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ABSTRACT
Environmental monitoring networks (sampling locations
and frequencies) require continuous improvements to their
designs. These improvements aim at optimizing the
monitoring program with respect to operating costs and
information. Sampling frequencies may be improved by
evaluating autocorrelations at each station. Optimal
sampling frequencies are those at which a weak first order
autocorrelation exists among observations. Sampling station
locations may be improved through rearrangement based on
cross-correlations at lag zero among stations. These
correlations provide a one-to-one comparison of the
observations. Stations which are highly correlated may be
separated by greater distances to reduce the redundancy of
observations. Nearest neighbor stations without cross¬
correlation must be relocated at shorter inter-station
spacing to provide full area coverage. These methods
require subjective decisions to be made in regard to network
design improvement. Results from these analyses may be
confounded by trends and periodicities in the time series.
An example use of these methods was performed on data
collected by the Montana Department of Health and
Environmental Sciences in the upper Clark Fork River Basin.
Sampling frequencies can be improved in this program by
sampling at fixed time lags. If sampling frequencies cannot
be increased, samples should be collected once every three
weeks in place of the present schedule. If sampling
frequency is increased, it should be raised to the maximum
possible frequency as data are presently insufficient to
provide significant results for time series analyses.
Sampling locations, in terms of arsenic, copper, and zinc
time series, are adequate on the Clark Fork River, but
should be increased on Silver Bow Creek. If the number of
stations can not be increased, either stations 7, 8, 9, or
10 on the Clark Fork River may be relocated to Silver Bow
Creek.
Inefficient monitoring is attributable to poor
quantification of monitoring program design. The most
important design error is the failure to specify objectives
quantitatively. As budgets for monitoring programs tighten,
more emphasis will be placed on the design stage in order to
optimize costs and information.
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CHAPTER 1
INTRODUCTION
Environmental monitoring networks (sampling locations
and frequencies) require continuous improvements to their
designs.

If not for economic reasons alone, these

improvements may be necessary to meet monitoring program
objectives.

The need for design improvements results from

the fact that initial network designs are often configured
with little information concerning the environmental system.
Such networks must be adjusted after sufficient data are
available in order to maximize the information yield and
minimize operating costs.
Recent emphasis in monitoring design has been placed on
a whole system approach (eg. Ward and Loftis, 1986, Ward and
others, 1986, and Loftis and others, 1987).

This approach

requires all components of the monitoring design to be
integrated and defined quantitatively.

Among these

components are monitoring objectives, network design, sample
collection, sample analysis, database management, data
analysis, and information reporting procedures.

Each

component fulfills a well defined need of the monitoring
program.

Once the design is complete, the monitoring
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program operates efficiently for its duration.

This design

method is especially useful because all tasks are carried
out objectively, and different interpretations among
personnel are not possible in theory.

Unfortunately, this

design method is costly and has been implemented by few
monitoring programs (eg. Loftis and others, 1987).

Its use

also requires that the environmental system is well defined
by existing data or information from similar systems.
This paper presents two methods based on established
statistical techniques to improve monitoring networks.

Both

methods utilize the correlation structure of existing data.
Their use requires that the data be sampled at constant time
intervals (eg. days, weeks, months, etc.) and consist of at
least 50 observations.

An application of these methods is

carried out utilizing data from a state operated monitoring
program for the upper Clark Fork River Basin in Montana.

The argument in favor of using these methods is that a
certain degree of redundancy must exist in the data.
However, it cannot be excessive and it cannot be
insufficient.

Sampling stations with strong spatial

correlations are excessively redundant, whereas,
uncorrelated sampling stations do not provide full coverage
of a monitored area.

In these situations it may be

desirable to improve the existing network design by
relocating, adding, or eliminating stations.
reasoning is applicable to sampling frequency.

Analogous
Observations
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at heavily sampled stations may have dependence on one
another.

For example, a large value may always be succeeded

by another large value.

Strong dependency among

observations should be avoided as the data are supplying
redundant information in such cases.

The number of useful

observations is smaller than the number paid for.
Additionally, statistical tests which rely on independent
observations cannot be used without error when dependency
exists among observations.

Conversely, independent

observations provide no indication of the amount of
information missed by the monitoring program.

The network

sampling frequency should be adjusted to a level where
missing information and dependency among observations are
reduced.
There are at least two cases where these methods may
have little use in network design.

First, the sampling

frequency may be designed to meet regulations.

For example,

in municipalities drinking water is sampled daily at several
locations to fulfill EPA regulations.

Despite redundancy in

the observations, the•frequency cannot be changed.

Second,

sampling locations may be located specifically at known
contaminant sources.

The sampling of wastewater effluents

by industry and municipalities is an example of such a
sampling location strategy.

Under these circumstances

adding, eliminating, and relocating stations cannot be based
on correlations among stations.

Note, however, that either

4
method may be applied individually.

A municipal drinking

water utility may adjust sampling locations and maintain
their present sampling frequency while an industry may
adjust sampling frequencies but continue sampling at the
same locations.
Both methods may be used most effectively by monitoring
programs which are operating under poor design.

In such

programs sampling frequencies and locations are selected
with little information concerning the environmental system,
data analysis methods are not well defined, and monitoring
objectives are ambiguous.

As a means to improve poor

design, both sampling frequencies and locations may be
optimized based on already existing data.
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CHAPTER 2
IMPROVING SAMPLING FREQUENCY
Environmental data are time series.

Consequently,

observations of a variable at one location are not
necessarily independent.

Depending on sampling frequency,

they may be correlated to themselves, or autocorrelated.

It

is conceivable that for any variable, sampling frequencies
can be determined at which autocorrelation is present and at
which it is not.
Autocorrelation among observations is useful for
evaluating appropriate sampling frequencies.

When

consecutive observations are autocorrelated, the information
obtained is redundant.

When autocorrelation is absent, the

information is not redundant, but information is missing.
The ideal sampling frequency is that at which no information
is lost and redundancy among observations is minimized.
This frequency is determinable from autocorrelation
coefficients.
Each autocorrelation coefficient is the correlation
between observations separated by a time lag.

The lag

indicates the number of equal sampling intervals separating
observations.

For example, the autocorrelation at lag k is

6
the correlation between all observations which are k
sampling intervals apart.

If samples are collected weekly,

the autocorrelation at lag 1 is the correlation between all
data collected one week apart.

It is the use of lags which

requires all observations to be separated by a single fixed
time interval.
For the time series Xt, t - 1,...,T, the
autocorrelation coefficient at lag k is estimated by

V(Xt-X)(Xt+k- X)
r(k) X (X
t=l

- X)2

where r(k) is the autocorrelation estimate and X is the
overall arithmetic mean value for the time series
(Chatfield, 1980, Bennett, 1979, and Box and Jenkins, 1976).
If the time series is assumed stationary Normal, the
standard error can be obtained from the variance of r(k)
which is estimated by
var(rCk)) « ^(1 +21 r(v)2)
v=l

(Bennett, 1979 and Box and Jenkins, 1976).

This formula is

arrived at by hypothesizing that the autocorrelation
coefficients at lag k and larger lags are zero.
Consequently, the confidence interval computed from the
standard error of r(k) is centered at zero.

The width of

the 95% confidence interval is delineated by plus and minus
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1.96 standard deviations of r(k) from zero on a correlogram.
A correlogram is a plot of autocorrelation versus lag for
one variable (see Figures 1, 2, 3, and 4).

Values of r(k)

significantly different from zero at the 0.05 level lie
outside of this confidence interval.
The use of autocorrelations to assess sampling
frequency is not free from complicating factors.

If trends

or periodicities are present in the time series, evaluating
the correlogram is difficult.

Therefore, these phenomenon

must be removed prior to the analysis (see Chatfield, 1980
and Box and Jenkins, 1976).

The use of autocorrelations to

determine sampling frequencies is only possible for time
series with autocorrelation functions which approach zero at
large lags (eg. Figure 1).

In these series the dependency

among observations decreases monatonically in magnitude for
small lags and eventually reaches zero.

Thus, the

dependency, or autocorrelation, among consecutive
observations behaves as a decay function.

In time series

data with trends, autocorrelations do not approach zero at
increasing lags (Figure 2).

Similarly, periodic series such

as those which respond to seasonal or diurnal effects have
autocorrelation functions which oscillate and do not
stabilize at zero (Figure 3).
Improvements to sampling frequency based on
correlograms are not difficult once the autocorrelation
function for the series is in the form of a decay function.
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Correlogram for a time series with a trend
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Autocorrelation

Figure 3.

Correlogram for a time series showing
periodicity.
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For such series, the desired sampling frequency is that at
the lag of the last significant autocorrelation coefficient.
In Figure 1 this is lag 3.

Thus, if the present sampling

frequency was once daily, the frequency would be changed to
once every three days.

Although, for system specific

reasons, it may be favorable to sample at a higher
frequency.
Selecting an improved sampling frequency for series
which are completely random (Figure 4) requires an iterative
procedure.

For these series sampling frequencies must be

increased until the autocorrelation function takes the form
of a decay function with significant correlations for at
least lags 1 and 2 for safety.

This procedure may literally

take years to accomplish without the aid of a special survey
during which high-frequency sampling is employed.

Once the

autocorrelation function behaves as a decay function the
sampling frequency is selected as above.

It may also be

necessary to remove trends and periodicities to attain this
form.

It is also possible for the series to remain

completely random at all realistic sampling frequencies.

Autocorrelation

Figure 4.

□)

Correlogram for a time series which is
completely random.
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CHAPTER 3
IMPROVING SAMPLING LOCATIONS
Rationale for sampling location selection in monitoring
programs is not clear in most designs (eg. Loftis and
others, 1987).

Sampling locations are often located in

nonuniform patterns.

Such designs appear based on a best

guess as to where a station may be needed.

This approach to

network design is not unreasonable for initial designs,
however, it should be improved based on newly collected
data.
A simple method to assess if a sampling network
adequately samples a region is to compute cross-correlations
among the stations.

Stations which are strongly correlated

may be adjusted to reduce the redundancy in the information
they provide.

Adjustments to the network locations may

include eliminating stations or relocating them to areas
with inadequate coverage.

Areas of inadequate coverage may

also be detected from cross-correlations, as in the case
where neighboring stations provide independent observations.
The cross-correlation coefficient is a measure of the
correlation between two time series.

Thus, it is possible

to compute cross-correlations for several lags depending on
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the sample size of the series.

In the comparison of

stations it is only necessary to compute the cross¬
correlation at lag zero, which is a one to one comparison of
the observations.

For two time series both of size T

collected at stations 1 and 2, the cross-correlation at lag
zero is estimated by
tMXit

-

- x2)

r

12(0) “
S S

1 2

where

is the estimated cross-correlation,

overall arithmetic mean value at station i, and

is the
is the

standard deviation at station i (Box and Jenkins, 1976).
The standard deviation may be estimated from the data for
stationary time series as follows
T

? (xlt
. - x:L.)2)®5
1C

t=l

Note that the cross-correlation at lag zero is identical to
the Pearson correlation coefficient used in Classical
Statistics.
A measure of significance for cross-correlations is
attained similarly to that for autocorrelations.
*s 9iven by

estimate of the variance of

var(r

(0))

1
* -

The

L

Z r (k)r,(k)
k=0
z

where r^(k) is the autocorrelation at station i and lag k.
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and L is the largest lag for the time series (Box and
Jenkins, 1976).

Significance of the cross-correlation at

lag zero is evaluated based on the hypothesis that the two
stations are uncorrelated (Box and Jenkins, 1976).

The 95%

confidence interval, centered at zero and assuming
Normality, is delineated by plus and minus 1.96 standard
deviations of r^fO)*
The favorable aspect to using cross-correlations as
spatial correlations is that the stations need not be
located with consistent distances between them.

Networks

without uniform designs may be improved by this method.
The variogram, which is fundamental to geostatistics,
is an alternate method to compute spatial correlations.
However, the system must be designed specifically for this
analysis.

For use of the variogram, stations should be

located such that they are separated by a fixed distance
lag.

For example, if ten stations were sampled along a

river, it is favorable to locate them such that all are a
distance h apart, and h is sufficiently small so that at
least some stations will be correlated.

From the variogram,

an optimal distance separating stations is selected at which
observations among stations are weakly correlated or
uncorrelated.

The variogram is a generic method for

evaluating spatial correlations, however, network designs in
existing monitoring programs are not likely to satisfy the
criteria for its use.
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CHAPTER 4
APPLICATION OF THE NETWORK DESIGN IMPROVEMENT METHODS
TO THE UPPER CLARK FORK RIVER BASIN
The upper Clark Fork River Basin is presently monitored
at eleven fixed stations by the Montana Department of Health
and Environmental Sciences (DHES) (Figure 5).

A suite of 18

variables are observed at each station approximately monthly
during fall and winter and bimonthly during spring and
summer.

The goal of the monitoring program is to evaluate

river water characteristics to support management decisions.
This water is used for irrigation, recreation, and waste
discharge.
The most serious pollution problem in the upper Clark
Fork River Basin is attributable to leachate from historic
mine wastes.

These wastes are mainly mill tailings in

original piles along Silver Bow Creek and worked into gravel
bars, bottom sediments, and the river plain downstream.
Pollution problems have been obvious in the past.

During

1984, high flows in Silver Bow Creek elevated metal
concentrations in the Clark Fork River resulting in a
fishkill of over 10,000 brown trout and white fish.
Currently, at least 50 studies are underway in this area

17
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The upper Clark Fork River Basin in western
Montana with DHES sampling stations located.
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(Johnson, 1987).

Silver Bow Creek is a designated hazardous

waste site under the Superfund Program and has recently
undergone a one year remedial investigation.
The general year-round behavior of the basin consists
of low flows and high metal concentrations (copper and zinc)
in Silver Bow Creek followed by high flows and reduced
concentrations in the Clark Fork River (Figures 6, 1, and
8).

Arsenic concentrations remain about the same in both

Silver Bow Creek and the Clark Fork River (Figure 9).

The

dichotomy in metal concentrations and flow rate occurs near
the Anaconda Mineral Company (ACM) treatment ponds.

In this

area, the Clark Fork River is fed by Warm Springs, Mill, and
Willow creeks in addition to Silver Bow Creek, thus, flow
rate is increased.

Metal concentrations are reduced by the

ACM ponds and dilution.

The mass transport rate of arsenic

(product of concentration and flow rate) is increased at
this location, although, this is not obvious in the
concentration data.

Mill Creek, which flows by the Anaconda

Smelter in Anaconda, is considered to be a source for
arsenic.
The analyses which follow focus on only those data for
arsenic, copper, and zinc.

These data represent total

recoverable concentrations and are the material in transport
at the time of sampling.

No bottom sediments are sampled.

Unfortunately, only twelve observations out of 16 are
available at approximately monthly lags.

Because the

Flow cfs

Figure 6.

Isochrons for flow rate in Silver Bow Creek
(miles 0 - 25) and the Clark Fork River (miles 25
- 90.8); data are from DUES monitoring.
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Table 1.

Sampling dates and time intervals in days between
samples for DHES data used in the analyses.
Date

Days Since Previous Sample

9/24/85
10/28/85
12/10/85
1/ 6/86
2/ 4/86
3/10/86
4/ 7/86
4/21/86
5/ 5/86
5/19/86
6/ 2/86
6/16/86
6/30/86
7/14/86
8/12/86
9/ 9/86

0
34
43
27
29
34
28
14
14
14
14
14
14
14
29
28

sampling frequency is not constant throughout the year all
data cannot be used in the autocorrelation analysis.

In the

analysis of cross-correlations all 16 observations are used.
Relavent dates and distances concerning sampling times and
locations are provided in Tables 1 and 2.
Table 2.

Distances in miles concerning DHES station
locations; distances are estimates from USGS
15 minute topographic maps.
Station
1
2
3
4
5
6
7
8
9
10
11

Distance From
Station 1
0.0
8.0
21.0
25.6
25.6
27.2
27.7
39.7
57.7
79.7
90.8

Distance From
Upstream
0.0
8.0
13.0
4.6
0.0
1.6
0.5
12.0
18.0
22.0
11.1
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Analysis of Sampling Frequency
The Sampling frequency analysis was performed on only
stations 2 and 9 (Figure 5).

Station 2 samples Silver Bow

Creek about midway between Butte and the ACM ponds.
9 samples the Clark Fork River near Deer Lodge.

Station

These

stations are assumed representative of the processes in each
respective waterbody, however, they are biased
representatives since their selection was not random.
Autocorrelations for arsenic, copper, and zinc to lag 4
were computed using the SAS (Statistical Analysis System)
procedure for autoregression integrated moving average
models (PROC ARIMA).

The autocorrelations and their

standard deviations are listed in Table 3.

No correlations

are significant indicating all processes behave randomly.
However, it is important to note that time series
Table 3.

Autocorrelations for arsenic, copper, and zinc at
stations 2 (Silver Bow Creek) and 9 (Clark Fork
River).

Arsenic at Station 2
Lag No. Observations
11
10
9
8
Copper at Station 2
Lag No. Observations
1
11
2
10
3
9
4
8

Autocorrelation
0.115
0.441
0.066
-0.025

Standard Deviation
0.289
0.292
0.343
0.344

Autocorrelation
0.264
-0.087
-0.099
-0.147

Standard Deviation
0.289
0.308
0.310
0.313
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Table 3 continued.
Zinc at Station 2
Lag No. Observations
1
11
2
10
3
9
4
8
Arsenic at Station 9
Lag No. Observations
1
11
2
10
3
9
4
8
Copper at Station 9
Lag No. Observations
1
9
2
8
3
7
4
6
Zinc at Station 9
Lag No. Observations
1
11
2
10
3
9
4
8

Autocorrelation
0.001
-0.065
-0.117
-0.154

Standard Deviation
0.289
0.289
0.290
0.294

Autocorrelation
0.290
0.071
0.279
-0.092

Standard Deviation
0.289
0.312
0.313
0.333

Autocorrelation
-0.045
-0.011
0.219
-0.106

Standard Deviation
0.333
0.334
0.334
0.350

Autocorrelation
-0.071
-0.148
0.230
-0.229

Standard Deviation
0.289
0.290
0.296
0.311

analyses should be performed with at least 50 observations
(Box and Jenkins, 1976).

In these analyses,

autocorrelations at lags 1, 2, 3, and 4 are computed with
sample sizes of at most 11, 10, 9, and 8 observations,
respectively.

After further data collection these analyses

may yield different results.

For example, from the present

analyses it is suggested that at station 2, autocorrelations
may be significant for copper at lag 1 and arsenic at lag 2.
At station 9, significant autocorrelations for arsenic may
occur at lags 1 and 3.

Trends and periodicities may be

important features to any of the processes as well.

26
Time series plots are helpful for qualitatively
evaluating features in the data and should be used in
parallel with autocorrelation analyses.

Time series plots

for arsenic, copper, and zinc at stations 2 and 9 are shown
in Figures 10 through 15.

The plots for arsenic (Figures 10

and 11) are suggestive of a positive trend in series at both
stations.

The copper time series at station 2 (Figure 12)

appears to have a weak negative trend if extreme values are
ignored.

At station 9 (Figure 13), the same series is

stationary.
copper.

Zinc at station 2 (Figure 14) is similar to

It appears to have a weak negative trend if extreme

values are ignored.

At station 9 (Figure 15), the zinc

series has a strong periodicity with a frequency of one
year, however, such a conclusion can not be identified
significantly from the small number of observations.

A

trend analysis was performed on these data and is presented
in the appendix.
Conclusions to the Frequency Analysis
The present sampling frequency in the upper Clark Fork
River Basin has ample room for improvement.

First, it is

essential that sampling frequencies be constant.

It is not

possible to perform accurate time series analyses on
observations made on a casual schedule and time series is
central to the analysis of environmental data.

Note from

Table 1 that monthly data are separated in time by intervals
of 28 to 43 days.

Sampling on a well defined schedule, even

Arsenic ppm

Figure 10.

Time series for arsenic concentrations
station 2 on Silver Bow Creek.
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Figure 12.

Time series for copper concentrations at
station 2 on Silver Bow Creek.
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Copper ppm

Figure 13.

Time series for copper concentrations at
station 9 on the Clark Fork River.
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Zinc ppm

Figure 14.

Time series for zinc concentrations at station
on Silver Bow Creek.
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at the same frequency, will enable this monitoring program
to obtain more information.

Second, the present frequency

should be increased if possible such that significant
results concerning this system's behavior can be acquired in
shorter time.

The observations used in this analysis span

one year and are not yet useful for network design
improvement.
If the sampling frequency for this program can be
increased it should be raised to the highest which is
possible within budget constraints and maintained at this
level until a satisfactory network design is complete.

If

the frequency can not be increased from that at present, the
sampling distribution should be kept uniform throughout the
year at once every three weeks (17 observations per year).
Regardless of the sampling frequency, the importance of
adhering to a fixed-lag sampling schedule can not be
overemphasized.
Analysis of Sampling Locations
The analysis of sampling locations was performed using
arsenic, copper, and zinc observations from stations 1
through 5 and 7 through 11.

Station 6 was left out because

metal concentrations are normally below the detectable limit
which precludes their use in analyses of continuous data.
All 16 observations were used when possible (see dates in
Table 1).

Generally, the cross-correlations were computed

with 14 to 16 pairs of observations.
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The SAS (Statistical Analysis System) procedure for
Pearson correlation coefficients was used to compute cross¬
correlations at lag zero (PROC CORK).

It can be inferred

from the autocorrelation analyses at stations 2 and 9
(above) that all autocorrelations are zero, thus, the
variance of each cross-correlation at lag zero is 1/T (0.063
and 0.071 for sample sizes of 16 and 14, respectively).
The results are presented in plots of cross¬
correlations versus distance downstream from station 1 (see
Table 2 for distances) (Figures 16 through 24).

Each curve

on a plot links the cross-correlations of one station with
all other stations.

For example, in Figure 16 the curve for

station 1 SBC links all cross-correlations of the arsenic
series at station 1-with the series at all other stations.
The data points on this curve correspond to station
locations in terms of their distance downstream from station
1.

The data points at distances of 8.0 and 57.7 miles

correspond to stations 2 and 9, respectively.
-

It can be deduced from these plots that arsenic

concentrations are longest lasting (Figures 16, 17, and 18)
as compared to copper and zinc.

Cross-correlations among

stations on Silver Bow Creek are large for nearest neighbors
and then decay (Figure 16).

On the Clark Fork River,

stations 7, 8, 9, 10, and 11 are all correlated strongly
with two or more neighboring stations.

Cross-correlations

among stations 4 and 5 are not considered (although they are
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plotted) as these stations provide observations for
discharge from the ACM ponds and a bypass channel associated
with this facility.

Their locations would be necessary

despite the correlation structure.
Cross-correlations for copper are weaker than those for
arsenic along Silver Bow Creek (compare Figures 16 and 19).
Although in Figure 19, stations 1 and 2 are strongly
correlated, station 3 provides only weakly related
information.

On the Clark Fork River, stations 7, 8, 9, 10,

and 11 are well correlated to at least nearest neighbors,
although, in general the correlations are weaker than those
for the arsenic series at these stations (compare Figures 18
and 21) .
Zinc series are cross-correlated most poorly compared
to those of copper and arsenic (Figures 22, 23, and 24).
Along Silver Bow Creek, zinc series at stations 1, 2, and 3
are independent or weakly correlated (Figure 22).

Along the

Clark Fork River (Figure 24), stations 7, 8, 9, and 10 are
well correlated at nearest neighbors, however, station 11
has only a weak relation to this group.
Conclusions to the Location Analysis
Unless great savings can be achieved by sampling
subsets of variables in place of the entire suite presently
sampled, it is practical to use the weakest spatially
correlated variable as a guide to a new network design.

In

this case the time series data for zinc are the most weakly
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cross-correlated among all stations.

From these data it is

suggested that more stations be located along Silver Bow
Creek, and those on the Clark Fork River be left unchanged.
If it is not realistic to increase the number of sampling
stations, either of stations 8, 9, or 10 may be relocated to
Silver Bow Creek.
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CHAPTER 5
CONCLUSIONS
This paper presents a first step towards improving
environmental monitoring network designs.

Generally,

research addressing this topic is limited (eg. Loftis and
Ward, 1980), however, its importance for maximizing
information and minimizing costs can not be disputed.

The

methods presented in this paper to improve sampling
frequencies and locations are subjective and need further
testing with large numbers of observations.

Their use

depends heavily on the objectives of the monitoring program
as well as the time series behavior of the data.

Despite

complications which may occur during application of these
methods, they can provide statistical guidance applicable to
network design optimization.
The need to improve monitoring programs is obvious from
those which exist as they normally provide little
information (Ward and others, 1986).

The greatest problem

among monitoring programs is that their poor design makes
obtaining the desired information either impossible or very
difficult (Ward and Loftis, 1986, Loftis and others, 1987,
Ward and others, 1986).

The most important design error is
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that objectives for the monitoring program are not stated
quantitatively (Cairns, 1985).

There are no monitoring

programs for which it is impossible to state objectives in
this fashion.

It is likely, however, that many monitoring

programs exist for which the objectives are not quantified.
The DHES monitoring program falls into this category,
as objectives for this program are not quantified at
present.

In general the DHES objectives are to characterize

the water quality to support management decisions.

While

the intentions of this program are good, its potential for
fulfilling the objectives are poor.

An example of a

quantitative statement to characterize water quality may be
as follows: arithmetic mean values for arsenic, copper and
zinc will be determined for each month of the year with no
more than 5% standard error.

To make this statement the

DHES would have determined that these elements are the most
important indices of water quality and that monthly mean
values are adequate statistics for evaluating their
concentrations.

From this statement it is possible to

select a statistical test for evaluating the significance of
the mean value which would lead to the designation of
sampling frequencies and possibly to special surveys for
evaluating the variance of each variable.

A special survey

refers to a short-term, high-frequency sampling program.
Such procedures, if invoked, will enable monitoring programs
to provide information at the most economic value.
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There is at least one obvious reason as to why many
monitoring programs operate under a poor design.

The

funding for environmental monitoring programs is normally
available for only the program itself and not its design.
Consequently, the design is carried out at no budget as part
of the monitoring program proposal.

Paradoxically, these

programs are funded and operate inefficiently with little
hope of providing the desired information.

It is

conceivable that awareness of monitoring program failures
due to poor design will be prevalent in the future as
budgets become tighter.

It can be expected that such

awareness will lead to the use of more rigorous design
procedures.
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APPENDIX
TREND ANALYSES FOR ARSENIC, COPPER, AND ZINC

A trend in time series data is a periodicity with a
wavelength greater than the total time spanned by the
observations.

Analysis for trend in time series is an

objective for most monitoring programs.
methods by which this can be done.

There are several

Among these are the

Seasonal Kendal test, Seasonal Regression test, and Linear
Regression test (Hirsch and others, 1982).

The former two

methods require at least two years of data, thus, the linear
regression method was used here.
Time series collected from river water are expected to
behave seasonally, and be influenced by flow rates.

These

effects are preferably removed prior to trend analysis.
Seasonality can be removed by subtracting monthly mean
values or using moving averages.

Flow adjusted data can be

obtained by performing a regression analysis on flow,
computing resdiuals from the regression, and using these
residuals in the trend analysis.

Forms of the regression

equation for flow adjustments may be linear or nonlinear
(Hirsch and others, 1982).
Multiple linear regression is perhaps the simplest
method to make flow adjustments, remove seasonality, and
analyze data for a trend.

The multiple regression method
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inherently evaluates the effects of an independent variable
on a response variable apart from effects of all other
independent variables in the model (see Freund and Minton,
1979).

Thus, if a seasonal variable, a flow rate variable,

and a time variable are used as independent variables,

the

regression parameter for time indicates the trend of the
response variable apart from flow and seasonal effects.

The

necessary adjustments for flow and seasonality are made by
the analysis.

The analyses for trend below were carried out

using temperature as the independent seasonal variable.
However, it is also possible to use parameterized variables
to adjust for a seasonal effect.

For example, four

variables called summer, fall, winter, and spring could be
included in the model.

These variables take on values of

either 0 or 1.
In the regression method it was assumed flow and
temperature have linear relationships to the response
variable, although, these relationships could be nonlinear
in nature.

Plots of the response against each independent

variable can reveal nonlinearities.

Such plots were

observed for arsenic, copper, and zinc prior to the trend
analyses.

Arsenic appears to have a parabolic relationship

to temperature, otherwise, all plots suggest independence
among the variables or moderate linearity.
not included here.

These plots are

It is also assumed that serial

correlation is absent from each response variable (see
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Chapter 2).

If serial correlation were present, multiple

linear regression can not be used for trend analysis.
Trend Analyses
The analyses for trend in the arsenic, copper, and zinc
time series were performed only on data at stations 2 and 9.
Three different sets of independent variables, with time
common to all sets, were used in the multiple linear
regression analyses.

Two sets consisted of the variables

time and temperature and time and flow.
included time, flow, and temperature.

A third set
Only the third set

accounts for both seasonal and flow effects on response
concentrations.

The former two sets account for effects due

to seasonality alone and flow alone, respectively.
Analysis at Station 2
Results for the multiple linear regression analyses on
standardized data collected at station 2 are provided in
table 4.

The flow adjusted regressions are significant

(assume a minimum of 0.10) for all response variables, but
only arsenic and copper have significant time parameters,
indicating there is a trend apart from flow effects for
these variables.

In contrast, the temperature, or

seasonally, adjusted regressions indicate that no response
variables have significant trends.

When both flow and

temperature effects are considered, trends are again absent
from all response variables.

It is concluded that trends

are absent from the time series for these variables at
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station 2.

Note that copper and zinc are significantly

dependent on flow and that this dependency is negative.
Thus, high flows correspond to reduced concentrations of
these metals.
Observations from the time series plots for arsenic,
copper, and zinc (figures 10, 12, and 14) suggest that
negative trends are present in the copper and zinc data,
whereas a positive trend occurs in the arsenic data.

Such

observations lead to specious reasoning in this case since
significant trends are absent apart from flow and
temperature (seasonal) effects.

It is also notable that the

variance is nonstationary in these plots as data for late
summer of 1986 has greater dispersion than previous data.
Table 4.

Multiple linear regression trend analyses on
total recoverable arsenic, copper, and zinc at
station 2; the probability of a parameter value
equal to zero is given below each parameter; all
data were standardized prior to the analysis
(t - time, Q - Flow, and T - Temperature).

Multiple Linear Regression Equations
Flow Adjusted
As « 0.67t
0.01
Cu - 0.46t
0.08
Zn - 0.32t
0.20

- 0.25Q
0.26
- 0.50Q
0.06
- 0.57Q
0.04

R2

F

Pr( > F)

0.47

5.4

0.02

0.38

3.6

0.06

0.36

3.4

0.07
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Table 4 Continued.
R2

F

0.57

7.9

0.01

0.15

1.1

0.37

0.07

0.5

0.64

0.57

4.4

0.03

0.44

2.6

0.11

0.41

2.3

0.14

Temperature Adjusted
As - 0.30t - 0.52T
0.07
0.27
Cu « 0.36t + 0.05T
0.35
0.89
Zn « 0.15t + 0.15T
0.71
0.71

Pr( > F

Flow and Temperature Adjusted
As ** 0.38t - 0.21Q + 0.42T
0.22
0.21
0.37
Cu - 0.62t - 0.64Q - 0.31T
0.44
0.04
0.10
Zn - 0.42t - 0.69Q - 0.20T
0.04
0.63
0.26
Analysis at Station 9
The multiple linear regression trend analyses at
station 9 are listed in table 5.

All flow adjusted analyses

are significant, but only arsenic has an apparent trend with
respect to this model.

In each regression, however,

arsenic, copper and zinc have strong positive dependence on
flow.

Temperature adjusted analyses indicate that no

response variables contain a trend apart from temperature
effects.

In the combined flow and temperature adjusted

analyses, all response variables show no significant trend,
which parallels the results at station 2.

Strong dependence

on flow is observed, and both arsenic and zinc are dependent
on temperature as well.

The dependence on flow is positive

in contrast to that at station 2.

This implies that upon

increasing flows concentrations also increase.
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Time series plots for arsenic, copper, and zinc are
provided in figures 11, 13, and 15.

Although arsenic

appears to have a positive trend, which is attributable to
flow and temperature effects, copper, and zinc have no
obvious monitonically increasing or decreasing dependence on
time.

Zinc appears to have annual periodicity, and copper

behaves essentially constant in time.

The variances for

arsenic and copper suggest nonstationarity, as at station 2,
however, nonstationarity in the variance for zinc is
difficult to discern.
Table 5.

Multiple linear regression trend analyses on
total recoverable arsenic, copper, and zinc at
station 9? the probability of a parameter value
equal to zero is given below each parameter; all
data were standardized prior to the analysis
(t - time, Q * Flow, and T * Temperature).

Multiple Linear Regression Equations
Flow Adjusted

R2

As = 0.59t + 0.53Q
0.01
0.01
Cu » O.llt + 0.86Q
0.47
0.00
Zn « -. 09t + 0.78Q
0.66
0.00

0.68

13.0

0.00

0.80

21.5

0.00

0.59

8.6

0.01

0.48

5.6

0.02

0.07

0.5

0.66

0.10

0.7

0.53

F

Pr( > F)

Temperature Adjusted
As “ 0.19t
0.53
Cu « 0.09t
0.82
Zn « 0.33t
0.42

+ 0.55T
0.10
+ 0.19T
0.64
- 0.47T
0.27
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Table 5 Continued.
Flow and Temperature Adjusted
AS » 0.21t + 0.52Q + 0.52T
0.35
0.01 0.03
Cu - O.Olt + 0.86Q + 0.14T
0.95
0.00 0.51
Zn - 0.30t + 0.80Q - 0.51T
0.23
0.00 0.05

2

R

F

Pr( > F)

0.80

13.4

0.00

0.80

12.2

0.00

0.74

9.6

0.00

