options v
MN-99 " ~
< > 0K Cancel

This optionis usal onthe measureddata only The user selects a variable with measured values
which areused in generating a time seriestplthe time seriesplot option is specifically udal
when data come from multiple groups (monitoring wells during the same period of time).

1 Select agroup variable (is any) by using the arrow shown belowattwip Column (Optional).

Available Vanables Selected Vanable
Values/iMeasured Data

Name D
Mn-GW 1
£

=]

Mame

Well ID
MWD
Manganese
MW-83
GW-Mn-85
MW

MNS
MN-55
index

< OK Cancel

Select Group Column (Optional)

(=T === RS BSOS )

[reo_(Court - 22 IY

—
= o
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1 When theOptions button is clicked, the following window will be shown.

Set Initial Start Value

0.95 1

Set Event/index Label

Event
Set Event/Index Increments

Plot Graphs Together 1
Group Graphs Greater Than Zero [0]

Must select a Group Column
All Groups the Same Sizel! Title for Graph

Time-Series Trend Analysis
Display Theil-Sen Trend Line
Minimal Theil-Sen Stats Provided

[] Display OLS Regression Line

The user can select tiisplaygraphs individually or togethdor all groupson the same gragby
selecting the Group Graphs optidrhe user caalsodisplay the OLSine andbr the ThedSen

line for all groups displayed on the same graph. The usepitiaaninitial starting value and an
increment value to display thmeasured data. All statistics will be computed using the data
displayed on the graphs (e.g., selected Event values).

o Input astarting value for the index of the plot using 8 Initial Start Value .

o Input the increment steps for the index of the plot usingsghéndex/Event Increments.

o Specify the linesRegressionand/orTheil-Sen to be displayed on the time series plot.

o SelectPlot Graphs Together option for comparing the time series trends for more than one
group on the same graph.

o If this option is not selected butGroup Variable is selected, different graphs will be plotted
for each group.

o Click onOK button b continue or oiCancelbutton to cancel th&ime Series Plot



3. When theEvent/Data option isclicked, the following window is shown:

Available Varnables Selected Event/Time
Name D Event/Time Data

Well ID 0 Name
MWHD index
Manganese
MW-89

GW-Mn-89 Selected Vanable

Mws Values/Measured Data

<

MNS
MN-9S Name I}
Mn-GW 1

< >

Select Group Column {Optional)
[Well ID{ Count = 48} v

OK Cancel

9 Select a group variable (is any) by using the arrow shown belo@rthg Column (Optional).

1 This option uses boththe Measured Data and the Event/Tifdata. The user selects two
variables; one representing the Event/Time variable andtliee representinthe Measured Data
values which will be used in generating a time series plot.

1 When theOptions buttan is clicked, the following window will be shown.

Confidence Coefficient

0.95

Display OLS Regression Line
Display Theil-Sen Trend Line

Plot Graphs Together
| Group Graphs

Must select a Group Column
All Groups the Same Size!

Title for Graph
Time-Series Trend Analysis

0K Cancel

The user can select to display graphs individually or together for all groups on the same graph by
selecting thePlot Graphs Togetheroption. The user can also display the OLS melbr the
Theil-Senline for all groups displayed on the same graph.
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o Specify the linesRegressionand/orTheil-Sen to be displayed on the time series plot.

o SelectPlot Graphs Together option for comparing time series trends for more than one
group on the same graph.

o If this option is not selected butGroup Variable is selected, different graphs will be plotted
for each group.

o Click onOK button to continue or o6ancd button to cancel the options.
1 Click OK to continue oCancelto cancel thdime Series Plot

Notes. To use this option,aeh groude.g., well)defined by a group variablausthave the same number
of observationsand should share the same sampling event vdlfiesailable) That is the sampling
events(e.g., quarter ID, year ID etcfpr eachgroup (well) must bethe same for this option to work.
Specifically, theexactsampling datesvithin the various quarters (yeard not have to be the same as
long as the sampling quarters (years) for the various wells match.

Example 14-2. The followinggraph has three (3) time series plots comparing manganese concentrations
of the three GW monitoring wells (1 upgradient well (MW1) and 2 downgradient wells (MW8 and
MW29)) over the period of 4 years (data collected quarterly). Some trend statisticspéagedisn the

side panel.

Output for a Time Series Ploti Event/Data Option by a Group Variable (1, 8, and 9)

T
Time-Series Trend Analysis Time-Series Trend Analysis
5000 #Events/Time Pesiods 48
OLS Regression Line (Bhue]
Theil Sen Trend Line (Red)
1
OLS Regression Slope -6.9618
ot OLS RegressionIntercept  561.5500
Theil-Sen Slope -7.8333
Theil Senntercept 569.5833
8
300 OLSRegiessionSlope  -42.8871
o [ OLS Regression Intercept 2,362.7500
2810 Theil Sen Slope -4.7613
= Theil-Sen Intercept 1.790.4762
2 2420
£ P s
22 Fil 2n OLSRegiessionSlope  -40.8382
eyl S 2 ssion ntercept 2,315.2500
2000 480 Theil-Sen Slope 72,5000
1730 1770 20 :
) S e S Theil-Sen Intercent 2,671.2500
T 1580 1520 = v
o 1500 A 3 1480 [ TTT=Reen
13! -
1050
1000 4
579 574 605
527 X 541 518 __52____-4\\_‘455 508
T 4 40 478 463 475 i b0
=1
0
0.0 10 20 30 4.0 5.0 6.0 7.0 8.0 2.0 100 1.0 120 130 140 150 16.0 17.0
index
[ W] ®s [ ]
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Chapter 15

Background Incremental Sample Simulator (BISS)
Simulating BISS Data from a Large Discrete Background Data

The Backgroundricremental Sample Simulator (BISS) module has been incorporated in ProUCL5.0 at
the request of th®&ffice of Superfund Remediation and Technology Innovaf@8RTI). However, this
module is currently under further investigation and research, and theite®ret available for general
public use. This module may be released in a future version of the ProUCL software, along with strict
conditionsand guidancdor how it is applied.The main text for this chapter is not included in this
document for releasto general public. Only a brief placeholder wtifeis provided here.

The following scenario describes the Site or project conditions under which the BISS module could be
useful: Suppose there is a long history of soil sample collection at a Saedition to having a large
amount of Site data, a robust background data set (at least 30 samples from verified background
locations) has also been collected. Comparison of background dataSite atata has been, and will
continue to be, an important par of t hi s p-makingestategysAll Higaridalsdata is from
discrete samples, including the background data. There is now a desire to switch to incremental sampling
for the Site. However, guidance for incremental sampling makes it cleait tlgatnappropriate to
compar e di screte sampl e resul ts to increment al
incremental results directly to discrete background results.

One option is to recollect all background data in the form of incremeataples from background
decision units (DUs) that are designed to match Site DUs in geology, area, depth, target soil particle size,
number of increments, increment sample support, etc. If project denisiking uses a background
threshold value (BTV) saitegy to compare Site DU results one at a time against background, then an
appropriate number (the default is no less than 10) of background DU incremental samples would need
to be collected to determine the BTV for the population of background DUs. udowé the existing
discrete background data show background concentrations to be low (in comparison to Site
concentrations) and fairly consistent (relative standard deviation, RSD <1), there is a second option
described as follows.

When a robust discte background data set that meets the above conditions already exists, the following
is an alternative to automatically recollecting ALL background data as incremental samples.

Step 1. Identify 3 background DUs and collect at least 1 incremental sampledich for a minimum of
3 background incremental samples.

Step 2. Enter the discrete background data sé&3@) and theX background incremental samples into
the BISS module (the BISS module will not run unless both data sets are entered).

1 The BISSmodule will generate a specified (default is 7) simulated incremental samples from the
discrete data set.

1 The module will then run atest to compare the simulated background incremental data set (e.g.,
with n = 7) to the actual background incrementihdset (rO3).
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o If the ttest finds no difference between the 2 data sets, the BISS module will combine the
2 data sets and determine the statistical distribution, mean, standard deviation, potential
UCLs and potential BTVs for the combined data setlyQhis information will be
supplied to the general user. The individual values of the simulated incremental samples
will not be provided.

o If the ttest finds a difference between the actual and simulated data sets, the BISS
module will not combine the tkasets nor provide a BTV.

o In both cases, the BISS module will report summary statistics for the actual and
simulated data sets.

Step 3. If the BISS module reported out statistical analyses from the combined data set, select the BTV to
use with Site DUincremental sample results. Document the procedure used to generate the BTV in
project reports. If the BISS module reported that the simulated and actual data sets were different, the
historical discrete data set cannot be used to simulate incrementt. résiditional background DU
incremental samples will need to be collected to obtain a background DU incremental data set with the
number of results appropriate for the intended use of the background data set.

The objective of the BISS module is to takdvantage of the information provided by the existing
background discrete sample$he availability of a large discrete data set collected from the background
areas with geological formations and conditions comparable to the Site DU(S) of interesjuisearment

for successful application of this modulEhere are fundamental differences between incremental and
discrete samples. For example, the sample supports of discrete and incremental samples are very
different. Sample support has a profound effectsample results so samples with different sample
supports should not be compared directly, or compared with great caution.

Since incremental sampling is a relatively new approach, the performance of the BISS module requires
further investigation. If yowould like to try this strategy for your project, or if you have questions,
contact Deana Crumblingrumbling.deana@epa.gov
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Chapter 16

Windows

The WindowsMenuperforms typical Windows program opt®n

File  Edit  Stats/Sample Sizes  BIS Simulator  Graphs  Statistical Tests  Upper Limits/BTVs

MNavigation Panel

Name ‘ ‘

Click on theWindow menu to reveal the dregoown options shown above.

Cascade

Tile Vertically

Tile Horizontally

The following Window dropdown menu options are available:

f Cascade option: arranges windows in a adsdormaftc "7. Window "\l 2} This is
similar to a typical Windows program option.

1 Tile option: resizes each window vertically or horizontally and then displays all open
windows. This is similar to a typical Windows program option.

1 The dropdown optons list also includes a list of all open windows with a check mark in

front of the active window. Click on any of the windows listed to make that window
active. This is especially useful if you hawanywindows(e.g., >40) operthe
navigation panel onljrolds the firsd0 windows.
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Chapter 17

Handling the Output Screens and Graphs

17.1 Copying and Saving Graphs
Graphs can be copied inlord, Excel, or PowerPoint files in two ways.

1. Click the Copy Chart (To Clipboard) shownbelow, a graph must be ment to be copied titve
clipboard

File 3 Copy Chart (To Clipboard)

f-{m}

ol| File | Edit  Stats/Sample Sizes  BIS Simulator  Graphs  Statistical Tests

New
Open Single File Sheet
Open Excel File with Multiple Sheets

Close

Save

Save As...

Save Graph

Copy Chart (To Clipboard)

Toomr=== z|

Page Setup

| =1 E]

Print

Print Preview

Exit

Once the user has clicketiopy Chart (To Clipboard), the graph is ready to be imported
(pasted) into most Microsofiffice applications €.9.,Word, Excel, and PowerPo)nby clicking
theEdit 3 Pasteoption in those Microdbapplications as shown below.

Theil-Sen Trend Line and OLS Regression Line Theil-Sen Trond Avalysis
B 5
Level of Sgreficance 00500

OLS Regression Line (Bus)
OLS Regression Siope 00512
OLS Regression Intercest 051%

Theil-Sen Trend Line (Red)
TheikSen Siope (]
Thed-Sen Imercest 058

U mgi)

8
Event
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Graphs can be savewsing theSave GraphOptionin the Navigation Panelas aBitmap file

with .bmp extensionThe user can import the savieitinap fileinto a desired document such as a
word document or owerPoint preentationby using theCopy and Pasteoptions available in
the selected Microsoft application.

File 3 Save Graph

a!| File | Edit Stats/SampleSizes  BIS Simulator  Graphs  Statistical Tests  Up;

Mew

Open Single File Sheet

Close

Save
Save As...

Tor=== z|

Open Excel File with Multiple Sheets

Save Graph

A4 =

Page Setup
Print

Print Preview

Exit

Copy Chart (To Clipboard)

17.2 Printing Graphs

1. Click the graph you want to print in tiNavigation Panel

Navigation Panel File  Edit

Name
ZnCu-ND-data-chapter 31
Box Plot wDs.gst

Bax Plot wNDs_a.gst

Box Plt Fullgst

QQ Full Nomal gst 21

18 12 06 0

Q-Q Plot for Cu

smomimecssae
ss0s000
ses0 000 smsenne

st e aIesMIBIsesetee

0 05
Theoretical Quantiles (Standard Normal)

alluvial fan
N=65
blean = 4815
Sd= 453
Slope = 4.045
Intercept = 4815
Canlation, R = 0,853

basintrough
N=d3
bean = 5.49
Sd=4.925
Slope - 4534
Inisroopt = 5.49
Conlation, R = 0,903

[ Best Fit Line
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2. Click File 3 Page Setup

File | Edit Stats/SampleSizes  BIS Simulator  Graphs  Statistical Tests

o
0

New
Open Single File Sheet
Open Excel File with Multiple Sheets

Close

Save

Save As...

Save Graph

Copy Chart (Te Clipboard)

dd=pmmr=== z|

Page Setup

Print

Print Preview

Exit

3. Check the button next tBortrait or Landscape(shown below)andclick OK. In some cases,
with larger headings and dams, it may be desirable to utbe Landscapeprinting option.

Paper

Size Letter

Source: Auto

Crientation Margins (inches)

® ot Lt gt
() Landscape Top Bottom

4. Click File 3 Print to print the graph, anélile 3 Print Preview to preview(optional)the graph

before printing.

ol | File | Edit  Stats/Sample Sizes  BIS Simulator  Graphs

New
Open Single File Sheet
Open Excel File with Multiple Sheets

Close

Save

Save As...

Save Graph

Copy Chart (Te Clipboard)

Page Setup

Print

Pl =ooor=== =|

Print Preview

Exit

20¢



17.3 Printing Non-graphical Outputs

1.

Click/Highlight the output you wartb saveor print in theNavigation Panel

o5l File Edit BISSimulator Graphs  Statistical Tests  Upper Limits/BTVs ~ UCLs/EPCs  Windows Help
Navigation Panel A | B | c | D | E | F | G | H |
Name 1 Theil-Sen Trend Test Analysis
WorkShest xls 2 USPTI' Selected Optlo.ns
Well 10ds B Date/Time of Computation | 8/27/2013 5:23:00 PM
WMWowith NDs xs 4 From File well 10.xls
ASHALL 7groups xs 5 Full Precizion OFF
Box Plot Full gst 5 ge Repli Repl at events will be averaged!
K E::I E”::—:-gz 7 Confidence Cosfficient  0.95
ull_b.g —
WorkSheet_axis 2 Level of Significance  0.05
Theil-Sen s 3
Trend Test.gst 10 U(mg/L)
WorkSheet_b xis -
12 General Statistics
13 MNumber of Events 8
14 Mumber Values Observations 15
15 Mumber Values Missing 7
16 Mumber of Values Reported (n) 2
17 Mumber of Values After Averaging 2
18 Mumber of Replicates 0
19 Minimum ~ 0.584
20 Maximum 178
7 Mean 0.853
o) Geometric Mean  0.799
n Median  0.724
24 Standard Deviation  0.39
25
% Mann-Kendall Statistics
27 TestValue (5) 12
28 Tabulated p-value  0.08%
29 Standard Deviationof S 8.083
0 Standardized Value of S 1.361
2. Click File 3 Print or File 3 Print Preview if you wish to see the preview before printing.
ot | File | Edit  BIS Simulator Graphs  Statisti
Mew
[l Open Single File Sheet
M p g
W Open Excel File with Multiple Sheets
W Close
Wy
Al Save
B Save As...
B
L .
Print
W Print Preview
T
Exit
T
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17.4 Saving Output Screens as Excel Files
ProUCL 5.0 saves output files and data fadeg&xcelfiles with .xIs or .xIsx extensions.
1. Click on the output you want to save in tHavigation Panel List

2. Click File 3 Save or File3 Save As

o
ol | File | Edit BIS Simulator  Graphs  Statisti
Mew
" Open Single File Sheet
W Open Excel File with Multiple Sheets
Wy Close
W
Save
Bq Save As...
By o
B nnt
W Print Preview
T .
T Exit
3. Enter the desired file name you want to use, and 8alke and save the file in the desired folder

using your browseas slown below.

@ = 4 || » AnitaSingh » Desktop » sprfnd2012 » Danang-AFB-33 v O Search Danang-AFB-33 pel

Organize « MNew folder = - @

A A L
¢ Favorites Mame Date medified Type

B Desktop i Trend Results-by-source-treat-Averaged Data 6/19/2013 5:32 PM  Microsoft Office E...
'. Downloads @ Trend Results-by-source-Averaged Data £/19,/2013 5:30 PM Microsoft Office E...
“El Recent places i Trend Results-Averaged Data 6/19/2012 3:56 PM  Microseft Office E...

B Desktop
- Libraries

*& Homegroup
A Anita Singh
A Anita Singh
Lol Computer
€l Network & S

File name: | Gamma-UCLs

Save as type: | Excel Files (xlsx)

= Hide Folders
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Chapter 18

Summary and Recommendations to Compute a 95% UCL for Full
Uncensored and Left-Censored Data Sets with NDs

This chaptebriefly summarizesecommendations antie process to compute upper confidence limits of
the populationmean based upon data sets with and withNi observations. The recommendations are
made based upon the simulation studies summarizetinigh, Singh, and Engelhardt (1997, 1999);
Singh, Singh, and laci (2002); Singh and Singh (2003); and Sitgichle, and_ee (2006) Somedetails
can be foundn Chapter®2 and 4 of the associated ProUCL 5.0 Technical Gibépending upon the
data sizedatadistribution (e.g., normal, gamma, lognormal, and nonparametac)l data skewness,
ProUCL suggests usirmne ormore 95% UCL to estimate the population me#meeded, the user may
want to consult a statistician for additional insight.

18.1 Computing UCL95s of the Mean Based Upon Uncensored Full Data Sets

1 Formal GOF testand GOF @QQ plotsare usedfirst to determme the data distribution so that
appropriate parametric or nonparametric UCL&&n be computed

9 For a normally or approximately normally distr
t-distributionbasedJCLof t he mean. S odifielde-statishicsbased UCICdan ber  m

used toestimatehe EPC term when the data set is symmetric,(@&gwness \rk%‘ is smaller than

0.2-0.3) or mildly skewed; that is, wheror { is less than 0.5.

f For gamma or approximately gamma distributed data sets, the user is advised to: 1) use the
approximate gammb/CL when k>1 anch O5 0 ; 2) usemmaWCt wredk>Liaand ed ga
n<50; 3) use the bootstrap met hod or Hal | 6skhab® ot samcépt met & a
size,n < 15-20; and 4) use the adjusted gamd@L (if available) forkhnatO 1 and snampl e <
O15. If the adjusted gammaCL is not availhle, then use the approximate gamd@L as an
estimate of the EPC term. When bootsttap met hod or Hal l 6s bootstrap
inflated UCL (e.g., when outliers are present) result, &L may be computed using the
adjusted gammBlCL (if available) or the approximate gamrikCL.

1 For lognormally distributed data sets, ProUCL recommend€h computation method based
upon the sample size, and standard deviation of the kignsformed datdr. These suggestions
are summazed in Table2-10 of the ProUCL 5.0 Technical Guide

1 For nonparametric data sets, which are not normally, lognormally, or gamma distributed, a
nonparametridJCL is used to estimatthe EPC term. Methods used to estimate EPC terms
based upon nonparametdata sets are summarized in Tablgl of the ProUCL 5.0 Technical
Guide For example for mildly skewed nonparametric data sets of smaller sizes (e.g., <30), one
may use amodifiedt UCL or BCA bootstrap UCL; and for larger samples one mayauSET-

UCL, adjustedCLT UCL, or a BCA bootstrap UCL.These nonparametridCLs computation
methods do not provide desired coverage to the mean for moderately skewed to highly skewed
data sets.
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1 For moderately skewed to highly skewed nonparametric data sets, thieauGeebyshev (Mean,
Sg UCL is suggested. lis noted that for extremely skewed data sets (e.g., witbxceeding
3.0), even a Chebyshev inequalitgsed 99%JCL of the mean fails to provide the desired
coverage (e.g., 0.95) of tipepulation mean.

1 For highly skewed data sets with exceeding 3.0, 3.5, it is suggested to-pracess the data. It
is very likely that the data consist of outliers and/or come from multiple populations. The
population partitioning ®thods may be used to identify mixture populations present in the data
set. For defensible conclusions, the decision statistics such as EPC terms may be computed
separately for each of the identified gudpulationpresent in the mixture data set

18.2 Computing UCLs Based Upon LeftCensored Data Sets with Nondetects

The parametricmaximum likelihood estimationMLE) methods assume that there is only one detection
limit; therefore parametric MLE methods (e.g., Cohen's MLE method) are not available inLP3dJC
Since it is not easy to verify (perform goodnes$dit) the distribution of a lefcensored data set
consisting ofdetects andNDs with multiple detection limits some pooperformingestimation methods
including theparametric MLE methodand thewinsorization methodre not retained in ProUCL 5.0. In
ProUCL 5.0, emphasis is given on the usenohparametric UCLcomputation methodand hybrid
parametric methods based upon KM estimathgh account for data skewneigssthe computation of
UCL95. It is recommended tovaid the use of transformations (to achieve symmetry) while computing
the upper limitsbased upon leftensored data set# is not easy to correctlynterpret thestatistics
computed in theransformedscale. Moreover, the results astatistics computed in the original scale do
not suffer from transformation biad.ike full uncensored data sets, &hthe standard deviation of the
log-transformed data becomes >1a@pid the use of a lognormal model even when the data appear to be
lognormally distributed. Its use often results in unrealistic statistics of no practical merit (Singh, Singh,
and Engelhard 1998ingh, Singh, and laci, 2003} is alsorecommended to identify potential outliers
representing observations coming from pagioh(s) different from the main dominant population and
investigate them separately. Decisions about the disposition of outliers should be made by all interested
members of the project team.

71 Itis recommended to avoid the use of Blg2 (t) UCL method as the DL/2 UCLdoesnot
providethe desirecdcoverage (for any distribution and sample size) for the population mean,
even for censoring levels as low as 10%, 15%. This is contrary to the conjecture and assertion
(e.g., EPA 2008) made that the DL/2 metdacan be used for lowee.,0 20 %) censor i
levels. The coverage provided by the DL/2 (t) method deteriorates fast as the censoring
intensity increases. The DL/2 (t) method is not recommended by the authors or developers of
this text and ProUCL 5.0.

1 The use of theKM estimationmethod is a preferred method as it can handle multiple
detection limits.Therefore, the use of KM estimates is suggested to compute the decision
statistics based upon methods which adjust for data skewnegendling uporthe data set
size, distribution of the detected data, atata skewness, the various nonparametric and
hybrid KM UCL95 methods including KM (BCA), bootstragKM UCL, Chebyshev KM
UCL, GammaKM UCL based upon the KM estimates provide good coverages for the
popuation meanAll of these methods are available in ProUCL 5.0.
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GLOSSARY

Anderson-Darling (A-D) test: The AndersofDarling test assesses whether known data come from a
specified distributionln ProUCL the AD test is used to tetite null hypothesis dt a samplelata setx,,
..., Xp came from ayamma distribute@opulation.

Background Measurements: Measurements that aret siterelated or impacted by site activities
Backgroundsources can be naturally occurring or anthropogenic-fmete).

Bias: The systematic or persistent distortion of a measured value from its true value (this can occur
during sampling design, the sampling process, or laboratory analysis).

Bootstrap Method: The bootstrap method is a compdbaised method for assigning measuid
accuracy to sample estimates. This technique allows estimation of the sample distribution of almost any
statistic using only very simple methods. Bootstrap methods are generally superior to ANOVA for small
data sets or where sample distributions amenmormal.

Central Limit Theorem (CLT): The central limit theorem states that given a distribution with a ngean
andvarianced®> t he sampling distribution of the mean ap|]
and a v rdNathecsempl8ize, increases.

Coefficient of Variation (CV): A dimensionless quantity used to measure the spread of data relative to
the size of the numbers. For a normal distribution, the coefficient of variation is given by #/x8also
known as the relativetandard deviation (RSD).

Confidence Coefficient (CC): The confidence coefficient (a number in the closed interval [0, 1])
associated with a confidence interval for a population parameter is the probability that the random interval
constructed from a raom sample (data set) contains the true value of the parameter. The confidence
coefficient is related to the significance level of an associated hypothesis test by the equality: level of
significance = I confidence coefficient.

Confidence Interval: Baseal upon the sampled data set, a confidence interval for a parameter is a random
interval within which the unknown population parameter, such as the mean, or a future obseryation, x
falls.

Confidence Limit: The lower or an upper boundary of a confidemterival. For example, the 95% upper
confidence limit (UCL) is given by the upper bound of the associated confidence interval.

Coverage, Coverage Probability:The coverage probability (e.g., = 0.95) of an upper confidence limit
(UCL) of the population mearepresents the confidence coefficient associated with the UCL.

Critical Value: The critical value for a hypothesis test is a threshold to which the value of the test
statistic is compared to determine whether or not the null hypothesis is rejectedtitdlevalue for any

hypothesis test depends on g8@mple sizethes i gni fi cance | evel, U at whi c|
whether the test is orsded or twesided.

Data Quality Objectives (DQOSs): Qualitative and quantitative statements deriveaimf the DQO
process that clarify study technical and quality objectives, define the approypitef data, and specify
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tolerable levels of potential decision errors that will be used as the basis for establishing the quality and
guantity of data needed support decisions.

Detection Limit: A measure of the capability of an analytical method to distinguish samples that do not
contain a specific analyte from samples that contain low concentrations of the amas/the lowest
concentration or amouwf the target analyte that can be determined to be different from zero by a single
measurement at a stated level of probahilitetection limits are analyt@nd matrixspecific and may be
laboratorydependent.

Empirical Distribution Function (EDF): In statistics, an empirical distribution function is a cumulative
probability distribution function that concentrates probabilitydt/each of the numbers in a sample.

Estimate: A numerical value computed using a random data set (sample), and is usesdstgegtimate)
the population parameter of interest (e.g., mean). For example, a sample mean represents an estimate of
the unknown population mean.

Expectation Maximization (EM): The EM algorithm is used to approximate a probability function
(PDP). EM istypically used to compute maximum likelihood estimates given incomplete samples.

Exposure Point Concentration (EPC):The constituentconcentration within an exposure unit to which
the receptors are exposed. Estimates of the EPC represent the concetgratiased in exposure
assessment.

Extreme Values Values that are welleparated from the majority of the data seming from the
far/extreme tails of the data distribution.

Goodnessof-Fit (GOF): In general, the level of agreement between an obseetedf values and a set
wholly or partly derived from a model of the data.

Gray Region: A range of values of the population parameter of interest (such as coeatituent
concentration) within which the consequences of making a decision error aneshglatinor. The gray

region is bounded on one side by the action level. The width of the gray region is denoted by the Greek
letter delta  ighis guidance.

H-Statistic: Land's gatistic used to compute UCL of mean of a lognormal population

H-UCL: UCLbased onStdtisimadoés H

Hypothesis: Hypothesis is a statement about the population parameter(s) that may be supported or
rejected by examining the data set collected for this purpose. There are two hypotheses: a null hypothesis,
(Ho), representing testable presumption (often set up to be rejected based upon the sampled data), and an
alternative hypothesis (H}i representing the logical opposite of the null hypothesis.

Jackknife Method: A statistical procedure in which, in its simplest form, esténaare formed of a
parameter based on a set of N observations by deleting each observation in turn to obtain, in addition to
the usual estimate based on N observations, N estimates each bastbseX/ations.

Kolmogorov-Smirnov (KS) test: The Kolmogaov-Smirnov test is used to decide ifdata secomes
from a population with a specific distribution. The Kolmogefmirnov test is based on the empirical
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distribution function (EDF)ProUCL uses the KS test to test the null hypothesis if a data ssi$od
gamma distribution.

Left-censored Data SetAn observation is leftensored when it is below a @intvalue (detection limit)

but it is unknow by how much left-censored observations are also called nondetect (ND) observations

A data set consistg of left-censoredobservations is called a lefensored data set. In environmental
applicationstrace concentrations of chemicals may indeed be present in an environmental sample (e.g.,
groundwater, sojlsedimentbutcannot be detected and are repbde less thatihe detection limit of the
analytical instrument or laboratory methased

Level of Significance(U): The error probability (also known as false positive error rate) tolerated of
falsely rejecting the null hypothesis and accepting tlegradtive hypothesis.

Lilliefors test: A goodnesof-fit testthat tests fomormality of large data sets whgropulation mean
and variance are unknown.

Maximum Likelihood Estimates (MLE): MLE is a popular statistical method used to make inferences
aboutparameters of the underlying probability distribution of a given data set.

Mean: The sum of all the values of a set of measurements divided by the number of values in the set; a
measure of central tendency.

Median: The middle value for an ordered setovalueslt is represented by the central value when n is
odd or by the average of the two most central values when n is even. The median is the 50th percentile.

Minimum Detectable Difference (MDD): The MDD is the smallest difference in means that the
statistical test can resolve. The MDD depends on satoptample variability, the number of samples,
and the power of the statistical test.

Minimum Variance Unbiased Estimates (MVUE): A minimum variance unbiased estimator (MVUE or
MVU estimator) is an uribsed estimator of parameters, whose variance is minimized for all values of the
parameters. If an estimator is unbiased, then its mean squared error is equal to its variance.

Nondetect (ND)values Censored data values.

Nonparametric: A term describingstatistical methods that do not assume a particular population
probability distribution, and are therefore valid for data from any population with any probability
distribution, which can remain unknown.

Optimum: An interval is optimum if it possesses opdl properties as defined in the statistical literature.
This may mean that it is the shortest interval providing the specified coverage (e.g., 0.95) to the
population mean. For example, for normally distributed data sets, the UCL of the population seghn ba
upon Studentdés t distribution is opti mum.

Outlier: Measurements (usually larger or smaller than the majority of the data values in a sample) that

are not representative of the population from which they were drawn. The presence of outliers distorts
most statistics if used in any calculations.
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p-value: In statistical hypothesis testing, thev@lue associated withan observedalue, topsernedof SOME
random variabld used as a test statistic is the probability that, given that the null hypothtsis, iB
will assume a value as or more unfavorable to the null hypothesis as the observegvaly@he null
hypothesis is rejected for all levelsofi gni fi cance, U grealmd. er than or egq

Parameter: A parameter is an kmown or known constant associated with the distribution used to model
the population.

Parametric: A term describing statistical methods that assumgarabability distribution such as a
normal, lognormal, or a gamma distribution

Population: The total collection of N objects, media, or people to be studied and from which a sample is
to be drawnlt is the totality of items or units under consideration.

Prediction Interval: The interval (based upon historical ddtackground dajawithin which a newly
and independently obtained (often labeled as a future observation) site obsereajipnorsite,
compliance well) of the predicted variable.d., lead) falls with a give probability (or confidence
coefficient).

Probability of Type 1 (2) Er r or Th=b )pr obability, referred to as
will not be rejected when in fact it is false (false negative).

Probability of Type | (1) Error = Levelof Si gni f i Thhencer dali)l:i ty, referr
that the null hypothesis will be rejected when in fact it is true (false positive).

p" Percentile or p™ Quantile: The specific valueX, of a distribution that partitions a data set of
measurements in such a way that the p percent (a number between 0 and 100) of the measurements fall at
or below this value, and (198) percent of the measurements exceed this v&jue,

Quality Assurance (QA): An integrated system of management activitiesolving planning,
implementation, assessment, reporting, and quality improvement to ensure that a process, item, or service
is of the type and quality needed and expected by the client.

Quality Assurance Project Plan A formal document describing, in mprehensive detail, the necessary
QA, quality control QC), and other technical activities that must be implemented to ensure that the
results of the work performed will satisfy the stated performance criteria.

Quantile Plot: A graph that displays the émt distribution of a data set, ranging from the lowest to the
highest value. The vertical axis represents the measured concentrations, and the horizontal axis is used to
plot the percentildguantilesof the distribution.

Range: The numerical differencleetween the minimum and maximum of a set of values.

Regression on Order Statistics (ROS)A regression line is fit to the normal scores of the order statistics

for the uncensored observations and then to fill in values imputed from the straight litiee for
observations below the detection limit.

Resampling: The repeated process of obtaining representative samples and/or measurements of a
population of interest.
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Reliable UCL: This is similar to a stable UCL.

Robustness: Robustness is used to comparetistiaal tests. A robust test is the one with good
performance (that is not unduly affected by outli@nsl underlying assumptionor a wide variety of
data distributions.

Resistant Estimate: A test/estimate which is not affected by outliers is cadleédsistant test/estimate

Sample: A sample here represents a random sample (data set) obtained from the population of interest
(e.g., a site area, a reference area, or a monitoring well). The sample is supposed to be a representative
sample of the populan under study. The sample is used to draw inferences about the population
parameter(s).

Shapiro-Wilk (SW) test: ShapireWilk testis a goodnessf-fit testthat testghe null hypothesis that a
sampledata sety, ...,X, came from a normally distribed population.

Skewness:A measure of asymmetry of the distribution of the characteristic under study (e.g., lead
concentrations). It can also be measured in terms of the standard deviatiofrahébgrmed data. The
greater ighe standard deviatiorhegreater ighe skewness.

Stable UCL: The UCL of a population mean is a stable UCL if it represents a number of practical merits,
which also has some physical meaning. That is, a stable UCL represents a realistic nhumber (e.g.,
constituentconcentrationthat can occur in practice. Also, a stable UCL provides the specified (at least
approximately, as much as possible, as close as possible to the specified value) coverage (e.g., ~0.95) to
the population mean.

Standard Deviation (d sd, SD: A measure ofvariation (or spread) from an average value of the
sample data values.

Standard Error (SE): A measure of an estimate's variability (or precision). The gré&athe standard

error in relation to the size of the estimate, the less relialie estimateStandard errors are needed to
construct confidence intervals for the parameters of interests such as the population mean and population
percentiles.

Uncensored Data SetA data set without any censored observations is called an uncensored data set.

Unreliable UCL, Unstable UCL, Unrealistic UCL: The UCL of a population mean is unstable,
unrealistic, or unreliable if it is orders of magnitude higher than the other UCLs of population mean. It
represents an impractically large value that cannot be achiemed pr act i c e . For exampl e
H-statistic often results imn impractically large inflated UCL value. Some other UCLs, such as the
bootstragt UCL and Hal | 6s UucCclL, can be i nfl ated by oul
unstable alue. All such impractically large UCL values are called unstable, unrealistic, unreliable, or
inflated UCLs.

Upper Confidence Limit (UCL): The upper boundary (or limit) of a confidence interval of a parameter
of interest such as the population mean.

Upper Prediction Limit (UPL): The upper boundary of a prediction interval for an independently
obtained observation (or an independent future observation).
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Upper Tolerance Limit (UTL): A confidence limit on a percentile of the population rather than a
confidence limit on the mean. For example, a%%nesidedUTL for 95 % coverage represents the
value below which 9846 of the population values are expected to fall with9®®onfidence. In other
words, a 95% UTL with coverage coefficient 95% represents al96for the 9%' percentile.

Upper Simultaneous Limit (USL): The upper boundary of the largest value

xBar: arithmetic average of computed using the sampled data values
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