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PREFACE

Section 305(b) of the U.S. Clean Water Act requires that the States
report biennially on the quality of their navigable waters. To assist the
States in the preparation of these reports, the Environmental Protection

Agency issues guidance information. This report on water quality trend
detefmination was prepared by Midwest Research Institute for use by EPA as
a portion of the guidance information for helping the States in preparing
their 1984 reports. The authors are indebted to the several EPA reviewers
who made many thoughtful and worthwhile suggestions to improve the earlier
draft.
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SECTION I. INTRODUCTION

Water quality reports prepared by the States and jurisdictions under
Section 305(b) of the Clean Water Act contain information on a wide variety
of parameters. Because the reports cover a relatively short 2-year period,
it is often difficult to determine with reasonable certainty whether water
quality has improved, remained constant, or degraded from one reporting
period to the next. In order to assess water quality trends, methods must be
used which differentiate a consistent trend in a given direction from natural
cyclic or seasonal changes or occasional excursions from the norm.

Generally, water quality data are affected by seasonal or cyclic
‘effects, an episodic or regular effect, a long-term monotonic trend, and
random noise. The purpose of this document is to provide a guidance in the
usage of statistical methods to separate out these effects and to test for
each of them.

The statistical methods described in this document provide the means for
the analyst to make this consistent trend assessment by using and testing
concepts of data validity and significance. These statistical techniques
will allow the analyst to detect the presence of long-term trends and to put
confidence intervals on the magnitude of trends or changes.

Once a specific statistical approach is established, it can be used in
succeeding years. As a result, the data-gathering process itself may be
modified, thereby increasing the quality and value of future data. Another
potential benefit is the discovery that historical data can have previously
unappreciated value; retrospective analyses then become possible.




In principle, statistical methods can be applied to all the data
collected during the water quality monitoring process. These data include
chemical parameter values for water, sediment, and tissue samples (e.g.,
DO, pH, nutrients, trace metals, specific organic compounds); physical
parameter values (e.g., turbidity, suspended solids, light penetration);
biological parameter values (e.g., macroinvertebrate populations, other
aquatic species); pollutant discharge or source data; and derived values
which combine several parameters in a composite evaluation of water quality
(e.g., trophic indices, water quality indices, violation statistics).
However, the water quality analyst is advised to apply statistical methods
initially to only those parameters which are of greatest interest or
priority and which offer the most extensive and reliable data. As the
analyst becomes more familiar with statistical methods, he will then be
able to expand the scope of analysis to most or all of the parameters.

Suggestions for the scope of an initial effort to use statistical
methods in determining water quality trends are as follows:

1. The analyst should select for analysis those chemical water
quality parameters which are of greatest importance to the State, to
selected areas of the State, or to the designated use in question.

2. The analyst should consider important biological parameters such
as macroinvertebrate populations and distributions.

3. A minimum of two or three of the important parameters, including
at least one from each of the categories defined in (1) and (2), should be
statistically analyzed by methods designed to obtain valid estimates of
trends.

4. The analyst will probably find that the period of these data bases
will need to be extended beyond the 2-year period specifically called for
in the 305(b) réports, so parameters should be selected for which
comparable data were collected in earlier years. Data from previous 305(b)
reporting periods could be used to augment the current period data.
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These analyses should be conducted first for specific water bodies
rather than statewide. Further, it may be necessary to initially limit an
analysis to one part of a specific water system, with later extension to
the remainder of the system. The results of data analysis should tell the
analyst which is the appropriate and valid scope.

As mentioned earlier, the analyst may find it appropriate to use a
statistical approach to modify ongoing data-gathering activities. In
addition to improving the qué1ity of the water quality data which are
collected, this may reduce the cost of data collection because data will
now be acquired more selectively.

In summary, there are two basic perspectives from which the analyst
should view the results of the application of statistical methods to water
quality data: the importance of the detected trends themselves, for what
they say about both the State's water quality and its water quality
programs; and the impact of the statistical methods and their results on
ongoing water quality data collection activities.



SECTION II. PURPOSE

The purpose of this document is to provide guidance to the States and
Regions in analyzing for treﬁds in their water quality data. It is not a
statistical treatise. Indeed, some statisticians may be concerned at the
looseness with which terms and symbols seem to be used; the lack of mention
of all the ifs, ands, and buts; and the possibility that the reader may end
up indiscriminantly using one test when another is more proper or more
powerful.

Rather, this document is aimed at persons with little background in
-statistics, or even much in algebra. Most of the methods discussed require
only simple arithmetic and the use of standard tables. As such, it is a "how
to" approach, with little or no theory. In that respect, it is rather 1ike
the statistical programs available now on most computers, whith are designed
so that a nonstatistician can readily feed in data, select the statistical
method to be used, and then read and interpret the answers. In fact, many of
the methods are available as computer programs, and examples of these are
given in this document.

To be sure, there are distinct dangers in this approach, just as there
are when nonstatisticians use the "canned" computer programs. It is always
possible to use an inappropriate or incorrect test. This document will
therefore warn the reader of the major limitations and potential pitfalls to
be avoided. Ideally, of course, the analyst would always select the "best"
test; however, the "best" test is likely to require extra effort, access to
special computer brograms, and the like. Realizing this, the analyst may be
tempted to give up and do nothing at all, or, worse, make arbitrary judgments
about "trends" in his data, with no justification. It seems better, in such
cases, to have some statistical backup, even if it is limited, before such
determinations are made.



0f course, if the analyst does have some background in statistics, has
a statistician available to assist or as a consultant, or has access to
statistical computer programs, these advantages should be applied. In such
cases, the material in this document should assist the analyst in making

even better use of his available resources.

Finally, for the reader desiring further information, all the
descriptions of the methods and tests given here include references to the

(more rigorous) statistical literature.



SECTION III. IMPORTANT CONSIDERATIONS

A. What Is A Trend?

The concept of "trend" is difficult to define. Generally, one thinks of
it as a smooth, long-term movement in an ordered series of measurements over
a "long" period of time. However, the term "long" is rather arbitrary and
what is long for one purpose may be short for another. For example, a
systematic movement in climatic conditions over a century would be regarded
as a trend for most purposes, but might be part of an oscillatory or cyclical
movement taking place over geological periods of time. In speaking of a
trend, therefore, one must bear in mind the length of the time period to
. which the statement refers. For our purposes, we shall define a trend to be
that aspect of a series of observations that exhibits a steady increase or
decrease over the length of time of the observations, as opposed to a
"change," described next. '

B. What Is A Change?

It is important to distinguish between the terms "trend" and "change";
they are often incorrectly used interchangeably in water quality reports.
However, they are not equivalent terms and should be carefully distinguished.
A "change" is a sudden difference in water quality associated with a discrete
event. For example, suppose for a period of time at a given station,
concentrations of some pollutants were persistently high. Then a new
treatment facility is placed into operation and, from then on, the
concentrations of these same pollutants are lower. This sudden improvement
in stream water quality should be referred to as a change, not a trend. A
change is sometimes called a "step trend” and, for clarity, the other is
called a "long-term trend."




C. Seasonal Effects

Observations taken over time at regular intervals often exhibit a
"seasonal" effect. By this, a regular cycle is meant. For monthly data a
seasonal effect is a regular change over the year that more or less repeats
jtself in succeeding years. This might be associated with different flow
rates corresponding to the seasonal pattern of precipitation and melting in
the watershed above a particular observation station. Here, seasonal
components will be restricted to refer to annual cycles, although in other
applications with different frequencies of observation, cycles could occur

quarterly, monthly or daily.

D. What Comprises An Observed Series?

A series of observations can be broken into several parts or components,
as illustrated in Figure 1 below. In this figure, each component of the
series has been generated separately. The seasonal component is represented
by a sine wave plotted in part a. A discrete change occurred at month 18 and
is shown in part b, along with a linear trend represented by the straight
line. Finally, part c shows an irregular or random component. These parts
are summed to give the series as it would be observed in paft d of Figure 1.
In practice, one observes a series of data such as illustrated in part d of
Figure 1. The objective of trend analysis is to determine whether such a
series has a significant long-term trend or a discrete change associated with
a particular event.

It is often the case that a trend is not immediately obvious from a
series of '"raw" measurements. Figure 2 depicts a series of ammonia
concentration values measured monthly at a single station. Statistical
techniques can be used to obtain the "deseasonalized" data (more will be said
about this later), and the trend line for the deseasonalized data. (This
particular example was taken from STORET). The horizontal axis represents
time (months) and the vertical axis is the ammonia concentration in mg/1.
Trend analysis techniques attempt to sort out the data displayed in Figure 2
into components such as those illustrated in Figure 1 using statistical
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techniques to test for the presence of a trend while adjusting for a seasonal
effect. The techniques discussed as trend analysis provide methods to
determine whether the data show a trend, a change (often referred to as a
step trend), its direction, and whether such a change or trend is sta-
tistically significant--larger than can be ascribed to random variation.

Most of the methods presented later in this document deal with trends,
although some tests dealing with changes are also included. We concentrate
dn simple techniques. More detailed analyses of such data are referred to as
time series analysis and can become quite complex. These more detailed

methods are discussed briefly in Section IV-E.

E. How Much Data?

Three or four measurements do not make a trend. .Imagine a friend
flipping a coin and getting "heads" four times in a row. We might consider
that to be an interesting result, but not one that would prompt us to
. conclude that the coin had heads on both sides. The amount of data is just
not convincing enough. However, if the friend continued flipping the coin
and obtained 10 heads in a row, we would then seriously suspect that the coin
was indeed unusual. This assumes, of course, that we can rule out the
possibility that the friend is somehow manipulating the outcome of the coin
tosses and thus biasing the results.

The amount of water quality data needed depends on the frequency of
collection and the period of seasonality considered. Theoretically, the
amount of data needed can be quantified using the laws of probability if the
specific requirements of the analysis are stated. Such detailed sample size
calculations are quite specific to each situation. However, a general
discussion of the considerations can give some guidance. Referring to part a
of Figure 1, one can see that a short series of six to eight monthly
observations would give a rather misleading impression of the series. It
could show a marked increasing trend, a decreasing one, or one of two types
of curvature. Clearly, to identify a cyclical pattern, the number of
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observations must be 1arge enough to cover two complete cycles and preferably
more. Thus, with monthly data and a seasohal effect, a minimum of 24 to
30 months of data would be needed. On the other hand, if data are aggregated
to an annual basis, one might be able to identify a trend based on as few as
5 or 6 years. However, such an identification would not be able to
distinguish between a discrete change and a long-term trend, nor whether the
observed trend might be part of a longer cycle.

The more data, the more components of a series could be identified.
One rule of thumb is that fhere should be 10 observations (some authors
prefer 20) for each component to be tested for or adjusted for. In addition,
for cyclical effects, the series should cover at least two full periods. "The
2 years of data reported in 305(b) would be just barely sufficient to apply a
technique that includes seasonality. It would be preferable to include data
from previous reporting periods, provided that they are compatible.

F. How Often?

The sampling scheme, i.e., the frequency of data collection, and the
number of sites and parameters, dictates to a great extent the type of
statistical procedures which should be used to analyze the data. Most water
quality characteristics (physical, chemical, biological) are collected on a
monthly basis; others are obtained once a year.

Examples of water quality characteristics measured in the EPA's basic
water monitoring program include:

11



Sampling frequency

Characteristic in rivers and streams
Flow monthly
Temperature monthly
Dissolved oxygen ' monthly
pH monthly
Conductivity monthly
Fecal coliform monthly
Total Kjeldahl nitrogen monthly
Nitrate plus nitrite monthly
Total Phosphorus ' monthly
Chemical oxygen demand monthly
Total suspended solids monthly
Representative fish/shellfish annually

tissue analysis

The important point is that the trend analysis must consider sampling
frequency when determining the appropriate type of trend analysis. If a
cyclical component is suspected, the frequency must be a relatively small

~ fraction of the period in order to estimate the cycle. In addition, data for
at least two cycles would be needed. On the other hand, if data are
collected at intervals as long as or longer than a possible cycle, it is
important to ensure that data collection times are at the same point in the
cycle. Otherwise, spurious trends might appear or the variability of the
data might be substantially increased. Care should be taken to ensure that
data collection is under the same conditons each time a sample is obtained.

G. Hypothesis Testing

In hypothesis testing, a statement (hypothesis) to be tested is
specified. It is generally stated with enough detail so that probabilities
of any particular sample can be calculated if it is true. The hypothesis to
be tested is referred to as the "null" hypothesis. An example is the
hypothesis that a set of data are independent and identically distributed
according to the normal distribution with mean zero and variance



one. This would correspond to the hypothesis of no trend. (For most water
quality parameters a different mean and variance would be appropriate.) A
second hypothesis-~the alternative--may be specified. This represents a
different situation that one wishes to detect, for example, a trend or
tendency for the concentration of a pollutant in water to decrease with time.

To test a hypothesis, one observes a sample of data and calculates the
probability of the data assuming that the hypothesis is true. If the
calculated probability is reasonably large, then the data do not contradict
the null hypothesis, and it is not rejected. On the other hand, if the
observed data are very unlikely under the null hypothesis, one is faced with
concluding either that a very unlikely event has occurred, or that the null"
hypothesis is wrong. Generally, if the observed data are less likely than a
prespecified level, one agrees to conclude that the null hypothesis is wrong
and to reject it.

In testing a hypothesis one can make two types of errors. First, one
" can reject the null hypothesis although it is true: this is called an error
of the first kind or a Type I error. The probability of a Type I error is
often denoted by the letter a. An example of a Type I error would be stating
that a trend existed when the data were actually random. Oﬁ'the other hand,
one can erroneously accept the null hypothesis when in fact it is false; this
is called an error of the second kind or a Type Il error. The probability of
a Type II error is often denoted by the letter B. An example of a Type II
error would be the failure to detect a real trend in water quality. To
decide whether to reject a null hypothesis, probability levels usually
expressed as percentages are used. These probability levels are also called
significance levels and are commonly chosen to be 1, 5, or 10%. In addition,
confidence levels are defined as 100% minus the significance levels, e.g.,

99, 95, or 90%, respectively.

Consider again the friend with the coin. If the coin and the friend are
unbiased, there is an equal chance that on any given toss the coin will come
up heads or tails. The probability, usually denoted by p, that it will be
heads is thus 50% or 1/2. The probability of getting heads four times in a
row is:

13



(1/2)(1/2)(1/2)(1/2) = 1/16, or 6.25%. O

That is, the odds are only 1 out of 16 that this result would occur purely by
chance. If the friend repeated the experiment 16 times, only once (on the
average) would he get heads 4 times in a row.

If one agrees to reject the hypothesis that p = 1/2 if he gets four
heads in a row, then the sfgnificance level of 0.0625 is the mathematical
probability of failing to accept the null hypothesis that the coin has both a
head and a tail that are equally likely to come up (based on this
experiment). An a-value of 0.0625 could be considered statistically
"significant." If one decides to reject only if heads appeared 10 times in a
row, the probability of the friend getting heads 10 times in a row is 1/2
multiplied by itself 10 times, which is approximately 0.001, or 1 chance out
of a 1,000. Such a finding would usually be considered "highly" significant,
- indeed.

H. Estimation

In addition to testing a hypothesis (of no trend against the alternative
that a trend exists for example), one may wish to estimate the magnitude of a
trend. Such a measure might be a change in concentration per year. Two
aspects of statistical estimation need to be kept in mind. First, one may
obtain a point estimate, which is a statistic that gives the "best" single
value for the size of the trend. However, this by itself is of little use.
It needs to be coupled with a test to determine whether that value is
significantly different from zero. An additional formulation is to give a
range or an interval estimate for the value in question. Such an interval in
statistics is called a confidence interval. This is an interval calculated
from the data in such a manner that it would contain the true but unknown
value of the measure in a specified proportion of the samples. The
proportion of the samples that would yield an interval that contains the

14



measure is called the confidence level. As mentioned previously, it relates
to the significance level, a, in that it is 100%¥ minus the significance
level.

In general, one would want to estimate the magnitude of any trend and to
place confidence limits on the magnitude of the trend. If the sample size is
small, and/or the variance is quite large, these confidence limits will be
very wide, indicating that the trend is not well estimated. If the
confidence limits are quite close, one can be confident that the trend is
well estimated.

I. The Normal Distribution

The results of performing an experiment such as flipping a coin or mea-
suring the pH of a water sample can be tabulated as it is repeated over and
over again. If the frequency of each observed resuit is then plotted against
the result itself, the graph is called the frequency distribution, or dis-
tribution for short. A very important type of distribution often used in
conjunction with trend analysis (and many other types of statistics) is
" ‘called the normal distribution.

The normal distribution (also called the Gaussian distribution) has
dominated statistical practice and theory for centuries. It'has been ex-
tensively and accurately tabulated, which makes it convenient to use when
applicable. Many variables such as heights of men, lengths of ears of corn,
and weights of fish are approximately normally distributed. In some cases
where the underlying distribution is not normal, a transformation of the
scale of measuremenﬁ may induce approximate normality. Such transformations
as the square root and the logarithm of the variable are commonly used. The
normal distribution may then be applicable to the transformed values, even if
it is not applicable to the original data.
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In many practical situations the variable of interest is not the
measurement itself (e.g., the weight of a fish), but the average of the
measurements (e.g., the average weight of 100 fish in a survey). Even if
the distribution of the original variable is far from normal, the
central-limit theorem states that the distribution of sample averages tends

to become normal as the sample size increases. This is perhaps the single
most important reason for the use of the normal distribution.

The normal distribution is completely determined by two quantities:
its average or mean (p) and its variance (02). The square root of o2%,(o0),

is called the standard deviation. The mean locates the center of the dis-

tribution and the standard deviation measures the spread or variation of
the individual measurements. Figure 3 depicts two normal distributions,
both with mean 0, but with different standard deviations.

“

Relative Frequency
- »

o

o)
[\
o
F

-4 -3 -2 - |
Value of X

Figure 3. Two normal distributions of a variable X.
Solid line: u=0,0=1
Dotted line: p =0, 0=1.5

The values of the mean and variance of water quality parameters could
be practically anything, depending upon the parameter, when and where it
was measured, etc. In order to simplify calculations it is desirable to
change (transform) the data to obtain a mean of 0 and a variance of 1. To
do so, compute a new variable

Z:u
o

16



where X is the original variable with mean p and variance o2. Then Z has a
mean of 0 and a variance of 1. The quantity Z is called the standard normal
deviate, and has what is known as the standard normal distribution, which is
extensively tabulated. (Ffom Z, X can be computed as X = oZ + p.)

In statistical testing one compares a computed value with values in a
table. There are basically two types of tests--one-sided and two-sided. In
the coin flipping example where we were interested only in the result involv-
ing all heads, one would use a one-sided test. However, if the whole argu-
ment were repeated without reference to heads specifically, but only to the
fact that the same outcome was achieved four times or ten times in a row, the
odds would all change. The chances of getting four like results in a row is
only (1/2)(1/2)(1/2)=1/8, because the first flip is immaterial; it only
matters that the last three match the first one, whatever it was. In this
case one would use a two-sided test. One often refers to the one-sided test
as using one tail (end) of a distribution (see Figure 4 below), and the
two-sided test as looking at both tails of the distribution. (By the way,
the term, two-sided, really has nothing to do with the two sides of a coin,
nor does a tail of the distribution refer to the tail side of a coin.)

\ 1 .
=31 =2] -I] o &b 2@ 3
) Value of Z .

Figure 4. Standard normal distribution
(W=0,0=1)
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Table 1 below shows one way of tabulating the standard normal
distribution. The following is an explanation of how to use the table for
testing. Each number in the table corresponds to the shaded area in Figure 4
for a particular, positive value of Z.

The water quality analyst can use the table either for a two-sided test
(e.g., is there a trend?) or for a one-sided test (e.g., is the trend in-
creasing?). The two-sided test would normally be used but, for simplicity,
the one-sided test will be explained first.

Suppose a calculated Z from some test is 1.53, that the alternative
hypothesis calls for a one-sided test, and we want to know if Z is signifi-
cant. We then ask, what is the probability of obtaining a Z greater than or
equal to 1.53. Referring to Table 1, in the left hand column chose the line
at 1.5; across the top, chose the column at 0.03, since 1.53 = 1.5 + 0.03.
The number at the intersection of the line and the column is 0.0630. The
probability of obtaining a Z greater than or equal to 1.53, purely by chance,
"~ -is therefore 0.0630. If one had previously chosen a significance level of 5%
(a = 0.05), this value of Z would not be significant because the obtained
value, 0.0630, is greater than the chosen significance level of 0.05. That
is we could not say confidently that the trend being tested was real; the
data could well be just random numbers.

To use the table for a two-sided test, with the same value of Z, we
first obtain the same probability from the table. However, the probability
we have to use is that of obtaining a Z greater than or equal to 1.53, or
less than or equal to -1.53. This probability is twice 0.0630 or 0.1260
since the curve is symmetrical about Z = 0.

In summary, for the calculated Z of 1.53, we determined the one-sided
significance level as being 0.063 and the two-sided significance level as
being 0.126. Table 1 can also be used the other way around. For a given
significance level a of 0.025, for example, we wish to determine a value, Zc,

18



TABLE 1
UPPER TAIL* PROBABILITIES FOR THE STANDARD NORMAL DISTRIBUTION

—P» 1.5

g

x 00 01 .02 .03 04 05 06 .07 .08 .09
0 .5000 .4960 .4920 .4880 .4840 .4801 4761 4721 .4681 .4641
J 4602 4562 4522 4483 4443 4404 4364 4325 .4286 .4247
2 4207 4168 4129 4090 .4052 4013 .3974 .3936 .3897 .3859
J 3821 3783 3745 3707 3669 3632 3594 3557 .3520 .3483
4 3446 3409 3372 3336 3300 3264 3228 .3192 .3156 3121
S 3085 .3050 .301S .2981 .2946 2912 .2877 .2843 .2810 .2776
£ 2743 2709 .2676 .2643 2611 2578 .2546 .2514 2483 2451
J 0 .2420  .2389 .2358 .2327 .2296 .2266 .2236 .2206 .2177 .2148
.8 2119 .2090 .2061 .2033 .2005 .1977 .1949 .1922 .1894 .1867
9 .1841 .1814 .1788 .1762 .1736 .1711 .1685 .1660 .1635 .1611
1.0 .1587 .1562 .1539 .1515 .1492 .1469 .1446 .1423 .1401 .1379
1.1 .1357 .1335 .1314 .1292 .1271 .1251 .1230 .1210 .1190 .1170
1.2 .1151 .1131 .1112 .1093 .1075 .1056 .1038 .1020 .1003 .0985
1.3 .0968 .0951 .0934 .0918 .0901 .0885 .0869 .0853 .0838 .0823
14 .0808 .0793 .0778 .0764 .0749 .0735 .0721 .0708 .0694 .0681

0668 0655 .0643 0618 .0606 .0594 .0582 .0571 .0S59

1.6 .0548 .0537 .0526 .0S516 .0505 .0495 .0485 .0475 .0465 .0455
1.7 .0446 .0436 .0427 .0418 .0409 .0401 .0392 .0384 .0375 .0367
1.8 .0359 .0351 .0344 .0336 .0329 .0322 .0314 .0307 .0301 .0294
1.9 .0287 .0281 .0274 .0268 .0262 .0256 .0250 .0244 .0239 .0233

2.0 .0228 .0222 .0217 .0212 .0207 .0202 .0197 .0192 .0188 .0183

2.1 .0179 .0174 0170 .0166 .0162 .0158 .0l154 .0150 .0146 .0143

2.2 .0139 .0136 .0132 .0129 .0125 .0122 .0119 .0116 .0113 .0110

2.3 .0107 .0104 .0102 .0099 .0096 -.0094 .0091 .0089 .0087 .0084

24 .0082 .0080 .0078 .0075 .0073 .0071 .0069 .0068 .0066 .0064

2.5 .0062 .0060 .0059 .0057 .00sS§ .00s4 .00s2 .00S1 .0049 .0048

2.6 .0047 .0045 .0044 .0043 .0041 .0040 .0039 .0038 .0037 .0036

2.7 .0035 .0034 .0033 .0032 .0031 .0030 .0029 .0028 .0027 .0026

2.8 .0026 .0025 .0024 .0023 .0023 .0022 .0021 .0021 .0020 .0019

29 .0019 .0018 .0018 .0017 .0016 .0016 .00iSs .0015 .0014 .0014

3.0 .0013 .0013 .0023 .0012 .0012 .0011 .0011 .0011 .0010 .0010

3.1 .0010 .0009 .000% .0009 .0008 .0008 .0008 .0008 .0007 .0007

3.2 .0007 .0007 .0006 .0006 .0006 .0006 .0006 .0005 .000S .000S

.33 .0005 .0005 .0005 .0004 .0004 .0004 .0004 .0004 .0004 .0003

34 .0003 .0003 .0003 .0003 .0003 .0003 .0003 .0003 .0003 .0002

*For a two-tailed significance level of x , multiply probability in
table by 2.
Source: Hollander and Wolfe (1973) p. 258



such that a value of Z obtained from our data smaller than ZC would not be
significant while a value of Z equal to or greater than Zc would be sig-
nificant. Zc is therefore called the critical value associated with the
significance level a. In the case of a = 0.025 and a one-sided test, the
critical value would be 1.96 (row at 1.9 and column at 0.06). As before, the
probability of Z being less than or equal to -1.96 is also 0.025. We can
thus say that the probability of Z being between -1.96 and +1.96 is
1-2(0.025) = 0.95, or 95% of the values of Z are between -1.96 and +1.96.
Thus, Zc = 1.96 is the critica] value for a = 0.025 (one-sided) or a = 0.05
(two-sided). If we want to determine, directly, the critical value for a =.
0.025 (two-sided), we look in Table 1 for 0.0125 = a/2 and find Z, = 2.24
(row at 2.2 and column at 0.04).

J. Parametric or Distribution-Free?

Suppose there are two years of monthly water quality data and we want to
test whether the water quality in one year differed from that in the other,
- based on the level of a certain pollutant. The classical method to test for
differences in the concentration of the pollutant in the two years would be
to compute a two-sample t-test. This test, like all statistical tests, is
based on a number of assumptions about the underlying distribution from which
the data were drawn. For the two-sample t-test, these assumptions are:
(1) the errors are independent, (2) the variances are the same, (3) the
distribution is normal, and (4) the null hypothesis is that the two means are
the same. Procedures such as those that specify the form of the underlying
distribution (e.g., normal) up to a few parameters are referred to as
parametric procedures. Many of these are based on the normal distribution or
on sampling distributions (e.g., t-, F-distribution) derived from it.

An alternative approach is to base the test statistic on less detailed
assumptions about the underlying distribution. For example, if the null
hypothesis merely specifies that the distribution of the water quality mea-
sure was the same in the two years and was continuous, then a nonparametric

or distribution-free test can be used. The most widely used such test is
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the Wilcoxon-Mann-Whitney two-sample rank test (see Section V-C). Because it
does not depend on the assumed form (e.g., normal) of the underlying distri-
bution, inferences based on thé Wilcoxon rank sum test may be more reliable.
On the other hand, a distribution-free test will typically have lower power
to detect specific alternatives than will the appropriate parametric test if
all the assumptions of the parametric test hold. However, in most cases the
difference is negligible.

In order for some of the commonly applied parametric statistics to be
valid, the data should be apbroximate]y normally distributed, or capable of
being transformed so that they become so. A check for normality is discussed
in Section VI. Unfortunately, most water quality data are often far from
being normally distributed. There are two drawbacks to transforming the
data. One is that it may be difficult to select a suitable transformation.
The second is that the transformation may induce a scale that is difficult to
interpret, or might change some of the other assumptions.

If the classical parametric statistical methods are not valid for the
data, we must rely on the less familiar nonparametric methods. These
procedures require fewer assumptions, so they have wider applicability. Most
commercial statistical computer program packages such as SAS; BMDP, and SPSS
include some nonparametric methods for data analysis, although these often
are restricted to hypothesis testing applications. (They may indicate
whether or not a trend exists, but not provide estimates or confidence
intervals of its magnitude).

In addition to the assumption of normality (or another specific dis-
tribution), statistical procedures--particularly parametric procedures--are
based on a number of other assumptions. The most common of these are
constant variance, linearity of a trend, and independence of errors. The
distribution-free procedures are less sensitive to violations of the assump-
tion of equal variances. Further, the distribution-free procedures generaﬁ]y
deal only with a monotonicity requirement for a trend rather than a specif-
ically linear one, so they may be better for testing. However, procedures
such as regression can easily accommodate various forms of a trend such as
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polynomials in estimating the magnitude of the trend. Both types of proce-
dures assume independence of errors and can be sensitive to correlation of
errors. Correlated errors call for more complex time series analysis that
specifically incorporates the error structure.

Many of the methods described in this document are nonparametric. How-
ever, some of the more common parametric tests are also presented. If the
data appear to be normally distributed or can be transformed to be so, the
user may prefer these more Wide]y known tests.

K. Plotting

Before using any statistical method to test for trends, a recommended
first step is to plot the data. Each point should be plotted against time
using an appropriate scale (e.g., month or year). Figure 2, presented
earlier, is an example of such a plot.

In general, graphs can provide highly effective illustrations of water
quality trends, allowing the analyst to obtain a much greater feeling for the
data. Seasonal fluctuations or sudden changes, for example, may become quite
visually evident, thereby supporting the analyst in his decision of which
sequence of statistical tests to use. By the same token, extreme values can
be easily identified and then investigated. Plots of water quality
parameters, expressed as raw concentrations or logarithms, loadings, or water
quality index, can easily be plotted against time using STORET. Also, SAS
features a plotting procedure, less sophisticated, however; for the reader
familiar with SAS GRAPH, a series of computer graphics is available if the
appropriate hardware is on hand.

Another area where plotting plays an important and instructive role is
when testing for normality of data. A relatively simple plotting procedure
is available to the user, in the case when the data base is not too large,
since the p1otting is done by hand. A1l one needs is probability paper. The
use of probability paper is illustrated with an example in Section VI.

22



L. Organization of this Document

The normal-theory or parametric procedures are discussed in Section IV,
while the distribution-free procedures are grouped into Section V. In
Section IV, after methods to deseasonalize data are presented, a test for
long-term trend is discussed, then a test for step trend (change), followed
by a test for both types of trend. Finally, time series analysis is briefly
discussed in the last subsection.

Section V is organized in a similar fashion. After discussing tests for
randomness in general terms, distribution-free methods applicable to
non-seasonal data are presented first for long-term trends and step trends
(Subsection B and C, respectively). Next, tests for long-term trends and
step trends in the case of seasonal data are discussed in Subsections D and
E, respectively. The section closes with a brief discussion of the
difficulties of dealing with the data when both types of trends are present.

Figure 5 below presents a decision tree indicating how to determine
which procedures are appropriate based on the characteristics of the data
available to the analyst. Thus, one can follow this as a road map and refer
to the sections where the methods to answer each question oh the diagram are
discussed.

The first step is to determine whether the data are on an annual basis
or were more frequently recorded. If they are more frequent than annual,
then seasonality is an important consideration. In general, one must test
for seasonality if the data are on a quarterly or monthly basis. If
seasonality is found, it must be removed before a test for change or trend
can be done. Tests for seasonality can be based on runs tests, turning point
tests, serial correlations, or other general tests for randomness. Methods
for removing seasonality, or for accounting for it in the analysis, are given
in Sections IV ande, where appropriate.
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Figure 5 - Decision tree.
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(parametric) procedures or distribution-free techniques. One important
consideration in this decision is whether the data are normally distributed
or not. If the data follow the normal distribution to a reasonable
approximation, then the parametric procedures would be preferred. If the
data are non-normal or there is a question, then it may be better to rely on
the distribution-free procedures. Methods to assess normality are discussed
in Section VI-C.

Next, it is necessary to decide whether some "event" occurred during the
period covered by the data. This decision is based on external factors--for
example, was a new treatment plant put into operation at a specific point in
time. If it is decided that such an event did occur, the one would use an
appropriate test for a change. If no discrete event occurred that could be
expected to lead to a change in level of one (or more) of the water quality
parameters, then one would test for a trend. This decision can take place
either before or after the assumption of normality has been tested.

Testing for a change is based on the t-test if the data are reasonably
normal. Detailed instructions about performing the t-test are presented in
Section IV. If a distribution-free approach to testing for a change is
appropriate, then the test to be used is the Wilcoxon rank sum test, assuming
that there is no seasonality present in the data. Details for applying the
Wilcoxon rank sum test to test for a change and to estimate the magnitude of
the change are presented in Section V-C. 1If seasonality is present, then an
aligned rank sum test must be used to adjust for the seasonality. Details of
this procedure are presented in Section V-E.

If'there is no event that can be identified with a likely change in
level, then a test for trend is appropriate. If normal-theory procedures are
deemed appropriate, then this is based on a linear regression. The use of
regression to estimate and test for a trend is discussed in Section IV. If
normal theory procedures are not thought appropriate, or if analysis of the
residuals from the regression ihdicates serious violations of the
assumptions, then a distribution-free procedure is called for. In the event
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that there is no seasonality (as with annual data) the test procedure is
based on Kendall's tau. Application of this test is presented in
Section V-B. If seasonality is present, then a modified version of Kendall's
test can be used. It is presented in Section V-D.

A number of special problem areas are cerred in Section VI. These
include how to handle missing observations; what to do with observations that
appear strange (outliers); how to test for normality; how to deal with
situations, sometimes fairly*common, where the parameter value of interest
could not be measured because it was less than the detection limit of the
measurement technique; and how to make corrections to the data for variations
in flow (especially important with concentration parameters).

The document concludes with a selected bibliography. The papers and
texts listed are not all referenced directly, but provide additional
information on one or more of the tests discussed here. For general coverage
of statjstica] testing, the texts of Snedecor and Cochran (1980) and Johnson
and Leone (1977) are suggested; the books by Siegel (1956), and by Hollander
and Wolfe (1973), provide useful presentations of many nonparametric methods.

Also included in the bibliography are references to several common
packages of statistical computer programs. Perhaps the most versatile and
universally available to the States is SAS. The SAS software is interfaced
to STORET and may be used by STORET users. Documentation of how to use SAS
within STORET is available through the EPA. Where possible, references are
made in this document to the available procedures in SAS, for readers
familiar with or having access to SAS.

Finally, it should be emphasized that the examples used in the following
sections are hypothetical examples. Their purpose is to demonstrate the
different statistical techniques and how to arrive at a test statistic
necessary to perform a specific test. The reader should not be lead to be-
lieve that one year of monthly data, for example, is sufficient to apply a
given test, because of the possibility of seasonal fluctuations.
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IV. PARAMETRIC PROCEDURES

A. Methods to Deseasonalize Data

If the data exhibit a seasonal cycle--typically an annual cycle for
monthly or quarterly data--then this seasonal effect must be removed or ac-
counted for before testing for a long-term trend or a step trend. The method
proposed here is simple and straightforward. Assume that the data are
monthly values. To remove the possible seasonal effect, calculate the mean
of the observations taken in different years, but during the same months.
That is, calculate the mean of the measurements in January, then the mean for
February, and so on for each of the 12 months.

After calculating the 12 monthly means, subtract the monthly mean from
each observation taken during that month. These differences will then have
any seasonal effects removed--the differences are thus deseasonalized data.
If data were taken on a quarterly basis, one would calculate the four
‘quarterly means, then subtract the mean for the first quarter from each of
the firsi quarter observations, subtract the mean for the second quarter from
each of the second quarter observations and so on. The resulting differences
can be used subsequently for testing for a long-term trend'br a step trend.

In the parametric framework, deseasonalizating can also be accomplished
by using multiple regression with indicator variables for the months. Using
multiple regression, as described in Subsection D below, this method of
seasonal adjustment can be performed at the same time that a regression line
is fitted to the data.

Many other approaches to deseasonalize data exist. If the seasonal
pattern is regular it may be modeled with a sine or cosine function. Moving
averages can be used, or differences (of order 12 for monthly data) can be
used. Time series models may include rather complicated methods for desea-
sonalizing the data. However, the method described above should be adequate
for the water quality data. It has the advantage of being easy to understand
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and apply, and of providing natural estimates of the monthly effects via the
monthly means.

B. Regression Analysis

A parametric procedure commonly used to test for trends is regression
analysis. As stated earlier, however, water quality data often do not meet
the underlying assumptions such as constant variance and normally distributed
error terms, so regression analysis should be used with great caution. An
analysis of the residuals (i.e., differences between the observed and the
regression-predicted values of the water quality parameter) is therefore
recommended.

With this proviso in mind, the following example will illustrate the
method. Suppose an annual water quality index were available for a 7-year

period.
Year: 1977 1978 1979 1980 1981 1982 1983
Year No.: 1 2 3 4 5 6 7
WwQl: 46 52 42 44 39 . 45 40

We can use the years themselves in the numerical calculations which follow,
but it is much easier and totally equivalent to just number them from 1 to 7
and use the numbers instead. Note that if a year is missing, then the other
years should be numbered accordingly (i.e., the corresponding number will be
missing also).

First, it is often a good idea to plot the data. Figure 6 shows these
sample data as points on a plot of WQI versus year, along with two calculated
points described subsequently.

The calculations with the data to determine the regression line, and to
test it for statistical significance (i.e., whether the slope and intercept
of the calculated line are statistically different from zero), can be done
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manually. However, the formulas are fairly lengthy and the computations are
quite tedious and therefore error-pfone. These calculations are almost
always done on a computer or hand calculator. Most scientific hand
calculators, in fact, have the formulas built in, so we only have to enter
the data, pairs of year and WQI, into the calculator and then read out the
answers.

{
The equation for the regression line is:

Y = a + bX

where X is the year number (or year), Y is the WQI; a is called the intercept
of the line, and b is called the slope. Upon entering all the X and Y values
(the exact entry procedure depends upon the specific hand calculator being
used), we read out the values of a and b.

Using the sample data, we get a = 49 and b = -1.25. Thus, the fitted

regression line is:
Y =49 - 1.25X .

The regression line can be drawn by plotting two arbitrary points from this
regression equation and connecting them with a straight line. For example,
choosing X = 1,

Y =49 - 1.25(1) = 47.75
and for X = 6,

Y =49 - 1.25(6) = 41.5 .

These points are also plotted in Figure 6 (as small o's). The straight line
through these two points is the calculated regression line.
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The fitted regression equation can be used to predict the value of the
water quality index Y which corresponds to a given value of X. The dif-
ference between the observed value of Y and the predicted value of Y for a
given X is called the residual at this point X. In our example, we have

Year No.: 1 2 3 4 5 6 1
Observed WQI: 46 52 42 44 39 a5 40
Predicted WQI: 47.75 46.50 45.25 44.00 42.75 41.50 40.25
Residual: -1.75 ~ 5.50 -3.25 0 -3.75  3.50 -0.25

The residual measures the discrepancy between the observed value and the
value obtained from the regression line. If the points were perfectly lined
up, each residual would be zero and we would have a perfect fit. Note that
the residuals always add up to zero (rounding off aside). It is these re-
siduals that should be analyzed to test whether they are normally distrib-
uted. The normal distribution assumption can be graphically checked by
either using probability paper as explained in Section VI-C or by performing
a test of fit using a computer program such as the UNIVARIATE procedure in
SAS.

In this example, the WQI appears to have a decreasing trend. But, we
must then ask, is the slope of the regression line statistically significant?
In other words, is the decrease in the water quality index, by an amount of
1.25 per year, significantly different from zero? To test for this, compute
the ratio of the slope, b, to its standard deviation and test using a
t-table. This testing procedure is automatically done in SAS as shown in the
appendix. When using a hand calculator, however, we use an equivalent test
via r, the sample correlation coefficient. The Student's variable t with n-2
degrees of freedom is |

J1-r2
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In the example data, v = -0.619 and n = 7, and we obtain t = 1.762. Using
Table 2 below and reading at the intersection of the line headed by 5 (7-2
degrees of freedom) and the column headed 0.050 (two-sided significance level
of 5%), we read a critical value of 2.571. Since t of 1.762 falls between
-2.571 and +2.571, we conclude that the correlation coefficient, f, and
consequently the siope, b, are not statistically different from zero, or that

the apparent downward trend is not statistically significant.

More details on regression analysis are available in textbooks by Draper
and Smith (1981), first chapter, and Chatterjee and Price (1977) who also
provide extended discussions on the analysis of residuals.

Regression analysis can be performed with SAS using one of several
procedures with their appropriate options. One SAS procedure would be
PROC REG which features an extensive output (see SAS User's Guide: Statis-
tics, p. 40). An example with output is included in the appendix.

C. . Student's T-Test

Student's t-test is probably the most widely used parametric test to
compare two sets of data to determine whether the populations from which they
come have means that differ significantly from each other. This test would
commonly be used to determine if a change has occurred, as reflected in data
obtained before and after some event such as the coming on-line of a sewage
treatment plant. Student's t-test, being a parametric procedure, makes as-
sumptions about the underlying distribution of the population from which the
data are a sample. The basic assumption required to formally develop this
test procedure is that the population be normally distributed; however,
moderate departures from normality will not seriously affect the results.
When using a t-test, one should assure that this basic assumption is not
violated. Mathematical transformations of the data--e.g., log transform,

' exponential transform, etc.--can often be helpful in order to arrive at a
normally distributed sample. In comparing two samples, an additional require-
ment besides normality is that the two distributions have equal variances.
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TABLE 2
TWO-TAILED* SIGNIFICANCE LEVELS OF STUDENT'S T

1

0 ot

8416 - 1.2816] 1.6448 |

Deg;ea l Probability of a Larger Value, Sign Ignored
O N t I
Freedom , 0.500 ; 0.400 go.zooJ\ 0.100 | 0.050 ; 0.025 | 0.010 | 0.005 i 0.001
H -4 I it
1 '1.000 ' 1.376 :3.078 | 6314 112.706 £25.452 !61657 !
2 0816 1.061 '1.886 12920 ' 4303 | 6.205 , 9.925 :14.089 | 31.598
3 765 '0.978 © 1.638 | 2.353 | 3.182 ' 4176 ! 5841 : 7453 | 12941
4 ;741 . 941 153312132 | 2776 . 3495 | 4604 | 5598 ; 8.610
—_— 5 721 0 920 1476 { 2.015 I 3.063 | 4.032 | 4773 ' 6859
. : H s H ! :
6 JI8 - .906 |1.440 11943 | 2447 | 2969 1 3.707 | 4317 i 5959
7 .71 c 896 (1.415 | 1.895 | 2.365 : 2.841 = 3.499 | 4029 ; 5.405
8 . .706 - 889 :1.397 | 1.860 : 2306 ! 2752 @ 3355 ! 3832 i 504
9 703 883 ;1.383 ' 1.833 : 2262 - 2.685 ' 3.250 ! 3.690 : 4.78
10 700 . 879 ©1.372; 1812 ; 2228 ; 2634 | 3.169 ! 3.581 . 4.587
1 697 . 876 L363! 1.796 2201 i 2.593 i 3.106 } 3497 © 4437
12 695 1 873 13561 1782 2179 ' 2.560 = 3.055 ! 3.428 - 4318
13 694 870 1350 0 1771 2,160 ¢ 2533 3012 | 332 ; 4.221
14 692 868 1.345 | 1.761 | 2.145 | 2510 : 2977 @ 3326 ; 4.140
15 691 866 | L34I’ L753 | 2131 | 2490 ) 2947 | 3286 L 4073
16 690 ¢ 865 113371 1746 - 2120 : 2473 ' 2921 ' 3252 . 4015
17 689 863 (1333 ! 1740 . 2110 . 2458 - 2.898 : 3222 . 3.965
18 688 . 862 .1.330 ) 1734 | 2101 | 2445 2878 ; 3197 | 3922
19 688 861 1.328 : 1.729 : 2093 | 2433 i 2861 ; 3.174 i 3.883
20 687 860 :1.325 ! 1.725 2086 : 2423 ¢ 2.845 | 3.153 | 3.850
H M ' ; l ' 1 -
21 686 : 859 :1.323 ! 1.721 | 2.080 | 2414 & 2831 [ 3.435 ' 3819
2 686 BS8 11321 1717 ;2074 2406 © 2819 | 3119 3.792
23 685 . 858 , L.319 { 1.714 | 2069 © 2398 ' 2.307 i 3.104 : 3.767
24 685 © 857 ‘1318 | 1.711 12064 ¢ 2391 - 2797 ! 3.090 = 3.745-
25 684 856 1316 1708 : 2060 . 2385 | 2787 | 3.078 ° 3.725
. . : i i i
26 684 856 :1.315 | 1.706 ! 2086 | 2379 ' 2.779 | 3.067 ' 3.707
27 684 855 1314 ; 1.703 {2052 ; 2373 : 2771 | 3.056 i 3.690
28 683 855 1.313° L1701 | 2.048 | 2.368 . 2.763 | 3.047 i 3.674
29 683 854 : 1311 ] 1.699 | 2045 i 2364 . 275 | 3038 ° 3.659
30 683 854 1310 | 1.697 | 2042 i 2360 ; 2750 & 3030 3.646
. i { H .
35 682 852 1.306 | 1.690 ;2.030 . 2.342 | 2724 ! 2996 . 3.591
40 681 851 1.303 : 1.684 . 2.021 ! 2329 2704 | 2971 . 3.551
45 680 850 -1.301 ' 1.680 i 2014 @ 2319 ¢ 2690 | 2952 ° 3.520
50 680 - 849 -1.299 | 1.676 | 2008 . 2.310 ' 2678 | 2937 & 3.496
55 679 | 849 1297 [ 1673 £ 2004 ;2304 : 2669 | 2925 ; 3476
60 679 848 1296 | 1.671 | 2000 © 2299 ¢ 2660 [ 2915 3.460
70 678 847 1294 { 1.667 : 1994 2290 2648 | 2899 3435
80 678 847 . 1.293 - 1.665 ' 1989 2284 2638 | 2887 3416
90 678 846 1291 | 1.662 : 1986 2279 ! 2.631 | 2878 ° 3.402
100 677 846 ;l.z9ol 1.661 | 1982 ° 2276 : 2.625 | 2871 _ 3.390
. : 1
120 677 © 84S 1289 | 1.658  1.980 : 2270 i 2.617 | 2860 . 3.373
x 6745 - 1.9600 | 2.2414; 2.5758 | 2.8070° 3.2905

*for a one-tailed significance level a, read

df = n-1

Source:

33

Snedecor and Cochran (1980) p. 469

in colum 2a.



This means that the distributions of the two populations are identical in
shape, although they may differ in location (in other words, only their means
may differ).

Procedure

The following is a series of 18 concentration measurements for total
chromium, 8 before and 10 after implementation of a pollution control

measure.

"Before" "After"
Concentrations Concentrations
(pg/2) (pg/2)
99 59
111 99
74 82
123 51
71 48
75 39
59 42
85 42
47
50

First it is necessary to calculate the mean and standard deviation of
each of the data sets. The mean (or average) is just the sum of all the
values divided by the number of values, n. Thus, for the "before" data, the
mean, mB,_is:

mg = (99 + 111 + ... + 85)/8 = 87.1 pg/2

The standard deviation involves using the sum of the squares of each of the
values. Specifically,:

SB =

‘/nB (992 + 1112 + ... + 852) - (99 + 111 + ... + 85)2
Ng (nB -1)
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where ng is the number of "before'" data points (8). Carrying out all the cal-
culations gives:

S8 = J/481.8 = 22.0

Thus, we can compute:

87.1 pg/2; = 22.0 pg/2; S

481.8;

"Before" Mg 8 ng 8

2
S B
55.9 4g/8; S, = 19.5 pg/8; SR

"After" 380.1; 10.

A A
The t-test for a step trend in this data set is simply a method of estimating
whether the means mg and ma of the two partitions ("before" and "after") of
the data set differ significantly at a chosen level of significance a. The

test statistic t is:

Mg - My
Sp J17nB+17nA

t =

where Sp, the pooled standard deviation, is computed as:

- 2 -1 ¢2
¢ = ‘/ nB 1 SB + nA 1 SA

P -
nB + nA 2

assuming SE and Sz are not statistically different. To test whether the "be-
fore" concentrations are on the average higher than the "after" concentrations
(i.e., one-sided test) at the a-level of significance, we compare the computed
t with tabulated values of the Student's t distribution at probability level
(1-a) with (annA-Z) degrees of freedom.

In the example,

{3286 =20.6 ,

s _'J7'481.8+9-380.1___

P 16
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thus: g = _80.1-%.9 _3

20.6 178 + 1710

The critical t at o = 0.05 (5%) with (8 + 10 - 2) = 16 degrees of freedom for
a one-sided test is tc = 1.746 (see Table 2 above). Since the computed t of
3.18 is larger, one concludes that, indeed, the "before" concentrations were
higher on the average than the "after" concentrations, or that there is a
significant decreasing step trend in the data at the 95% confidence level
when the new treatment facility went into operation.

In the above example, it was assumed (without proof) that the variances,
Sg and Si, were not statistically different. This assumption can (and
should) be checked by using an F-test. Calculate:

52
_ S8 _4g1.8 _
F= ST 380.1° 1.27

Note that due to tabulation restrictions, F is always computed as the larger
variancebover the smaller. That is, if SA were greater than SB’ then
F = Si/sg.
If the population variances are the same, one wou]d‘expect F=1. To
test whether the calculated F is statistically greater than 1, an F table is
used. Using Table 3 below, which is applicable at the a = 0.05 level of sig-
nificance, look up the critical F value in the column headed by 7 (= nB-l)
and the row labeled 9 (=nA-1). The critical F value in this example is 3.29.
If the computed F were greater than 3.29, then we would say with 95% confi-
dence that the two variances were different, and so the Student's t-test
could not be used. In our case F is less than the critical value, we there-
fore cannot confidently say that they are different, and so we accept the
assumption of equal variances in the "before" and "after" groups.

In the case of unequal variances, when the Student's t-test cannot be
used, only an approximate t-test such as the Behrens-Fisher test (Snedecor

and Cochran (1980) p. 97) can be used to compare the two means.
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TABLE 3

THE 5% (ROMAN TYPE) AND |% (BOLDFACE TYPE) POINTS FOR THE DISTRIBUTION OF F

. l m dl in Numerator
n2!__~._... e et b i e e ——— e . . e m . L. . . e = . - e e mame e nz
12 0y 4 s 6 1 8 9 10 1 12 14 16 20 24 30 4 S0 15 100 200 S00
I' 16l 200 216 225 230 234 237 239 241 242 243 244 245 246 248 249 250 251 252 253 253 254 254 254 | 1
| 4051 4999 5,403 5,625 5764 5859 5928 S 6022 6056 682 6,106 6,142 6,169 6,208 €134 6261 6286 6,302 6,323 6334 6352 6,361 6356
2| 1851 19.00 19.16° 1925 1930 19.33 1936 19.37 19.38 1939 1940 19.41 19.42 19.43 19.44 1945 19.46 1947 19.47 1948 1949 1949 {9.50 1950 2
| 98.49 99.00 99.17 99.25 99.30 9933 99.36 9937 99.39 99.40 99.41 99.42 99.43 99.48 99.45 99.45 99.47 9948 99.48 99.49 99.49 99.49 99.50 99.50
31043 955 928 9.12 901 894 BEE BR4 B8l BI8 876 874 871 869 866 B64 862 B60 858 BS7T 856 8354 834 853 3
34.12 30,82 29.46 2871 28.24 27.91 2767 27.49 21.34 21.23 2713 27.05 2692 26.83 26.69 26.60 26.50 26.41 2635 2677 26.23 26.18 26.14 26.12
4, 171 694 639 639 626 616 609 604 600 596 59) SYI S87 SB4 SBO ST7 ST4 ST 570 568 566 565 S64 S56)| 4
. 2120 18.00 1669 1598 1552 1521 1498 1480 1466 1454 1445 14.37 1424 14.1S 1402 1393 1383 13.74 13.69 1361 1357 1352 1348 1346
S 661 579 S4l S.19 505 495 488 482 478 474 470 468 464 460 456 453 450 446 444 442 440 438 437 436 $
© 16.26 13.27 12.06 11.39 10.97 10,67 10.45 1029 10.1S 1005 996 989 977 9.68 955 947 938 929 924 917 9.13 9U7 9.04 902
6 S99 S14 476 453 439 428 421 445 410 406 403 400 396 392 387 384 381 377 375 372 371 369 368 67| 6
' 1374 1092 978 915 8IS 847 826 8.10 798 787 779 772 7.60 7152 739 131 723 744 709 702 699 694 6950 688
70559 474 435 412 397 387 379 373 368 363 360. 3.57 352 349 1344 341 338 334 332 329 328 325 324 3| 7
1225 955 845 785 746 7.9 700 684 671 662 654 647 635 627 615 607 S98 S90 S8S S78 SIS S7T0 567 S68
R 532 446 407 384 369 358 13S0 344 339 334 331 328 323 320 345 3.2 308 305 30) 300 2985 296 294 293 8
1126 865 7.59 701 663 637 619 603 S91 582 S74 567 556 548 S36 528 520 301 506 S00 496 491 488 486
—$ 9 512 426 386 363 348 337CI290323 318 3.3 110 307 302 298 293 290 286 282 280 271 276 213 2712 27| 9
| 1056 8.02 699 642 606 SB0 562 547 S35 526 SM8 S.A1 S00 492 480 473 464 456 451 445 441 436 433 43
10 496 410 371 348 333 322 3.4 307 302 297 294 291 286 282 277 274 270 267 264 260 259 256 255 254 10
. 1004 756 655 S99 S64 S.39 S21 506 495 485 478 471 460 452 441 433 425 417 412 405 401 39 393 39
1: 484 398 339 336 320 309 301 295 290 286 282 279 274 270 265 261 257 253 250 247 245 242 241 240 1
' 965 720 622 567 532 S07 488 474 463 454 446 440 429 421 410 402 394 386 380 374 370 366 362 Ieb
12 475 388 349 326 311 300 292 285 280 276 272 269 264 260 254 250 246 242 240 236 235 232 231 2.30| 12
' 933 693 595 541 506 482 465 450 439 430 422 416 405 398 386 378 370. 361 356 349 345 341 338 336
1] 467 380 341 118 302 292 284 277 272 267 263 .260 2.55 251 246 242 238 234 232 228 226 224 222 22| 13
1907 670 574 520 486 462 444 430 419 410 402 3% 3BS 378 367 355 331 34 337 330 327 32 38 316

n;: degrees of freedom in Numerator of F
n,: degrees of freedom in Denominator of f
Source: Snedecor and Cochran (1980) p. 480



A final note: many hand calculators will automatically compute means
and standard deviations, making the above calculations quite easy. Also, the
t-test can be performed using SAS. The procedure PROC TTEST may be used (see
SAS User's Guide: Statistics, p. 217). An example output is shown in the
appendix.

D. Trend and Change

Over a long period of time, a situation could arise where both a
long-term trend and a step tfénd due to the implementation of a new treatment
facility might be present in the series of data. In such a case, the two
methods described above (regression analysis and t-test procedure), would be
combined to test for both types of trends. Practically, this is done by per-
forming a multipie regression analysis where the dependent variable is the
water quality parameter of interest, one independent variable is the time
(e.g., month) and the second independent variable is a "dummy" variable
taking the value 0 before the known change and 1 after the change. In
'addition, if a seasonal effect is suspected (this might be detected when
plotting the data), then the data need to be deseasonalized by introducing
12 indicator variables. The first one would take the value 1 for January and
0 otherwise; the second would be 1 for February and O otherwise, etc. The
regression equation can be written as:

Xo, + bC + cT

* 312%12

Y = alxl + a2X2 + ...

where a. is the effect of month i, i = 1,...,12
B is the change effect, and

c is the slope for the long-term trend.

Algebraically, the above equation is equivalent to

Y - a,X

1% - 82X Xy, = bC + cT.

27 o T %12

The Teft-hand side of this equation is just the deseasonalized data, while
the right-hand side is the contribution due to change and trend. The next
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step is to estimate all 14 parameters (al, “ees A9, b and c) via least
squares method and to test whether b and ¢ (the coefficients for change and
trend, respectively) are significantly different from zero.

A complete example, based on the data plotted in Figure 1 of Sec-
tion III, is shown in the appendix using the multiple regression procedure of

SAS.

E. Time Series Analysis

Time series analysis is a set of parametric procedures that can be
applied to a series of ordered observations of a quantitative measure, such
as a water quality indicator, taken at regular points in time. Although not
essential, it is common for the points to be equally spaced in time, for
example, monthly. The objective in time series analysis is to determine from
the set of data the pattern of change over time (e.g., time trends, sea-

sonality,. cyclical variations, etc.). The various measured patterns are
extracted one by one until the remaining variation in the data is purely
random. When this has been done, all the meaningful information contained in
the original data has been “captured," and the random component that remains
is, by definition, worthless for forecasting. In general, the various trends
and patterns can then be used to forecast probable future behavior of the
series, and confidence intervals can be computed for future projections.

Various analytical methods have been developed to decompose a time
series into trend, seasonal, change, and irregular components. These methods
are fairly complex, nearly always require special computer programs, and thus
are beyond the scope of these guidelines. The interested reader is referred
to standard textbooks on time series such as Box and Jenkins (1970), Kendall
and Stuart (1966), and Glass et al. (1975) or to the publications by Box and
Tiao (1975) and Schlicht (1981).

Time series analysis is not suitable for use with many water quality
data bases because of missing data, values reported as below detection limits,
and changing laboratory techniques (see van Belle and Hughes (1982)). Also,
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time series methods generally require several years of monthly observations.
For these reasons, the methods suggested here are generally more practical
for analyzing water quality data.

40



V. DISTRIBUTION-FREE METHODS

A. Runs Tests for Randomness

Given a series of measurements of a water quality parameter or indicator
derived therefrom, the question might be asked if the data vary in a random
manner or if they indicate a long-term trend or a seasonal or other periodic
fluctuation. An easy test to detect nonrandom components is the runs test
illustrated in the following simple example. For a given constituent, an
average monthly water quality index (WQI) has been computed and categorized
as either bad (B) or good (G). The figures are:

Month: 1 2
WQI: G G

10 11 12

oo w
~
[= -0
[« < X3, )
o
o

In statistical terms, the above question can be formulated as a null
hypothesis: the G's and B's occur in random order; versus an alternative:
the order of the G's and B's deviates from randomness.

Each cluster of like observations is called a run. Thus, there are
3 runs in the series of data above. Let n,;=5 be the number of B's, and
ng = 7 the number of G's (n; denotes the smaller of the two numbers). If
there are too many or too few runs, then the assumption that the sample is
random is probably not correct. If very few runs occur, a time trend or some
bunching due to lack of independence is suggested. If a great many runs
occur, systematic short-period cyclical fluctuations seem to be influencing
the WQI data. Tables have been developed for n, and n, up to 20 showing proba-
bility levels for the runs test, and can be found in Langley (1971). An example
showing 5% probability levels is included in Table 4. For n, =5 and n, = 7
(at arrow) we use the table as follows: reject the null hypothesis that the
sample is a random ordering of G's and B's if the observed number of runs is
equal to or less than the smaller number in the table (i.e., 3), or is equal to
or greater than the larger number in the table (i.e., 11). Since we have a
series with three runs, we conclude that the fluctuations are not random;
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TABLE 4

r TABLES SHOWING 5% LEVELS FOR RUNS TEST

n, ny No. of runs n, ny No. of runs
2 2-11 - - 10 16-18 8 19
2 12-20 2 — 10 19 8 20
3 3-8 —-_ - 10 20 9 20
3 6-14 2 -_— 13 11 7 17
k) 15-20 3 -— [}] 12 1 18
4 4 —_ - 1" 13 ? 19
4 -6 2 9 1 14-15 8 19
4 7 2 — L} 16 8 20
4 8-1§ k] -— 1" 17-18 9 20
4 16-20 4 -— 11 19-20 9 |
s S 2 10 12 12 7 19
S 6 k] 10 12 13 8 19
L) -8 K : > 12 14-15 8 20
s 9-10 3 —-— 12 16-18 9 21
s 11-17 4 —_ 12 19-20 10 22
] 18-20 ] -— 13 13 8 20
6 6 3 11 13 14 9 20
(] 7-8 3 12 13 15-16 9 21
6 9-12 4 13 13 17-18 10 22
6 13-18 L] -— 13 19-20 10 23
6 19-20 6 —_ 14 14 9 21
7 7 3 13 14 15 9 22
7 8 4 13 14 16 10 22
7 9 4 14 14 17-18 10 23
7 10-12 5 14 14 19 11 23
7 13-14 5 15 14 20 1 24
7 13 6 15 18 13 10 22
7 16-20 6 -—_ 18 16 10 23
8 8 4 14 15 17 1 23
8 9 L 14 18 18-19 11 24
8 10-11 s 13 15 20 12 25
8 12-18 6 16 16 16 11 23
8 16 6 17 16 17 11 24
8 17-20 7 17 16 18 11 25
9 9 S 15 16 19-20 12 25
9 10 S 16 17 17 1 25
9 11-12 6 16 17 18 12 23
9 13 6 17 17 19 12 26
9 14 7 17 17 20 13 26
9 15-17 7 18 18 18 12 26
9 18-20 8 18 18 19 13 26

10 10 6 16 18 20 13 27

10 11 ] 17 19 19-20 13 27

10 12 . 7 17 20 20 14 28

10 13-15 1 18

Source: Langley (1971) p. 325
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that is, there is only a small probability of obtaining three or fewer runs
(less than once in 20 times) if the sample was actually random. Should the
observed number of runs fall between the two values given in the table, then
we can accept the sample as being random. If we come across a dash (=) in
the table, it means that a 5% probability level cannot be reached in the
particular circumstances, regardless of the number of runs.

If the runs test is used for data sets where n, is greater than 20, then
rather than using these special types of tables, a different approach is used
where a Z-statistic is computed. The formula is:

r - 2n;ny 1
Z= N

‘Kannz)(annz - N)

N N2 - N

where N is simply (ny + ny), and r is the number of runs (3 in the above

example).

The notation,l ', means use the absolute value of what is within--that
is, make the resulting number positive. For example, if n; = 6, n, = 24, and
there are 10 runs, then:

,.-@_r:‘_"z,‘l\ - |1o-3£§%é.2i2+1| = |10 - 10.6] = +0.6

The denominator in Z equals: ‘/<2(6%SZ§)) (Z(ggng)3a 30) = 2.85.

0.
2.

=)}

Thus, Z = = 0.21.

[ o

5

Reference to Table 1 (page 19) shows that to reject the hypothesis at a
two-sided significance level of 0.05 requires a Z-value of 1.96 or greater.
Since we obtained Z = 0.21, which is less than the critical value of 1.96, we

cannot reject the null hypothesis of the sample being random.
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Note: It should be emphasized that this latter approach, which involves
computing a Z-statistic and comparing it with the tabulated standard normal
deviates in Table 1, is only to be used with larger data sets, where n; ex-
ceeds 20.

The above examb]e was based on two kinds of observations (good, bad)
only. However, the runs test applies to any kind of data that can be cate-
gorized into two groups. If the data are quantitative measurements, first
find the median. Then assign a plus sign whenever the observation is above
the median, and a minus sign whenever the observation is below the median.
Then proceed as above, using the plus/minus categories in the same way as the
good/bad categories were used.

If a trend is the alternative to randomness that is of particular
importance, then a runs test appropriate to this alternative can be con-
structed as folliows. Count as a plus each observation that exceeds the
preceding one; count as a minus each observation that is less than the
preced‘ing one. Then use these plus/minus categories as before. By changing
the definition of the two categories one can arrive at different runs tests
for different alternatives to randomness.

Many types of data, however, have more than two categories. For exam-
ple, a water quality index could be partitioned into "very good," "good,"
“fair," "poor," and "very poor" categories. The above mentioned runs test
for two categories has been generalized to cases with any number of cate-
gories. The appropriate test statistics are derived Z-statistics and can
therefore be tested by using the tabulated standard normal deviates. Details
are given in Wallis and Roberts (1956), Chapter 18.

The runs test can detect a wide variety of departures from randomness.
However, if a specific type of departure is important, a test designed to
detect that type of departure will be more likely to detect it. With water
quality data taken over time there are three particular types of departures
from randomness that are of interest. One is a seasonal effect related to
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different amounts of precipitation or weather changes over the year. A more
interesting effect is a long-term trend in which the water quality level is
gradually improving (or worsening) over time. Finally, a third is a sudden
change in water quality associated with a discrete event--opening of a new
factory or installation of a new treatment plant. Of these three,
seasonality is generally a nuisance. That is, one is not specifically
interested in it but rather must adjust for it before the other effects
(long-term trend or step trend) can be tested for. Specific tests for these
types of trend are presented\in the following subsections.

B. Kendall's Tau Test

Kendall's tau is a rank correlation coefficient. A distribution-free
test based on Kendall's statistic is commonly used to compare one set of
numerical data with another to see if they tend to "track" together. In
water quality work, a series of readings of some parameter can be tested
against time (e.g., the series of months over which the parameter was ob-
tained) to see if it has any generally increasing or decreasing tendency.
This tendency does not need to be linear (i.e., straight line). To illus-
trate the method, assume one has the following 12 monthly. average water
quality indices (WQIs) at a given station:

Month: 1
WQI: 21

3 4 5 6 7 8 9 10 11 12
5 8 21 48 37 39 26 16 35 7

w N

Statistically speaking, one may wish to test the null hypothesis that there
is no trend in the data, i.e., months and WQI values are unrelated, against
the alternative that there is a trend in the data, i.e., the two variables
are related.

The first step is to rank the months and the WQIs in order from lowest
to highest. Since the monthé are already in order, it is only necessary to
rank the WQIs. The smallest is 3 (in month 2), so it is ranked number 1.
Similarly, the second WQI in rank is 5, then 7, etc. Note that
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the value 21 appears twice, so the WQIs for months 1 and 5 are "tied." This
is a common situation with this type of data, and is resolved by averaging
the ranks. In this case, the two WQIs in question share ranks 6 and 7, so
each is given the average value, (6+7)/2 = 6.5. The final rankings are tabu-
lated below.

Month: 1 2 3 4 5 6 7 8 9 10 11 12
wQl: 21 3 5 8 21 48 37 39 26 16 35 7
Rank: 6.5 1 2 4 6.5 12 10 11 8 5 9 3
k+: - 0 1 2 3 5 5 6 5 3 7 2
k-: - 1 1 1 0 0 1 1 3 6 3 9

The test involves determining the extent to which the set of WQI values
is ordered in the same way as the months. The following explains the
procedure.

Take each WQI rank and count how many of the ranks to the left of it are
'sma11er{ this gives the k+ 1ine. Then sum up the 11 k+ values; this yields
K+, the number of concordant pairs (i.e., pairs ordered in the same way as
the months). Then repeat, but count how many of the values to the left of
each WQI rank are greater; this gives 11 k- values. The sum of these, K-, is
the number of discordant pairs. The tie at (21,21) is disregarded in the
counts of K+ and K-. Kendall's tau is then computed as:

= (K+) = (K=)
tau = n(n-1)/2

If there were no ties and concordant pairs only, then K+ = n(n-1)/2, K- = 0,
and tau = 1; if there were discordant pairs only and no ties, then K+ = 0,
K- = n(n-1)/2, and tau = -1. If K+ = K-, then tau = 0.
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In our example,

K+ = (0+1+2 ....+3+7+2)=39,

>~
'
]

(1+1+.... +#3+9)=26, and

_ _39-26 -

For small sample sizes, n, the significance of tau is tested by means of
tabulations of values of Kendall's K = (K+)-(K-), rather than of tau itself.
There is a series of tables for sample sizes ranging from n = 4 to 40
(Hollander and Wolfe, 1973). Table 5 shows a sample of these tabulations.
For larger values of n a normal approximation, discussed subsequently, is
used.

Our example yields a K of (39-26) = 13. In Table 5, under Column n = 12
(number of observations), we read 0.230 at x = 12 and 0.190 at x = 14. Thus,
the one-tailed probability associated with K = 13 is about 0.21 (midway be-
tween 0.230 and 0.190); the two-tailed significance level associated with
K =13 is thus 2 - 0.21 = 0.42. If we had initially chosen a desired level
of significance of 5% (0.05), we would conclude that there is no significant
trend in the data at this level since 0.42 is not small enough (it is greater
than 0.05).

We could also use Table 5 to determine the 5% critical value for n = 12.
In Column n = 12 we read down to find 0.022 (closest probability to
0.05/2 = 0.025), then read across to x = 30. The probability of 0.031 in the
same column yields x = 28. The critical K associated with an approximate
two-sided 5% significant level is therefore between 28 and 30, so one could
use 29, (or -29 if K were negative). Since K of 13 lies between -29 and +29,
we come to the same conclusion as above, i.e., since K is not big enough, nor
small enough, there is no significant trend. Note that if there are no ties,
K can take on only even values. This is why there is no entry for K=29 in
the table. N |
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TABLE &

UPPER TAIL PROBABILITIES FOR THE NULL DISTRIBUTION OF KENDALL'S
K STATISTIC (Subtable)

=

x 4 5 8 9 12 13 16 17 20
0 625 592 548 .540 527 .524 518 516 513
2 375 408 452 460 473 476 482 484 487
4 .167 242 .360 .381 420 429 447 A4S2 462
6 042 117 274 306 369 .383 412 420 436
8 042 .199 .238 319 338 .378 .388 411
10 .008 .138 179 273 295 .345 .358 .387

—> 12 .089 230 Q30 255 313 .328 .362
—> 14 054 090 G190 .218 .282 .299 339
16 031 .060 155 .184 .253 271 315
18 016 038 125 153 225 .245 .293

20 007 022 .098 126 .199 .220 271
22 . .002 012  .076 102 175 .196 .250
24 001 006 058 .082 .153 174 .230
26 000 003 043 064 133 154 211
28 .001 031 050 114 135 .193
30 000 022 .038 097 .118 176
32 016 .029 083 .102 159
34 010 021 070 088 144
36 007 015 058 076 130
38 .004 011 048 064 117
40 .003 .007 .039 054 .104
42 : .002 005  .032 046 .093
44 .001 .003 026 .038 082
46 .000 .002 021 032 073
48 .001 016 026 064
50 .001 013 021 .056
52 .000 010 .017 049
54 .008 014 043
56 .006 011 037
58 004 .009 032
60 .003 .007 027
62 002 .005 023
64 002 004 020
66 001 .003 017
68 , 001 .002 014

70 : ' 001 002 012

Source: Hollander and Wolfe (1973) p. 384-393
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For large sample sizes, a normal distribution approximation to the
distributions of K or tau may be considered. Under the null hypothesis, the
expected value of tau is 0 and the variance of tau is 2(2n+5)/9n(n-1). Thus,
the ratio:

7 = tau
‘/2(2n+5
9n(n-1;

is approximately standard normally distributed and Table 1 (page 19) is used
for testing. '

Our example, based on a tau of 0.197, would yield a value

0.197 __ - g.89.

2(24+5
(9)(12)(11)

In Table 1 we read a one-tailed probability of 0.1867 at Z = 0.89 from
which a two-tailed probability of twice 0.1867, or approximately 0.37, follows.
Again, the computed value of Z of 0.89 is not significant at the 5% level and
the same conclusion is reached. Note that from Table 5 we obtained the exact
probability of 0.42; the large sample size approximation yielded a probability
of 0.37. The discrepancy between the two probabilities arises because the
large samp]e size approximation was used for a sample size of only 12.

In case of ties, the value of tau as defined above is not affected.
However, the variance of tau when using the large sample size approximation
needs a correction for ties. The correction is lengthy in form and has
little effect when only a few ties are present (see Hollander and Wolfe,
1973, p. 187).

This test can be perfaormed using the SAS procedure, PROC CORR, with the
KENDALL option (SAS User's Guide: Basics, p. 501). An example output with

the corresponding SAS statements is presented in the appendix.
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Once a trend is found to be significant, the next step is to estimate
its magnitude. A common measure of the magnitude of the trend is the slope
of a straight line fitted to the data. To find the distribution-free
estimate of the slope, calculate the slopes for all possible pairs of
observations. That is, calculate

S,ij = (Yj-Yi)/(Xj-Xi)

for i=1,2, ..., n-1 and j=i+l, i+2, ..., n. There are N=n(n-1)/2 such dis-
-tinct pairs. For the examp1e'of WQI values used here, N=12(11)/2=66.

Then the N slopes are arranged in ascending order, and the middle value
(the median) is the best estimate of the slope. In this case, the ordered
series of slopes becomes -28, -18, -13, ..., 19, 20, 27. The median is the
average of the 33rd and 34th values in the series, or 1.49. Thus, we would
conclude that the WQI is, on the average, increasing by 1.49 units per month.
However, it must be remembered that we found no significant trend, so that
the value 1.49 is not significantly different from zero. Indeed, more

advanced procedures also allow one to calculate confidence bounds from these
ordered values; in this case the approximate 95% confidence interval for the
slope is (-4.33, +3.85), a wide interval that includes both negative and
positive possibilities. The interested reader may find further details in
Hollander and Wolfe (1973). SAS does not include routines for estimating the
magnitude and confidence bounds of a trend using Kendall's tau.

C. The Wilcoxon Rank Sum Test (Step Trend)

This is a distribution-free test most appropriate for testing for a
so-called step trend. A step trend might be evident when some major event
such as placing a new treatment facility into operation occurred during the
data collection period.
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Procedure

The general procedure involves comparing the rankings of one set of
values (e.g., readings obtained before a major event) with the rankings of
another set (e.g., readings obtained after a major event). There need not be
an equal number of values in each set. Because of the way the tables for W,
the Wilcoxon test statistic, are arranged, the set with the fewer number of
values, (sample size n), is always compared to the larger set (sample size
m), and not vice versa. Thus n is always the smaller of the two sample
sizes.

Consider again the example used to demonstrate Studeni's t test, namely
the series of 18 concentration measurements for total chromium, 8 before
(denoted by,Xi) and 10 after (denoted by Yj) implementation of a pollution
control measure.

"Before" "After"
“Concentrations Concentrations
(ug/2) Ranks (ug/2) Ranks
99 15.5 59 8.5
11 17 99 - 15.5
74 11 82 13
23 18 51 7
71 10 48 )
75 12 39 1
59 8.5 42 2.5
85 14 42 2.5
47 4
50 6

Let us first consider the following test situation: because we do not
expect (or are not interested in) a worsening of the water quality due to the
new, improved facility, we will test the null hypothesis that the "before"
and "after" concentrations are equally high or low (i.e., there is no change)
against the one-sided alternative that the "before" concentrations are higher
than the "after" concentrations (i.e., there is an improvement in the water
quality).
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The first step, as with many other distribution-free procedures, is to
determine the ranks of the concentration values. The observations are
ordered as a single set of data (i.e., disregard "before" and "after"); if
ties are present, use average ranks. Wilcoxon's test statistic is simply the
sum of the ranks of the values in the group of smaller size (here the before
group with n = 8):

W= (15.5+17 + .... + 14) = 106.
For a one-sided test at the o = 5% level of significance, we reject the null

hypothesis if W is greater than or equal to the critical value, wc, associ-
ated with m, n, and o, and we accept the null hypothesis otherwise. Table 6

gives the one-sided levels of significance for n = 8 and several values of m.
Note that we might not always find the exact a that we have chosen, because
the significance levels are discrete and so are only tabulated for integer
values of m and n. In our example, for a = 0.051 (approximately 5%) we read
that x = 95 (= WC) for n=8 and m = 10 (see arrows). Since W of 106 is
‘'greater than 95, we reject the null hypothesis of no change and conclude that
the concentrations have significantly decreased after implementation of the
improvement measure.

Also, Table 6 shows for n = 8 and m = 10 the probability of obtaining a
value of W greater than or equal to 106 to be 0.003. This means that the
probability of obtaining a W of 106 or more under the null hypothesis is
0.003, which is small enough to reject the hypothesis in favor of the
alternative.

Next let us consider another testing situation. Suppose a new indus-
trial discharge began, and the same "before" and "after" data as above were
obtained. Here, we will test the null hypothesis of no change against the
alternative that the water quality has degraded, i.e., the "before" concen-
trations are lower on the average than the "after" concentrations. (For
these data, we already know this is not true. However, we will go through
the analysis process anyway to illustrate the procedure.)
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TABLE 6

UPPER TAIL PROBABILITIES FOR

WILCOXON'S RANK SUM W STATISTIC

(Subtable)

n=8 n=8 l

x m=8 m=9 m=10 x m=8 m=9 m=10

68 520 91 .007 .037 .102
69 .480 92 .00S .030 .086
70 .439 93 .003 .023 073
71 .399 94 .002 .018 .061

72 .360  .519 —» 95 001 014
73 323 481 96 .00l .010  .042
74 .287 444 97 .001 .008 .034
75 .253 407 98  .000 .006 .027
76  .221 371 517 99 .000 004 022
77 .191 .336 483 100 .000  .003 017
78  .164 .303 448 101 .002 013
79  .139 271 414 102 001 .010
80 .117 240 .381 103 .001 .008
81 .097 .212 .348 104 .000 ~ .006
82 .080  .185 317 105 .000 .004
83 .06S .161 .286 106 .000 .003
84  .052 38 257 107 000  .002
85 .041 J18  .230 108 .000  .002
86 .032 .100 .204 109 .001
87 .025 .084 .180 110 .001
88 019 .069 158 111 .000
89 .014 .057 137 112 .000
90 .010  .046 118 113 .000
114 .000

115 .000
116 .000

Source: Hollander and Wolfe (1973) p. 272-282
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The computation of W is unchanged (i.e., W = 106). However, we will
reject the null hypothesis at the a level of significance whenever W is

less than or equal to the critical value of n{(m+n+l) - wc, where wc is de-
fined as above, and accept the null hypothesis otherwise. Thus, with an o of
0.051, m = 10, and n = 8, n(mtn+l) - wc = (8)(19) - 95 = 57, and we cannot
reject the hypothesis in favor of a degradation since 106 is not less than
the critical value of 57.

For a two-sided test of the null hypothesis of "no change" against the
alternative of "a change at the 5% level of significance," we compare the
above W of 106 with the following two critical values: n(m+n+l) - W(a;, m, n)
and W(op, m, n), where a; + a; = a. Most often, we cannot perform the test
at the exact a level, so we have to choose o, and a; from the table as close
to a/2 as possible. In our example, W(0.027, 10, 8) = 98 and W(0.022,
10, 8) = 99. Thus for a = 0.022 + 0.027 = 0.049, the two critical values
would be either (8)(19) - 98 = 54 and 99, or (8)(19) - 99 = 53 and 98.
Since the computed W of 106 lies outside the interval 54-99 or 53-98, we
reject the null hypothesis in favor of the alternative of a significant
change.

The upper tail probabilities associated with smaller x-values (see
Table 6) are not tabulated and are generally not of interest because the cor-
responding a-values are greater than 0.5. However, they can be calculated.
If the probability that W is greater than or equal to x is P(W > x), which is
not tabulated because it is greater than 0.500, then calculate:

P(W>x)=1-P[W> (n(m+n+l) - x + 1)]

Example: n =8, m= 10, x = 75:

P(W> 75) =1 - P[W > (8(19) - 75 + 1)]
=1- P(W > 78)
=1 - 0.448
= 0.552
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Note: Wilcoxon's W statistic is tabulated in Hollander and Wolfe
(1973), pp. 272-282 for values of m up to 20. Table 6 is just a sample of
these tabulations. For larger values of m, a large sample approximation is
generally used. Under the null hypothesis of no difference between the two
sets of data, the expected value of W is

E(W) = n(m+n+1)/2, and the variance is

Var(W) = mn(m+n+1)/12.

Then the distribution of Z = wv;r5&¥ tends toward a standard normal

distribution and Table 1 page 19 can be used for testing for significance as
described in Section III.

Let us examine the situation of ties more closely. First, we use aver-
age ranks to compute W. It is clear that if a tie occurs among two or more
observations in the same group (e.g., "before" or "after" concentrations), it
does not. affect the value of W if average ranks are used for ties, or just
assigned arbitrarily. For example, if the two concentrations of 42 in the
"after" group had arbitrarily been ranked as 2 and 3, W would be the same.
But, if ties occur among observations in different groups, W would change
depending on how the ties were "broken." Averaging, as we did in the exam-
ples, is the usual tie-breaking procedure.

The variance of W is affected by ties, regardless of whether they are
within or between groups. The variance, corrected for ties, is computed as
follows:

g
2: tj(tjz—l)
j=1
{(m+n)(m+n-1)

Varc(W) = %% (m+n+l) -
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where g is the number of sets of ties and t,; is the size of tied set j. Then
compute Z as above with Varc(W) replacing Var(W).

Although the large sample approximation is not applicable in our exam-
ple, because m is only 10, we use it to demonstrate the computation of the
correction for ties. We observe:

2 values of 42 (ties within "after" group)
2 values of 59 (ties between groups)
2 values of 99 (ties between groups)

Thus g=3 and t; = 2, t, = 2 and t3 = 2. Compute:

f;. tj(tg-l) = 2(22-1) + 2(2%-1) + 2(22-1) = 18
J:

and

_ (80 ) 18 ]
var_(w) = {8240 [(8+10+1) (8+10)(8+10+1)] 126.27 .

The Wilcoxon rank sum test is sometimes referred to as the Wilcoxon
two-sample test. An analogous test is the Mann-Whitney test which is based
on an equivalent test statistic, U. In the case of no ties between con-
centration values, U =W - n (n + 1)/2, and therefore tests based on W and U
are equivalent. One-tailed probabilities for U can be found in Siegel
(1956),'pp, 271-277. If there are ties, a correction is necessary in the
computation of the Mann-Whitney U-statistic. For details see Hollander and
Wolfe (1973) and Siegel (1956).

The Wilcoxon rank sum test can be performed using SAS. The procedure
PROC NPARIWAY with the Wilcoxon option may be used (see SAS User's Guide:
Statistics, p. 205); an example output with the appropriate SAS statements is
presented in the apbendix.
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The above procedure demonstrated how to use the Wilcoxon rank sum test-
to test for the presence of a step trend. It is also of interest to estimate
the magnitude of such a change. A method of estimation based on the
Wilcoxon test is presented next.

The first step in the estimation procedure is to calculate the dif-
ferences formed by subtracting each observation in the after group from each
observation in the before group. Denote these differences by Dij’ where

Dij=x1.-Yj,for'i=1,...,nandj=1,...,m.
In the example, m = 10 and n = 8, so that a total of 80 differences must be
calculated. Next, order the nm differences from least to greatest and take
the median (the middle value of the ordered differences) as the point esti-
mate of the difference in the two groups. This is the estimate of the
change.

Since the "after" observations were subtracted from the "before"

~ observations, if the point estimate is positive, the interpretation would be
that the introduction of the pollution control measure resulted in a decrease
in the concentration. Applying the calculations to the example data results
in a point estimate of 29 ug/2 as the decrease in concentration that occurred
when the new pollution control measure was introduced. This is significantly
different from zero, as concluded by the test.

D. Seasonal Kendall's Test for Trend

This is a test procedure proposed by Hirsch et al. (1982) which uses a
modified form of Kendall's tau. In brief, if there are several years of
monthly data, Kendall's K (number of concordant-disconcordant pairs), pre-
sented earlier, is computed for each of the 12 months, and the 12 statistics
are then combined to provide a single overall test for trend. This method is
discussed by van Belle and Hughes (1982) where it is also compared to another
distribution-free test for trend proposed by Farrel (1980) using an aligned
rank order test of Sen (1968).
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1. Rationale

Figure 7 below depicts a series of 8 years of monthly data recorded for
a given water quality parameter.
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Figure 7. Monthly Concentrations of Total Phosphorus
(ref. Hirsch et al., 1982)

The plot of the data clearly exhibits a seasonal movement--peaks and
troughs recur at almost yearly intervals. This feature of having a period of
a year (other periodicities may exist) is a common pattern for water quality
parameters in general as discussed earlier. Comparing values between months
within a year will thus not help in detecting a possible long-term trend over
the time period considered. It would be more appropriaie to make comparisons
between data from the same month for different years, and avoid the problem
of seasonality, and then combine the individual results into an overall test
statistic from which we can draw conclusions about a trend.
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2. Procedure

The following demonstration is based on monthly measurements; the same
procedure can be applied to any sampling frequency (e.g., spring, summer,
fall, winter measurements or average measurements), provided that the sam-
pling scheme is identical from year to year. A general case with 12 months
and n years of data is presented first; a simplified numerical example will
then follow.

Arrange the monthly water quality measurements as follows:

Month(j)
1 2 3 12
3 11 §12 )’213 %1,12
21 "22 723 ?,12
Year(i)
T N Ty S Xn.12.
Number of n n . . . . N
Observations 1 2 ' 12
where X11 is the observation for the first month of the first year,

X21 is the observation for the first month of the second year,
XZ 12 is the observation for the 12th month of the 2nd year,
X

.. is the observation for the jth month of the ith year.

generally, i

Note that the number of observations need not be the same from month to
month, i.e., there may be 5 January measurements (n1 = 5), 6 February
measurements (n2 = 6), etc.

Next, make a‘Second table of numbers of concordant (K+) and discordant

(K-) pairs treating each month separately, using the procedure described with
Kendall's tau. When finished, we have the following array:
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Month

1 2 3 . . . . . 12 number of:
K+ K1+ K2+ K3+ . . . . . K12+ concordant pairs
K- Kl- KZ- K3~ . . . . . K12' disconcordant pairs
KK K Ky o o o Ky | ) - (k)

Then sum the 12 monthly statistics to obtain K = K1 + K2 + ...+ K12'
If the sample measurements are truly random (no trend), this statistic has a
mean of 0 and a variance Var(K) = Var(Kl) +...+Var(K12). The variance of

each monthly statistic Kj is computed as:

Var(Kj) = [nj(nj-l)(an+5) - i. ti(ti-l)(Zti+5)]/18 .

where t, is the size of the ith set of ties in the jth month.

Then compute the standard normal deviate Z with a continuity
correction of one unit as:

K-1

ifX>0

Jvar K
Z= 0 if K=0
K+l iFK<O

Jvar K

and use Table 1, page 19 of the standard normal deviates to determine the

significance of Z.

Hirsch et al. (1982) have shown that the normal approximation works
quite well with as few as 3 years of complete data. For fewer years of
records, the exact distribution of Kl“” K12’ and therefore of K, has been

derived by Kendall (197%).
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3. Numerical Example

The following is an oversimplified example used for demonstration pur-
poses only. For simplicity, we will assume that there were only four
observations per year, taken on a quarterly basis. Note that no data were
available in the first quarter of the fourth year. The example shows how
such missing data may be handled. Consider the array of percent violations
of a water quality standard for a given parameter:

Quarter(j)
1 2 3 4
1 12.3 11.5 11.6 15.3
. 2 10.5 10.9 9.5 14.8
Year(i) 3| 12,6 10.9 9.5 13.9
4 - 9.8 9.5 14.0
Number of 3 4 4 4
Observations
These data are plotted in Figure 8 below.
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Figure 8. Plot of Percent Violations Versus Time
61



From the data we calculate the number of concordant and disconcordant

pairs within each quarter, again ignoring ties in the computation of each K+
and K-. We obtain

Quarter(j)
1 2 3 4
K+ 2 0 0 1
K- 1 5 3 5
K=(K+)-(K-) 1l -5 -3 -4

Thus, K1 = 1 and ny = 3; no ties

9 = -5 and n, = 4; 1 set of 2 ties (10.9, 10.9)

K2 = -3 and ny = 4; 1 set of 3 ties (9.5, 9.5, 9.5)
K4 = -4 and ng = 4; no ties,

~

and K = K1 + K2 + K3 + K4 = =11. The four variances, corrected for ties,

are:

Var(Kl) = [3(2)(11)-0]/18 = 66/18;

Var(K,) = [4(3)(13)-2(1)(9)1/18 = 138/18;
Var(K3) = [4(3)(13)-3(2)(11)]/18 = 90/18; and
Var(K4) = [4(3)(13)-0]/18 = 156/18 .

From here, Var(K) = (66+138+90+156)/18 = 450/18 = 25. Since K is negative,
we compute Z as ’

Since Z is less than -1.96, the lower critical Z corresponding to a two-sided
5% confidence level, (Table 1), we reject the null hypothesis of no trend in
favor of the a]ternative that a trend is present.
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Once we have identified a Significant trend in a series of water quality
measurements, we might be interested in determining the magnitude of the
trend. For a set of stations at which trends have been detected, one could
then compare the different trend slopes for a given water quality indicator
and identify those stations where the trend slope is larger than average.

One way of computing the magnitude of a trend would be to compute the
slope b, of the regression 1ine of the water quality measurement versus time
as we did earlier in Section IV. This technique, however, is recommended
only with caution since the underlying assumptions for regression analysis
are often violated when dealing with water quality measurements. A
distribution-free method for computing the magnitude of a trend has been sug-
gested by Hirsch et al. (1982). This method estimates the magnitude of trend
by means of the seasonal Kendall slope estimator, B, computed as follows.

‘ Considering again the more general data arrangement above, compute dijk
quantities for each month (season) as follows:

dijk = (Xjk - xik)/(j'- i) for all (Xjk, xik) pairs
where k = 1,2. ., 12 and 1 < i < j < n. For monthly data, there will be a
total of 12(n)(n-1)/2 such differences. In general, with n years and m
measurements per year, the number of differences will be mn(n-1)/2. The
slope estimator, B, is the median of these dijk values (i.e., half the dijk's
exceed B and half fall short of it; if the number of differences is even,
then take the average of the two middle ones). The estimator, B, is related
to the seasonal Kendall test statistic S such that if S is positive, then B
is positive or zero; if S is negative, then B is negative or zero. The S
statistic is simply the number of positive dijk values minus the number of

- - L '
negative dijk va]ugs and B is the median of these dijk S.
As a computation example for the second quarter (j = 2) and 4 years of

data (n = 4), from the 4 measurements X12’ X22’ X32, X42 compute the dif-
ferences:
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dyyp = (X22 - Xlz)/l = (10.9 - 11.5)/1 = -0.6
dy3y = (X3, - X12)/2 = (10.9 - 11.5)/2 = -0.3
dygp = (Xgo = %15)/3 = (9.8 - 11.5)/3 = =0.57
dpyp = (K3p = Xpp)/1 = (10.9 = 10.9)/1 = 0

dogr = (X42 - XZZ)/Z = (9.8 - 10.9)/2 = -0.55

d342 = (X42 - X32)/1 = (9.8 - 10.9)/1 = -1.1

Note that for the first quarter, there will be only 3 (=(3)(2)/2) differences
since one year had missing data, while for each of the remaining three quar-
ters, there will be (4)(3)/2 = 6 differences.

Continuing the above calculations for all 21 pairs for the example data,
one finds that the median of the differences is -0.5. Thus, we would
estimate the trend as a decrease of 0.5 percent violations per quarter. Re-
call that this was found to be significantly different from zero at the
two-sided 5% level using the seasonal Kendall's test.

The value, B, as a measure of trend magnitude, is quite resistant to the
effect of extreme values in the data, unlike the slope of the regression line
as computed in Section IV. It is also unaffected by seasonality because the
slope is always computed between values that are multiples of m months (e.g.,
12 months) apart.

A discussion of the seasonal Kendall's test for trend and other
statistical procedures applied to total phosphorus measurements at NASQAN
stations has been published by Smith et al. (1982). This document also
contains a FORTRAN subroutine to perform the seasonal Kendall procedures.

E. Aligned Rank Sum Test for Seasonal Data (Step Trend)

This test is a method for testing for a step trend when the data exibit
seasonality. This seasonal effect is usually clearly visible after the data
have been plotted. In some cases, the analyst knows or suspects that a
specific water quality parameter may be affected by seasonality.
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When data are seasonal, the Wilcoxon rank sum test must be modified
before testing for a step trend. Again, assume that a discrete event such as
the opening of a new factory or the installation of a new pollution control
system has been identified. The question is whether this event has produced
a significant change in some measurement of a water quality parameter. The
following is an outline of the computation of the appropriate
distribution-free test statistic.

Assume measurements of a water quality indicator have been taken monthly
at a fixed station over several years. More generally, the data can be col-
lected for m seasons per year. The m times n measurements, where m is the
number of months (seasons) and n is the number of years of .collection, can be
arranged as follows:

1 2 3 m | mean
1 X X X . . . X X
11 V12 (13 im| 1.
Year
mean| X 1 X.2 X 3 X.m. X

The * indicates the time at which a major event has happened.

For example, X21 is the measurement in the first month (season) of the
second year. The symbol X2‘ denotes the average monthly measurement in the

second year, while X.l would be the average of the January measurements over
the n years.

Procedure

1. Within each month (column) subtract the monthly average from each
measurement in the n years. This will result in an array of deseasonalized
data. For example, in January, calculate the n differences (X11 - X’l)’
(X21 - X.l), e (an - X.l). These monthly differences will then have an
average value of zero.
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2. Rank all the nm differences from 1 to nm, regardless of month and
year; this will produce the matrix of aligned ranks:

1 2 3 m | mean
1 IR R . R._| R
11 R Ry m| R
2 R21 Roz Ray3x Rom | R2
Year . .
I R SO SR S .1 by
mean R.l' . . . . . R.m R..

3. Now sum the ranks of all the observations taken before the event in
question. Let this sum of ranks be W. To construct the test we will use the
fact that for large sample sizes the distribution of W will be approximately
normal. Let bi be the number of observations from month i that occurred
before the change event, and let a; be the number after the change event. In

the example, b1=2, b2=2, b3=1, ceny bm=1, considering that the event occurred
in the third month of the second year.

4. Next calculate

E is the sum of the products of the number of pre-event observations in each
month and the mean rank of that month. E is the expected value of W.

5. Now calculate

m a1b1

2
't E R e

where n; = ai+bi is the number of observations for month i. If all months
have the same number of observations this is n. V is the variance of W.
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6. Then the test is based on:

Z::w_-.E. 4
VvV
which is tested using Table 1, (page 19).

Consider again the example used in Kendall's seasonal test. Assume that
the measurements are taken quarterly rather than monthly (for simplicity of
illustration) and that the event in question occurred with the beginning of
the third quarter of the second year (denoted by *). Note that no obser-
vation was available for the first quarter of the fourth year. This example
illustrates that the procedure can be used when there are-missing data and
shows how to apply the procedure in this case.

Quarter
1 2 3 4
1 12.3 11.5 11.6 15.3
Year 2 10.5 10.9 9. 5% 14.8
. 3 12.6 10.9 9.5 13.9
4 - 9.8 9.5 14.0
Mean 11.8 10.8 10.0 14,5

Next, "deseasonalize" the data by subtracting from each observation within a
quarter the mean value for this quarter. We obtain:

Quarter
1 2 3 4
1 0.50 0.72 - 1.57 0.80
Year 2 -1.30 0.12 -0.53 0.30
3 0.80 0.12 -0.53 -0.60
4 - -0.98 -0.53 -0.50
Mean 0 -0.02 -0.02 0

Note: The means are not all exactly zero due to rounding errors.

The 15 new observations are then ranked and quarterly mean ranks
are computed. Again, average ranks are used to break ties. The table of
aligned ranks is as follows:
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Quarter

1 2 3 4
1 11 12 15 13.5
vear 3 3.5 85 5 3
4 - 2 5 7
Mean 8.5 7.75 7.5 8.38

W is the sum of ranks over all four quarters of year one and the first
two quarters of year two. (W=11+12+ 15+ 13.5+ 1+ 8.5=61). The
expected value of W, assuming no change, is the sum of the average ranks over
the same period (E =8.5+ 7.75 + 7.5 + 8.38 + 8.5 + 7.75 = 48.38). The
variance consists of four terms, one for each quarter. Each term is the
variance of the ranks within that quarter. For example, for the first
quarter b1=2, al=1, n1=3, and the variance of the ranks is
(11-8.5)2 + (1-8.5)2 + (13.5-8.5)2 = 87.5. So the first term in the
'variance, corresponding to i=1, is:

2(1
(3)(2

87.5 = 29.17 .
Proceeding in the same way for the next three quarters and summing gives
V=80.26. Then

Z=§.]'_._§.8'_3§=1.41.

VBO.ZG

Comparing this value of Z to the critical value of 1.96 at the two-sided 5%
level (Table 1), shows that the change is not significantly different from
zero because 1.41 falls between -1.96 and +1.96.

The positive sign for Z indicates that the "before" period had higher
ranks (after deseasonalizing) than the "after" period, thus, the direction of
change was from high to low. However, in this case the change could be due
to random fluctuations.
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More details on the aligned rank sum test can be found in Lehmann
(1975), p. 132-141. Unfortunately, this procedure is not available through
SAS.

F. Trend and Change

It is very difficult in nonparametric statistics to deal with a data set
containing both a step trend and a lTong-term trend, or to distinguish between
the two trends in a series of data values. In general one should only be
interested in a step trend when there is a definite external event that would
be likely to result in a change. That is, a step trend is only present when
an event occurred at a known point in time and influenced the data. The
testing procedures for change could be misled by the presence of a long-term
trend. Likewise the tests for trend could indicate an apparent trend in the
presence of (only) a step trend. If there is a change event, determining
whether it is significant and whether there is a trend as well, or only one,

is a difficult task. The importance of plotting the data must be
re-emphasized.

In the parametric case, as discussed in Section IV, one can use multiple
regression analysis to test for the presence of both a step trend and a
long-term trend in the same data series. Unfortunately, there is no
distribution-free procedure that is as well developed and as easy to apply.
One could try both types of tests (for change and trend). If one is
significant and the other not, then the answer is reasonably clear. If
neither is significant, then the data appear to be random. However, if both
are significant, then both types of nonrandomness may be present, or only
one. To determine whether both a change and a trend are present or only one,
and if only one, which, will require a series of analyses, and advice from a
statistician should be sought.

To test for a long-term trend in the presence of a step trend, one could

use the rank procedure as in subsection D. The "before" and "after" data
would be considered as two groups and separate means calculated. Differences
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between each observation and its group mean would be calculated and the
Kendall's test applied. In effect this would be the seasonal Kendall's test
with only two "seasons"--before and after. To test for the presence of a
step trend when a long-term trend is known to exist would require estimating
the slope and calculating the difference between each observation and the
trend line, then applying the Wilcoxon rank-sum test to the differences in a
manner similar to the procedure of Subsection E. A detailed presentation of
these procedures is beyond the scope of this document.
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VI. SPECIAL PROBLEMS

As mentioned throughout the preceding sections, water quality data do
not, in general, exhibit all the desired properties necessary for the use of
parametric statistical procedures. We have already mentioned the fact that
most water quality measurements show seasonal (or cyclical) effects. We have
then suggested methods to deseasonalize the data when using parametric proce-
dures (i.e., multiple regression) or distribution-free methods (i.e.,
seasonal Kendall's test, aligned rank sum test). (A seasonal adjustment
method has also been proposed in Schlicht (1981), although within the more
general setting of time series analysis.)

Other problems inherent to "real life" data bases are those of miss-
ing data (incomplete records) and extreme or outlying observations. Another
fact mentioned throughout Section IV is the assumption of normality of the
deseasonalized data or residuals obtained from regression analysis. In addi-

tion, a problem specific to water quality measurements, especially when con-
centrations of pesticides, trace metals, etc. are estimated, are measurements
below detection 1imit. One final and important point is .the problem of
flow changes in rivers and streams which will affect concentrations of most
constituents considered as potential water quality indicators.

A. Missing Data

The basic assumption we make in treating missing data, from a statis-
tical point of view, is that data are missing because of mistakes, such as
Tost records, and not because the analyst simply wants to ignore conflicting
or compromising data. In other words, any missing datum is assumed to follow
the same pattern as the recorded observations. A simple method to fill in a
few missing data values is to replace them by the sample mean. More involved
methods deal with least squares estimates; these methods are available
through standard statistical program packages such as SAS, BMDP and SPSS, and
are explained, for example, in Johnson and Leone (1977).
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The application of the seasonal Kendall's test for trend is not
restricted to complete data sets, nor is it necessary to have full years of
data. As we mentioned earlier, the seasonal Kendall's test statistic can in
fact be computed with incomplete data. It is also suggested (van Belle and
Hughes (1982)) that the season length be adjusted, if necessary, to obtain a
reasonable record within each season. When using parametric procedures, a
few missing data will reduce the sample size and slightly affect the means
and standard deviations. A large number of missing data, however, might
affect these statistics considerab]y.

B. Outlying Observations

Most often, outlying or extreme observations, also called outliers, can
be easily detected either when looking at a plot of the data or even earlier,
when closely examining the raw data sheets. Several logical steps can be
taken when outliers are found. The most basic first step is to double check
suspicious observations for transcription errors. If the entry was an error,
correct it if possible. If the proper entry cannot be retrieved but an error
is certain, then delete the datum. There are also statistical procedures to
test whether a suspected outlier(s) is in fact an extreme observation. Such
methods are presented in detail in ASTM Standard E178-75 entitled "Standard
Recommended Practice for Dealing With Outlying Observations." Also, tests
for outliers based on ranks are presented in the "Handbook of Tables for
Probability and Statistics" (1966).

Extreme observations can be actual and caused by flow changes, tempera-
ture changes, etc. It is therefore recommended that ancillary data such as
time of day, water temperature and rate of discharge at the time of sample
collection be collected at the same time as the water quality data. Many
outliers can then be explained and/or corrected. Most rank tests, as
described earlier,-are little affected by the magnitude of the observations
and therefore by outlijers. In parametric tests, however, outliers affect
means and variances, and may therefore invalidate the resulting tests and
conclusions.
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C. Test for Normality

Given a set of measurements of a variable X, one wishes to know whether
the variable comes from a normal distribution. The following simple plotting
procedure, if the data base is not too extensive, can be used. Consider the
following example of 12 data points. These n=12 data points can be
rearranged in ascending order:

e

X (i/n+1)x100%

1 ~1.45 7.7
2 -1.35 15.4
3 -0.78 23.1
4 -0.62 30.8
5 -0.01 38.5
6 0.04 46.2
7 0.22 53.8
8 0.4S 61.5
9 0.72 69.2
10 1.45 76.9
11 1.79 84.6
12 2.50 92.3

Should a value of X occur more than once, then the corresponding value of i
(cumulative frequency) increases appropriately. The maximum value of iis
always n, the total number of data points. The pairs (X, (i/n+1)100)-values
are then plotted on probability paper using an appropriate scale for X on the
horizontal axis. Figure 9 shows the results. The vertical axis for the
values of (i/n+1)x100% is already scaled from 0.01 to 99.99. If the data
came from a normal distribution, then the pliotted points would fall on a
straight line. In practice, a straight line can be drawn by hand through the
points and a judgment can be made as to the normality of the data. Also,
rough estimates of the mean, i, and standard deviation, S, can be made from
this plot. The horizontal line drawn through 50 cuts the plotted line at the
value of X, and the horizontal line through 84 cuts it at the value of X +S;
these two numbers then yield the value of S by subtraction.

More rigorous statistical tests are available for testing for normality,
such as the Kolmogorov-Smirnov test (see Hollander and Wolfe, 1973) or the x2
goodness of fit test (see Snedecor and Cochran, 1980). The drawback of
using these tests is that they tend to easily reject the hypothesis
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of normality when the sampile sizes are fairly large, although a visual exam-
ination of a probability plot tends to support the hypothesis. On the other
hand, when sample sizes are relatively small, as might be the case when only
two-years worth of data are available, then the more rigorous tests tend not
to detect deviations from normality. Thus, a probability plot might be more
helpful. It should be noted here that SAS provides a probability plot, as
well as a test for normality, through the UNIVARIATE procedure (see example
output in the appendix).

D. Detection Limits

Sometimes in testing for metals, organic compounds, etc., the analytical
" test will not be sensitive enough to quantify the amount of the particular
substance. The amount is below the detection limit of the test, so is
reported simply as "less than" that limit. These data, also referred to as
"censored" data, are not to be confused with missing data, because they are
not "missing"--they are known to be in a certain range, but the precise
values are not known.

There are, however, some ways to compute values that can be substituted
for "less than" values. Such options would include de]etihg the sample,
filling in with zeros, substituting the actual detection 1imit for the datum,
or filling in with a random number between zero and the detection 1imit based
on the underlying distribution of the data. The first three methods are all
biased in some way. The last one, on the other hand, requires information
about the distribution. A simple random number between zero and the
detection limit is sometimes used for substitution, implying a uniform
distribution.

Rank tests can handle "less than" values in some cases with less
difficulty than parametric tests. If the limit of detection is constant, all
"less than" values for a particular constituent are considered as "ties."
Alternatively, rank tests that treat censored data explicitly have been de-
veloped (e.g., Gehan 1965). Note that detection 1imit values for different
constituents are handled individually.
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E. Flow Adjustments

Caution must be exercised when interpreting trends found to be sig-
nificant by any of the previously described statistical procedures, espe-
cially when the measurements used are specific constituent concentrations.
It is common knowledge that for most constituents, concentrations change as
the flow changes, which in turn introduces considerable variability into the
measurements. Flow conditions can vary naturally due to climatic factors,
and artificially due to streém regulation and manipulation by man.

One way to correct for changing flow is to determine the relationship
between flow and concentration of the considered constituent. However, no
uniform equation exists since this relationship may vary from site to site
and from constituent to constituent. Hirsch et al. (1980) suggested some
nonlinear equations characterizing relationships between concentrations and
flow in cases where the increased discharge of a constituent is due to pre-
cipitation, snowmelt, or reservoir release. In another case, quadratic equa-
tions are proposed to relate concentrations and flow when the constituent

load may increase dramatically with an increase in discharge because of
runoff during a storm event.

When the effect of increased discharge is a simple dilution effect, the
relationship between concentration and discharge can be characterized by

><
|

=M\ +A2/Q y OT

>
n

A + [A/7(1 + 23Q)]) , for example,

where X is the concentration, Q is the discharge flow, and the coefficients
A; and A, are equal to or greater than zero, and Az is greater than zero.
Generally the coefficients in these equations can be estimated via least
squares methods (e.g., regression analysis).
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The sequence of procedures suggested by Hirsch et al. (1980) can be
summarized as follows:

1. First find the best fitting relationship between flow and concen-
tration using regression methods.

2. Compute the series of flow-adjusted concentrations whenever the
relationship determined in Step 1 is significant.

3. Apply the seasonal Kendall test for trend.

4. Compute the magnitude of the trend, if significant, using the sea-
sonal Kendall slope estimator.

For an example of these procedures, the interested reader is referred to
Smith et al. (1982), who applied all three methods--seasonal Kendall test for

trend, flow adjustment, and seasonal Kendall slope estimator--to measurements
of total phosphorus concentrations.
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APPENDIX

This appendix is a collection of output examples using SAS and the data
used to demonstrate various procedures in the preceding sections. It is or-
ganized in the same fashion as the text, and the title in each output cor-
responds to the appropriate section and subsection. The following procedures

are shown:

Regression analysis (IV-B)
Student's t-test (IV-C)

Multiple regression analysis (IV-D)
Kendall's tau test (V-B)

Wilcoxon rank sum test (V-C)

Sﬂ-b(nN!—‘

A FORTRAN subroutine for the seasonal Kendall's test and trend magnitude
estimation is included in Smith et al. (1982).
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1. REGRESSION ANALYSIS (IV-B)

DATA REGRESS}
INFUT YEAR MWQI @@
) CARDS;
1977 46 1978 52 1979 42 1980 44 1981 39 1582 45 1983 40
TITLE REGRESSION ANALYSIS » WGI VERSUS TIME(YR)i
TITLE3 OUTFUT EXAMFLE FOR SECTION IV Bj
PROC REG 4
@ MODEL WQI=YEAR
OUTFUT OUT=RES
FREDICTED=FRED
RESIDUAL=RESID 3
G@ {fRoc FLOT DATA=RESi

EOPTIONS LINESIZE=100 NODATE +

PLOT PREDXYEAR=‘P’
L WQIXYEAR=’0’/0VERLAY #
(® "PROC PRINT DATA=RES ;
@{F‘ROC UNIVARIATE DATA=RES FLOT NORMAL}$
VAR RESID}
TITLES TEST DF NORMALITY FOR THE RESIDUALS;
Vi

(@ Data ( L} dato. aregn £1L, use an Tafile ASﬁl—cw«MPinshd)

©) fu:)asso‘o“ )proudur-(.

@ ?loﬂ'iv\,ﬁ Froudm—t

@ . 'Pr;v\h‘v\s rrou.o(,uwt | o
© Univardale froud,urt— with fl.oi- 0.4 novMaﬁJ—\J% o

TiHus are eption al
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REGRESSION ANALYSIS » WQI VERSUS TIME(YR) 1

OUTPUT EXAMPLE FOR SECTION IV B

Si2e —|)
DEF VARIABLE: WQI (”'“FA

ded ;
ettty
SUM OF MEAN w oF the o) then
SOURCE DF SQUARES SQUARE F VALUE PROB>F x mEieon (e ..°-°) s
- ‘/ 3 Liss the x -c3 (FiesnTs
MODEL 1 43,750000 43,750000 3.114 0,1379 of 4o I8 "
ERROR 5 70,250000 14,050000 Mt w& ‘o
C TOTAL é 114,000 PATY Lo " ../ £ i
. » * 6 ] Y
ROOT MSE 3.748333 R~SQUARE 0.3838 Vo\f s't)"‘p‘”"‘\- °‘¥
DEP MEAN 44,000000 ADJ R-SQ 0.2605 V\
CiV, 8.51893¢9 2 =
' 2 0,620 = ¥ Gr
VFreomtt
FARAMETER STANDARD T FOR HO: ’5‘)&""0“
VARIABLE DF ESTIMATE ERROR PARAMETER=0 PROB > IT! s‘*k& |
. o-S!' :
INTERCEP 1 2519,000 1402,570 1,796 Q) 0.1324 a) ;v.l-uulo\" =0 o
YEAR ;s(,oPe 1 -1,250000 0,708368 -1,765 ),) 0.1379 b) Slopt =0 ,t
. . . - . - A
the ruanscoon .nc,uah’o\n is Y: - 125 YU’&" + 2519 with v = 177, 78 «c ¥ g “’s"é{
- <
] - = "C [ 4 2> 9 % ”’
NobL: CF Yaor No were usd (1177=1, 198=2,. )t | ":%‘1;“ "9' %
: ()
Y= - 1.25 Yewr Mo ¢ Q.SW -\-15“‘\7‘) B C T

or y = <L \l4aVN° ¥ \*1

Rsulbe s the marxss:‘ovx model is  nok siﬁh.‘F;@mL ol -I-LLSZ,- M 3, 7

P )]
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12
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39

REGRESSION ANALYSIS » WOl VERSUS TINE(YR)

OUTPUT EXAMPLE FOR SECTION IV B

PLOT OF PREDSYEAR SYMBOL USED IS P

o

PLOT OF WAQIXYEAR SYMBOL USED IS O
W O
Q&ﬁ&(qﬂi

OES

i 1

2

3

4

5

é

7

YEAR

1977
1978
1979
1980
1981
1982
1983

Wal

46
52
42
14
39
35S
40

FRED

4775
46450
45.25
44,00
42.75
41.350
40.25

RESID

=1.7%5
$5.50
~3.25
0.00
-3.73
3:50
=-0.:29
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REGRESSION .ANALYSIS »

WQI VERSUS TIME(YR)

Y
Jox‘ ‘5 yr~ OUTPUT sxAMPgE FOR SECTION IV B
TEST OF NORMALITY FOR THE RESIDUALS
UNIVARIATE
VARIABLE=RESID RESIDUALS
MOMENTS QUANTILES(DEF=4) EXTREMES
N 7 SUM WGTS 7 100% MAX 5.5 997 5.5 LOWEST  HIGHEST
MEAN 1,787E~-13  SUM 1,251E-12 75% Q3 3.5 95% 5.5 -3.75 -1.75
STD DEV 3.42174 VARIANCE 11,7083 50% MED ~0.25 907 5.5 -3.25 ~0.:25
SKEWNESS  0.680336 KURTOSIS -0,689156 25% Q1 -3.25 10% -3.,75 ~1.75 1,70SE-13
uss 70,25 CSS 70,25 0% MIN ~3.75 5% -3.75 -0.25 3.5
.ty 1.,915E415 STD MEAN 1.2933 1% ~3.75 1.70SE-13 5.5
&' TIMEAN=0 1.381E-13 PROB>!IT| 1 RANGE 9425 '
" SGN RANK -1 PROB>I1S! 0.932647 Q3-01 6.75
UM ~= @ yi MODE" -3.75
WINORMAL  0.923974 PROB<W ° -
STEM LEAF NORMAL PROBABILITY FLOT
4 5 S5+ :
2s ! X
0 1+ + %
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2. STUDENT'S T-TEST (IV-C)

OFTIONS LINESIZE=100 NODATE 3
DATA WATERGS
@ { INFUT TIME $ CONC @@j
LABEL CONC=CONCENTRATION;
CARDS
@® (B 97 B 111 B 74 B 123 B 71 B 75 B 59 B 85
' AS9? A 99 AB2AGSGLAAB A3 AA42AA42A 47 A SO
TITLE T-TEST PROCEDURE » TOTAL CHROMIUM CONCENTRATIONSS
TITLE3 OUTPUT EXAMPLE TO SECTION IV C ;5
PROC TTEST 3
® {CLASS TIMES

VAR CONC 3} :
@ zF‘ROC UNIVARIATE FLOT NORMAL
VAR CONC
TITLES TEST OF NORMALITY AND NORMAL FROBALITY FLOT
/%

‘ () Dala sebu
@ Dakn  (n Hu f“ﬁm‘”‘)j :'f Ho daba 2ve ow File
Fhon Haig rar\“ is (anorul amd an TnFile atalmeak is

useol

@ k- kesk FrouoerL |
@ Univars ake frouobwﬁ witth,  Plok awnd NwMuiaf}l-:) +e
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T-TEST PROCEDURE » TOTAL CHROMIUM CONCENTRATIONS
OUTPUT EXAMPLE TO SECTION IV C

TTEST PROCEDURE

)
1
.
]

?

i

VARIABLE! CONC CONCENTRATION
TIME N MEAN STD DEV STD ERROR  VARIANCES T DF FROB > ITI
A 10 ,55,90000000  19.49615347 6,16522506  UNEQUAL  -3.1503 . 14.2 @ 0,0070
B 8 f87,12500000  21.95083793 7.76079318  EQUAL ~3.1946 16,0 (&) 0.,0056
FOR HO: VARIANCES\ARE EQUALs F’= 1,27 WITH 7 AND 9 DF PROB > F’= 0,7234 '
lagt Line ! Fotal & eo‘mu W& vardanus
4 s volut sk * Y Prob b araker Han & (eq.)0.05) '
" b:.{-on." dote Han acuyr null Vr\t’dvouuf"t of 1‘1\*4’( vardancL |
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T-TEST PROCEDURE » TOTAL CHROMIUM CONCENTRATIONS

DUTPUT EXAMPLE TO SECTION IV C

TEST OF NORMALITY AND NORMAL FROBALITY FLOT

CONCENTRATION

VARIABLE=CONC
MOMENTS
N 18 SUM WGTS 18
MEAN 69.7778 SUNM 1256
STD DEV 25,5839 VARIANCE 634,536
SKEWNESS 0653072 KURTOSIS -0.612432
Uss 98768 CSS 11127,1
cv 36,6648 8TD MEAN 6,03018
TIMEAN=O 11,5714 PROB>IT! 0.0001
SGN RANK '85.5 PROB>18! .000212983
o= 18
$ NORMAL 0.920973 PROB<U 0,166
STEM LEAF & BOXPLO
12 3 1 !
10 1 1 i
8 2599 4 t-==--
& 145 3 k-~+--%
4 22780199 8 ¢--—--
29 1 |

e il LT SEEE

MULTIPLY STEM.LEAF BY 10%%+01

UNIVARIATE

QUANTILES(DEF=4)
100% MAX 123 99%
75% Q3 88.95 95%
50X MED 65 90%
25% a1 47475 10%
0% MIN. 39 5%
1%

RANGE 84

a3-a1 40,75

MODE 42

(‘Jn‘ﬂ— towe. Frre o M\MAL

Tesk o&

EXTREMES
123 LOWEST HIGHEST
123 39 83
112.2 42 99
41.7 42 - 9?9
39 47 111
39 48 123
NORMAL PROBABILITY PLOTY
4 +
+x kEX%%
++ X% %

x ++
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3. MULTIPLE REGRESSION ANALYSIS (IV-D)

OFTIONS LINESIZE=100 NODATE

DATA MULTIPLE}

INFUT TIME CONC

IF MOD(TIME»12)=1 THEN X1=1 ELSE X1=0}

IF MOD(TIMEs12)=2 THEN X2=1 $ELSE X2=0j

IF MOD(TIME»12)=3 THEN %X3=1 $ELSE X3=0%
j IF MOD(TIME,»12)=4 THEN X4=1 ELSE X4=0;

0)

IF MOD(TIME,»12)=3 THEN X5=1 ELSE XS5=0i}

IF MOD(TIMEs12)=6 THEN X6=1 FELSE X6=0j
’IF MOD(TIME»12)=7 THEN X7=1 FELSE X7=0}

IF MOD(TIME,12)=8 THEN X8=1 JELSE X8=0j

IF MOD(TIME»12)=9 THEN X9=1 JELSE X9=0}

IF MOD(TIME»12)=10 THEN X10=1 JELSE X10=0j}
IF MOD(TIME»12)=11 THEN X11=1 SELSE X11=0j
IF MOD(TIME»12)=0 THEN X12=1 ;ELSE X12=0}
\\IF TIME LE 18 THEN C=0 j ELSE C=1 3}

CARDSS

TITLE MULTIFLE REGRESSION ANALYSIS/

TITLE3 OUTFUT EXAMFLE TO SECTION IV D j

FROC FRINT .
@ (FORMAT CONC 5.3 5

@lPROC REG 3
MODEL CONC=X1 X2 X3 X4 XS5 X6 X7 X8 X7 X10 Xi1 X12 € TIME/NOINT 3}
..FROC_PLOT ; FLOT CONCXTIHE C/HAXIS =0 TO 72 BY 2 HREF 18}
2 T . -
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MULTIPLE RECRESSION ANALYSIS

OUTPUT EXAMPLE TO SECTION IV D

X7 Xxe X9 X10 X1t xX12

X4

X3 X4

TINE CONC X1 X2
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MULTIPLE REGRESSION ANALYSILS

QUTPUT EXAMPLE TO SECTION IV D
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DEP VARIABLE:

SOURCE DF

MODEL 14
ERROR 58
U TOTAL 72
ROOT MSE
DEP MEAN
y CoVs.
'8 notE!

VARIABLE DF

-

X1
X2
X3
X4

»9
Xé

X7
X8
X9
A10
X11
A12
c
TIME

ootk

L N S R R N N T L N

el k% Mean,

CONC

SUM OF
SQUARES

5742797
559039
6.301836

0.098176
0.240778
40.77468

NO INTERCEPT TERM IS USED.

PARAMETER
ESTIMATE

0.496496
0.552580
0.,488331
0.508082
0.,511333
0.378%917
0.,389222
0.243806
0.,257057
0.,285308
0.277559
0.347477
~0.144327

-0.,0012509

C&“Iu‘cml’ ‘\{’ LLa

C°“aﬂ Utnl OJ J‘Nud

HULTIPLE REGRESSION ANALYSIS

OUTPUT EXAMPLE TO SECTION IV D

MEAN
SQUARE

0.,410200

0.,009638597

R-SQUARE
ADlJ R-SQ

F VALUE

42,338

0.9113%&

0.8914

PROB>F

0.0001

g aol)ushd Rr # of lnbrw\f Wv\ako{cs

STANDARD
ERROR

0.044398
0,044520
0.044437
0.044810
0.044978
0.045162
0.046439
0.046555
0.046686
0.,046833
0.0456994
0.0471469
0.040917

+0008483678

T FOR HO:
FARAMETER=0

11,183
12,412
10,935
11.339
11,348
8.3%0
8.381
9237
S.506
"6.+092
9:.906
74367
~3.527

-1.474

R-SQUARE IS REDEFINED.

PROB > ITI
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4. KENDALL'S TAU TEST (V-B)

FTIONS LINESIZE=100 NODATE 3§
DATA WATERQO}$
INPUT MONTH WQRI @@ej
ORD=_N_j
CARDS
1 2123354859521 6 48 7 a7 8 39 ¢ 26 10 14 11 35 12 7
TITLE KENDALL’’S TAU TESTi/
TITLE3 QUTPUT EXAMFLE TO SECTION V Bi
FROC CORR DATA=WATERQ hENDALLv
VAR MONTH WQI i
- X
r*THE FOLLOWING STEPS ARE TO COMFUTE THE NX(N-1)/2 SLOFES
¥THIS WILL ALLOW TO OBTAIN THE ESTIMATE OF THE TREND MAGNITUDE
*¥IF THE TREND IS STATISTICALLY SIGNIFIGNANT '
4

DATA DIFFS 3 SET WATERQS
RETAIN X1-X50 -1
Y1-Y50 -1
ARRAY XX (1) X1-X50i
ARRAY YY (I) Yi- Y50v
DO OVER XXi¥
IF I=0RD THEN XX=MONTHj
‘ IF I=0RD THEN YY=WQI;
ENDS}
DO OVER XX3j
IF I=DRD THEN GOTO LAB1j¢
IF XX=-1 THEN GOTO LABij}
MONTH_A=XX$
WRI_A=YY)
QUTPUT
LAB1: END
DATA DIFFS §# SET DIFFS)
DROF X1-XS0 Y1-Y503)
SLOFE=(WAI~-WRI_A)/(MONTH-MONTH_A)}
FROC RANK DATA=DIFFS
GD VAR SLOFE »
RANKS RK_SLOFE}
FROC SORT 3 BY RK_SLOFE}j
QPROC PRINT
VAR MONTH_A MONTH WRI_A WQRI SLOFE RK_SLOFE
PROC UNIVARIATE NOFRINT DATA=DIFFS 3}
@ VAR SLOFPE}S
QUTPUT QUT=MEDIAN
MEDIAN=MEDIAN;}
FROC FRINT DATA=MEDIAN;/
’'x -

@

4;)\~__

-y WS> W Wy W




D Dot SJ'ur/ ond daha (T,J dota s Ov\-RLc’ wule
Tuil S*‘n“:(wuv\k)

@ COrrJaHOV\. "\Drocub.\rt wH-e\ KemdlaU's toun orh'm-\

® Su-#uau +o oow\qul-t Ha wnln-))e ﬁ&ra' wo!
9. %«w nm\mr,n,ai r&)rr odu(uFa. Hut nell.

@ Bav\lo.-\a Trouw owad pof‘"\'v? €row /;;a-r% sla)-cr
CO\AA?M"‘I.A A @, |

@ Orh'mnal)\ J. W{W“L A ‘V\O‘r shown . ’lj W L,»(O\va(,
How Ha indr phops & Jo REVGH A u:\lli'{uxl
o 12N /2 e 66 s, TWHL W Wi, Hons ol e
24.23 [ = 276 cl.or-,. |

© Univerists provdun with pdiked odbpd-to oblin
Ho vt dian sbor& vedant ;»o:l'e\‘\'L Tmn\' prow.




R

PO
VARIABLE N MEAN
MONTH . 12 6.50000000
wal 12 22,16468667

KENDALL’S TAU TEST

OUTFUT EXAMFPLE TO SECTION V R

ST DEV MEDIAN
3.603555128 6.50000000
15.02623968 21.,00000000

MINIMUM MAXIMUM
1.00000000 12.00000000

3,00000000 48.00000000

KENDALL TAU B CORRELATION COEFFICIENTS / PROB > IR! UNDER HOSRHO=0 / N = 12

KENDALL'’S TAU TEST
QUTPUT EXAMPLE TO SECTION V B
0BS MEDIAN

1 1.48571

Nohg‘ﬂ\ts '8 Fﬁhh.d " S(rqrak ran,

MONTH wal

\(QQAJL\S koo

MONTH 1.,00000 0.19848 4—

0,0000 0.3716
\ sef)u%F-'cwu- Lol 4

WRI 0.,19848 1.00000
0.3716 0.0000

2, whrt 2 4 o
normak aar‘oxf\w\‘\km

s >

Prsulb! Simw 0316 & greti thon 0,08 (=)

; Wa ton duda “’exal’q’eu. +rind ( Rv\v\wh\é bg_ .49
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S. WILCOXON RANK SUM TEST (V-C)

OFTIONS LINESIZE=100 NODATE
DATA WATERQS

@ INFUT TIME FERIOD $ CONC @@
LABEL CONC=CONCENTRATION} '

CARDS i '
C) 1 B% 2B 111 3 B 74 4 B 123 S B 71 6 B 757 B 39 8B 85

9 AS? 10 A 99 11 A 82 12 A 51 13 A 48 14 A 39 15 A 42 16 A 42 17 A 47 18 A 50
C){PROC FLOT DATA=WATERG/ :

PLOT CONCXTIME=FERIOD/HREF=9}

TITLE WILCOXON RANK SUM TEST (STEF TREND)J

TITLE3 EXAMPLE OUTPUT TO SECTION V Cj
QDQERDC NFAR1IWAY DATA=WATERG WILCOXON}

LASS FPERIODi}

VAR CONC #

/¥

(D 30!".'0« Sef ““f
) Datn
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SYNBOL I8 VALUE OF PERIOD

WILCOXON RANK 8UM TEST (BTEP TREND)
EXAMPLE OUTPUT TO SECTION V C

PLOT OF CONCSTIHE
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WILCOXON RANK SUM TEST (STEF TREND)
EXAMPLE OUTFUT TO SECTION V C
ANALYSIS FOR VARIABLE CONC CLASSIFIED BY VARIABLE FERIOD

AVERAGE SCORES WERE USED FOR TIES

WILCOXON SCORES (RANK BUMS)

SUM OF EXFECTED STD DEV

LEVEL N SCORES UNDER HO UNDER HO
B = Refore ‘ 8 106,00 76,00 11,24
A~ AFter 10 65,00 95,00 11,24

WILCOXON 2-SAMPLE TEST (NORMAL APPROXIMATION)
’ (WITH CONTINUITY CORRECTION OF .5)

ool

Wit tesl KRUSKAL-WALLIS TEST (CHI-SQUARE APPROXIMATION)
Coxom TL CHISQ= 713 DF= 1 FROB > CHISQ=0.0076
stahshe of TY4

L:\f\) 1) Qtd‘u‘on V- C.)

MEAN
SCORE

13,25
630

S= 106.00 Z= 2,4252 PROB >1Z1=0.0087
T-TEST AFFROX. SIGNIFICANCE=0,0177 o
$l3h\
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