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Statistical Analysis of Surface-Water-Quality Data
in and near the Coal-Mining Region of
Southwestern Indiana, 1957-80

By Jetfrey D. Martin and Charles G. Crawford

Abstract

The Surface Mining Control and Reclamation Act of
1977 requires that applications for coal-mining permits
contain information about the water quality of streams at
and near a proposed mine. To meet this need for infor-
mation, streamflow, specific conductance, pH, and con-
centrations of total alkalinity, sulfate, dissolved solids,
suspended solids, total iron, and total manganese at 37
stations were analyzed to determine the spatial and sea-
sonal variations in water quality and to develop equa-
tions for predicting water quality.

The season of lowest median streamflow was re-
lated to the size of the drainage area. Median streamflow
was least during fall at 15 of 16 stations having drainage
areas greater than 1,000 square miles but was least dur-
ing summer at 17 of 21 stations having drainage areas
less than 1,000 square miles. In general, the season of
lowest median specific conductance occurred during the
season of highest streamflow except at stations on the
Wabash River. Median specific conductance was least
during summer at 9 of 9 stations on the Wabash River,
but was least during winter or spring (the seasons of
highest streamflow) at 27 of the remaining 28 stations.

Linear, inverse, semilog, log-log, and hyperbolic re-
gression models were used to investigate the functional
relations between water-quality characteristics and
streamflow. Of 186 relations investigated, 143 were statis-
tically significant. Specific conductance and concentra-
tions of total alkalinity and sulfate were negatively re-
lated to streamflow at all stations except for a positive re-
lation between total alkalinity concentration and stream-
flow at Patoka River near Princeton. Concentrations of
total alkalinity and sulfate were positively related to
specific conductance at all stations except for a negative
relation at Patoka River near Princeton and for a positive
and negative relation at Patoka River at Jasper. Most of
these relations are good, have small confidence inter-
vals, and will give reliable predictions of the water-qual-
ity variables listed above. The poorest relations are typi-
cally at stations in the Patoka River watershed. Sus-
pended-solids concentration was positively related to
streamflow at all but two stations on the Patoka River.
These relations are poor, have large confidence inter-
vals, and will give less reliable predictions of suspended-
solids concentration.

Predictive equations for the regional relations be-
tween dissolved-solids concentration and specific con-
ductance and between sulfate concentration and specific
conductance, and the seasonal patterns of water quality,
are probably valid for the coal-mining regions of lllinois
and western Kentucky.

INTRODUCTION
Background

Coal deposits have been identified in 20 counties in
southwestern Indiana (fig. 1). The effects of coal mining
on water quality in this region have been documented in
the literature (Corbett and Agnew, 1968; Corbett, 1969;
Wilber and others, 1980; Peters, 1981; Wangsness and
others, 1981a, 1981b, 1983; Zogorski and others, 1981).
These investigations showed that specific conductance and
concentrations of dissolved solids, acidity, sulfate, iron,
manganese, and aluminum were generally higher in mined
areas than in unmined areas, whereas pH and concentra-
tions of total alkalinity were generally lower in mined
areas than in unmined areas.

The Surface Mining Control and Reclamation Act of
1977 (Public Law 95-87) addresses water-quality prob-
lems associated with coal mining. The act requires an as-
sessment of the probable hydrologic consequences of min-
ing and reclamation on the hydrologic regime and the
quantity and quality of water at and near the proposed
mine. Hydrologic information for the area near the mine,
referred to as “the general area” by the act, must be pro-
vided by an appropriate Federal or State agency. The gen-
eral area is defined as “the topographic and ground water
basin surrounding a mine plan area which is of sufficient
size, including areal extent and depth, to include one or
more watersheds containing perennial streams and ground
water zones and to allow assessment of the probable
cumulative impacts on the quality and quantity of surface
and ground water systems in the basin” (Office of Surface
Mining, 1979, p. 15349). The regulatory program imple-
menting the act requires that mining-permit applications
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“**xinclude water quality data to identify the characteris-
tics of surface waters in, discharging into, or which will
receive flows from surface or ground water from affected
areas within the proposed mine plan area, sufficient to
identify seasonal variations***” (Office of Surface Min-
ing, 1979, p. 15355).

The minimum water-quality data required by the act
include pH and concentrations of total dissolved solids,
total suspended solids, acidity, dissolved iron, total iron,
and total manganese. These data will be used, in part, by
operators or consultants in preparing mining-permit appli-
cations and in estimating the probable hydrologic effects
of mining, and by the regulatory authority in reviewing
permit applications, determining cumulative hydrologic
effects, and recommending procedures for mitigating dam-
age to the environment.

The U.S. Geological Survey has designed a water-
quality-data network to obtain the information required for
the general area. Water-quality data at 293 reconnaissance
sites and 84 network sites in the coal-mining region have
been collected from March 1979 through August 1981
(Renn and others, 1980; U.S. Geological Survey, 1982,
p. 65-67, 125-128, 134-137, 145-148, 206-209, 277-
280, 391-398; Renn, 1983). Data collected include meas-
urements of streamflow, temperature, specific conduct-
ance, and pH; concentrations of major cations and anions,
dissolved oxygen, metals, nutrients, organic carbon, sus-
pended sediment, and elements adsorbed on streambed
materials; and populations of benthic invertebrates and
periphytic algae. Network data have been analyzed. Sur-
face-water quality is discussed by Wilber and others
(1980), concentrations of selected elements adsorbed on
streambed materials are discussed by Wilber and Boje
(1982), and stream biota are discussed by Wangsness
(1982).

In addition to data obtained from the network oper-
ated by the U.S. Geological Survey, other data that can
supplement the network and provide useful information on
the water quality of southwestern Indiana are available.
Most of the additional data have been collected by the In-
diana State Board of Health as part of a statewide water-
quality-monitoring program established in 1957. The
period of record for this program is the longest in the
coal-mining region.

Purpose and Scope

Streamflow and water-quality data at 21 Indiana
State Board of Health stations and streamflow and specific
conductance data at 16 U.S. Geological Survey gaging
stations were analyzed to provide information on surface-
water quality in and near the coal-mining region of south-
western Indiana. This report (1) summarizes streamflow
and water-quality data collected at these stations and
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examines the spatial and seasonal variations in streamflow
and water quality, and (2) investigates the form and sig-
nificance of the functional relations between water-quality
variables and develops equations for predicting water
quality.

Statistics of central tendency and dispersion were
calculated for streamflow, specific conductance, pH, total
alkalinity, sulfate, suspended solids, total iron, and total
manganese data collected from 1957 to 1980 at the 37 sta-
tions in and near the coal-mining region of Indiana men-
tioned above. Statistics also were calculated for winter,
spring, summer, and fall to enable an examination of sea-
sonal variations.

Linear, inverse, semilog, log-log, and hyperbolic
regression models were used to investigate the functional
relations between water-quality variables. For statistically
significant functional relations, equations were developed
for predicting specific conductance, pH, and concentra-
tions of alkalinity, sulfate, dissolved solids, suspended
solids, total iron, and total manganese from values of
streamflow, specific conductance, and (or) suspended-
solids concentration. Regression models and the methods
used to select the best model are described in detail. Infor-
mation is provided for use in assessing the slope and
goodness-of-fit of a relation and in estimating confidence
limits for predicted water quality. Examples of the proce-
dure used to calculate confidence limits are given to allow
the user to assess the reliability of a predicted water-qual-
ity value.

Results of the study are presented in tables and
figures. The tables provide specific numerical data for a
water-quality station and are intended to be used in appli-
cations for coal-mining permits or for other site-specific
uses. The tables are placed together at the end of the re-
port. The figures provide a comparative view of water
quality and are intended to be used in assessing cumula-
tive hydrologic effects of mining or for interpreting water
quality. Although comparisons of water quality among
stations are contained throughout the report, it is beyond
the scope of this report to interpret the surface-water qual-
ity of the coal-mining region. Interpretation of the causes,
effects, or mechanisms responsible for the differences or
similarities in water quality is left to the reader.

DESCRIPTION OF STUDY AREA

The coal-mining region of Indiana consists of 20
counties in southwestern Indiana whose recoverable re-
serves of coal are estimated to be 17 billion short tons
(Weir, 1973, p. 33). Indiana counties contiguous to those
in the coal-mining region were included in the study area
so that water quality in the coal-mining region could be
compared with water quality upstream from the coal-
mining region (fig. 1). A comprehensive description of the



































































































Y = a+bX, 2
where
Y=a value of the dependent variable,
X=a value of the independent variable,
a=the intercept coefficient, and
b=the slope coefficient.

Four simple linear regression models were used to
investigate the functional relations between water-quality
variables at each station. A function (transformation) of a
water-quality variable is used as the independent variable
in the inverse, semilog, and log-log models. The base-10
logarithm of a water-quality variable is used as the de-
pendent variable in the log-log model. Equations for the
models are as follows:

Model Equation
Linear Y = a+bX, 3)
Inverse Y = a+b(1/x), 4)
Semilog Y = a+b(log,o x), (5)
Log-log logio y= a+b(log;o x), ()]

where
x=a value of a water-quality variable that is trans-
formed to a value of the independent variable (X),
y=a value of a water-quality variable that is log-trans-
formed to a value of the dependent variable (Y),
and
X, Y, a, and b are as previously defined.

For example, let x be a value of streamflow (x=
937 ft’/s). Then the value of the independent variable (X)
is 937 ft*/s for the linear model, 1.07Xx1073 s/ft> for the
inverse model, and 2.97 log,o ft¥/s for the semilog and
log-log models.

For regressions against streamflow, an additional
model was used:

Model
Hyperbolic

Equation

Y = a+b{1/(1+hx)], @)

where h is a positive constant, and Y, X, a, and b are as
previously defined.

The hyperbolic model used for regression analysis
was chosen from eight possible hyperbolic models that
differed only in the value of h. Values of h were calcu-
lated for each hyperbolic model by using the procedure of
Smith and others (1982, p. 8) as follows:

1. For a given station, the mean streamflow, Q, was cal-
culated.

2. The integer part (characteristic) of log,q Q, arbitrarily
called Z here, was determined.

3. The constant h was assigned the value of 10¢"2572),
This is the value of h for the first hyperbolic model.

4. The value of h was increased by multiplying by 10°3,
This is the value of h for the second hyperbolic
model.

5. The values of h for the next six hyperbolic models
were calculated by multiplying the previous value of
h by 10°3,

Eight values of h were used to calculate eight differ-
ent independent variables for the hyperbolic models.
PROC CORR (SAS Institute Inc., 1982a, p. 501) was
used to calculate Spearman rank-correlation coefficients
between the dependent variable of interest and the eight
independent variables for the hyperbolic models. The
hyperbolic model with the highest correlation coefficient
was chosen for use in regression analysis.

Linear, inverse, semilog, and hyperbolic models es-
timate the mean value of the dependent variable. Residu-
als (deviations of the observed data from the regression
line) for these models are approximately normally distrib-
uted; consequently, these models also estimate the median
value of the dependent variable.

Although least squares regression is done for the
log-log model, as shown in equation 6, the log-log model
is not commonly presented in this form. More often the
equation for the log-log model is presented in exponential
form (as in tables 14-28) so that the retransformed
dependent variable is expressed in common units rather
than in the logarithmic units of the dependent variable as
in the log-log form. Residuals for the exponential form of
the log-log model are approximately log-normally distrib-
uted. Consequently, the exponential form estimates the
median value of the retransformed dependent varjable but
gives biased (low) estimates of the mean (Miller, 1984, p.
124).

The smearing method (Duan, 1983) can be used to
correct the exponential form of the log-log model to give
unbiased estimates of the mean. A bias corrector is calcu-
lated on the basis of scatter of the residuals. The greater
the scatter of the residuals, the greater the bias corrector.
Unbiased estimates of the mean of the retransformed de-
pendent variable can be obtained by multiplying the esti-
mate of the median obtained from the predictive equation
for the log-log model by the bias corrector.

Using the smearing method, the log-log model (eq.
6) is equivalent to

Y= 10°X"(Z 10”)/m, (8)

where
n =the number of data pairs used
to develop the predictive equation,
R =the residual error for each data
pair in logarithmic units (base-10),
(2 10%)/n = the bias corrector for the log-
log model, and
X,Y, a, and b are as previously defined.

Examples of the forms of the models are shown in
figure 11 for the relation between specific conductance and
streamflow at White River at Petersburg (station WR48).
PROC REG (SAS Institute Inc., 1982b, p. 41) was used to
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calculate least squares estimates for the coefficients in the
linear regression models. In addition, PROC REG was used
to calculate the coefficient of determination (R-square), the
standard error of regression, Cook’s D influence statistic,
and the residuals and to test the statistical significance of the
regression.

Criteria for Selecting the Best Model

The model that best described the functional relation
between the dependent variable Y and the independent vari-
able X was selected on the basis of the following criteria:

1. The significance level of the regression. For a model to
be considered, p (the probability of obtaining a statisti-
cally significant relation by chance where, in fact, there
is no relation) must be less than 5 percent (p<0.05).

2. The standard error of regression, in percent (Ep). Ep is
an index of the standard deviation of the measured
values from the regression line. The smaller the value
of Ep, the better the regression line “fits” the data. For
all models except the log-log model, Ep is calculated as
the root mean square deviation of sample points from
the regression line (Es) divided by the mean of the de-
pendent variable times 100. For log-log models, Ep is
from Hardison (1971, table 1, p. C229).

3. The coefficient of determination (R-square). R-square is
a measure of the proportion of the variability in the de-

pendent variable explained by the regression (Haan,
1977, p. 184). R-square ranges from 1.00 (for a regres-
sion that completely explains the variability in the de-
pendent variable) to 0.00 (for a regression that explains
none of the variability in the dependent variable). R-
square was used as a criterion to select among linear,
inverse, semilog, and hyperbolic models but was not
used for log-log models. In the log-log model, the de-
pendent variable has been transformed to a base-10
logarithm and the R-square cannot be compared directly
with those from the other models (Sall, 1981, p. 2-9).

4. Residual analysis. Deviations of the measured values

from the regression line (residuals) were plotted to see
if the assumptions of regression were met. These as-
sumptions are that the residuals are independent and are
normally distributed with a mean of zero and a constant
variance (Walpole and Myers, 1978, p. 285). Only the
assumption that the residuals have a mean of zero is re-
quired for the use of the predictive equation. The other
assumptions are necessary for estimating confidence in-
tervals and testing hypotheses (Haan, 1977, p. 186).
The assumption of normality was tested by using the
normal option of PROC UNIVARIATE (SAS Institute
Inc., 1982a, p. 580). The assumption of constant var-
iance was tested by using the Spearman option of PROC
CORR to determine the correlation between the abso-
lute value of the residuals and the independent variable.
The assumption of independence was not tested.
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5. Graphical analysis. Data points were plotted, and the re-
gression line was drawn through the data points. The
plot was inspected to ensure that the line fit the data over
the entire range of the independent variable.

6. Influence statistic. Cook’s D influence statistic was
scrutinized, and models where one or more data points
were extremely influential were not favored.

Predictive Equations

Predictive equations and statistics for all statistically
significant water-quality functional relations are shown in ta-
bles 14-28. Units for the standard error of regression are
logarithmic for the log-log model and arithmetic for all other
models. Units for the mean of the independent variable are
arithmetic for linear models, reciprocal for inverse and
hyperbolic models, and logarithmic for semilog and log-log
models. Units for the sum of squares of the independent vari-
able are squares of the units for the mean of the independent
variable.

Slope, Goodness-of-Fit, and Reliability of
Functional Relations and Predictive Equations

The slope of a regression line defining a functional
relation indicates whether two water-quality variables vary
directly (positive slope) or inversely (negative slope).
Slope is determined from the predictive equation and is
the same as the sign of the b regression coefficient for
linear (eq. 3), semilog (eq. S), and log-log (eq. 6, 8)
models. The slope of the relation for the inverse model
(eq. 4) is opposite the sign of the b regression coefficient.
Predictive equations for the hyperbolic model (eq. 7) must
be graphed to determine the slope of the functional rela-
tion.

The goodness-of-fit of a functional relation and,
therefore, the ability of the predictive equation to reliably
estimate the response variable are dependent on the sig-
nificance of the regression, the standard error of the re-
gression, and the coefficient of determination. Relations
are best where the regression is highly significant
(p<<0.01), the standard error of regression is small, and
the coefficient of determination is large. Relations are
poorest where the regression is significant (p<<0.05), the
standard error of regression is large, and the coefficient of
determination is small. Relations fail to exist where the re-
gression is not significant (p>0.05).

Regional Relations
Two distinct groups of data are apparent in a plot of

dissolved-solids concentration against specific conduc-
tance. Predictive equations were developed separately for

specific conductance between 60 and 740 pwS/cm at 25°C
and between 750 and 6,100 wS/cm at 25°C (table 14). The
slope of the regression lines defining the regional relation
is the primary difference between the predictive equations
for the two ranges of specific conductance. The positive
relation between dissolved-solids concentration and
specific conductance is very good (R-square of 0.92 and
0.95, Ep of 13.4 and 14.4 percent). The two log-log equa-
tions in table 14 can be used to predict dissolved-solids
concentration in the coal-mining region with confidence.

Two groups of data are apparent in a plot of sulfate
concentration against specific conductance, as was true for
the regional relation between dissolved-solids concentra-
tion and specific conductance. Predictive equations were
developed for specific conductance between 40 and 740
wS/cm at 25°C and between 750 and 6,100 wS/cm at 25°C
(table 15). Sulfate concentration was positively related to
specific conductance. The regional relation was much bet-
ter for the high range of specific conductance (R-square of
0.85, Ep of 24.6 percent) than for the low range (R-square
of 0.36, Ep of 57.8 percent).

Relations At Stations

The slope and the statistical significance of functional
relations between water-quality variables at U.S. Geological
Survey gaging stations and at Indiana State Board of Health
stations are reported in tables 29 and 30. Of 186 relations in-
vestigated, 143 were statistically significant.

Specific conductance was inversely related to stream-
flow at all 37 stations (tables 29, 30). The consistent results
indicate that the processes controlling specific conductance
may be the same at all stations. Specific conductance is
higher in baseflow than in precipitation, and the negative
functional relation between specific conductance and stream-
flow is probably caused by dilution during high flow. The
log-log and the hyperbolic models were most applicable to
the relations between specific conductance and streamflow.
R-square ranged from 0.10 to 0.88 and Ep ranged from 12.9
t048.9 percent (tables 16, 17).

The relations between pH and streamflow were statis-
tically significant at 9 of 21 stations. Six of the significant
relations were negative and three were positive. The hyper-
bolic model was most applicable to the relations between pH
and streamflow. R-square for the significant relations ranged
from 0.02 to 0.46 and Ep ranged from 2.7 to 15.0 percent
(table 18).

Only 7 of 21 relations between pH and specific con-
ductance were statistically significant. Positive and negative
relations were observed. R-square for the significant rela-
tions ranged from 0.01 to 0.23 and Ep ranged from 3.3 to
14.4 percent (table 19). Differences in the slope and the sig-
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nificance of the relations indicate that the processes control-
ling pH are complex and require interpretation on a site-
specific rather than a regional scale.

All the relations between total alkalinity concentration
and streamflow and between total alkalinity concentration
and specific conductance were statistically significant. Ex-
cept for Patoka River near Princeton (station P19), total alka-
linity concentration decreased as streamflow increased; at
that station total alkalinity concentration was directly related
to streamflow. The hyperbolic model was most applicable to
the relations between total alkalinity concentration and
streamflow. R-square ranged from 0.10 to 0.72 and Ep
ranged from 12.3 to 69.6 percent (table 20).

Total alkalinity concentration was directly related to
specific conductance at all stations except Patoka River at
Jasper (station P86) and Patoka River near Princeton (station
P19). The relation at Patoka River at Jasper was positive and
negative (fig. 10C), and the relation at Patoka River near
Princeton was negative (fig. 10B). The processes controlling
total alkalinity concentration at these two stations are differ-
ent from those at the other stations. The semilog model was
most applicable to the relations between total alkalinity con-
centration and specific conductance. R-square ranged from
0.07 to 0.80 and Ep ranged from 11.6 to 70.5 percent (table
21).

Sulfate concentration was inversely related to
streamflow at all stations. The semilog model was most
applicable to the relations between sulfate concentration
and streamflow. R-square ranged from 0.12 to 0.64 and
Ep ranged from 13.5 to 60.3 percent (table 22).

Sulfate concentration was directly related to specific
conductance at all stations. R-square ranged from 0.09 to
0.73 and Ep ranged from 12.5 to 43.7 percent (table 23).

Suspended-solids concentration was directly related
to streamnflow at all but two stations on the Patoka River.
The lack of significant relations at these stations is an indi-
cation that the processes controlling suspended-solids con-
centration are different in nature or magnitude from the
processes controlling suspended-solids concentration at the
other stations. The log-log model was most applicable to
the relations between suspended-solids concentration and
streamflow, but the relations are poor. R-square for the
significant relations ranged from 0.17 to 0.37 and Ep
ranged from 79.4 to 140 percent (table 24).

Total iron concentration was directly related to
streamflow at six of eight stations. R-square for the sig-
nificant relations ranged from 0.10 to 0.78 and Ep ranged
from 42.5 to 79.4 percent (table 25).

Total iron concentration was directly related to sus-
pended-solids concentration at all eight stations. The log-
log and the linear models were most applicable to the rela-
tions between total iron concentration and suspended-sol-
ids concentration. R-square ranged from 0.36 to 0.91 and
Ep ranged from 25.8 to 47.3 percent (table 26).

Total manganese concentration was inversely related
to streamflow at only two of eight stations. Both stations
were on the Patoka River. R-square for these two relations
was 0.47 and 0.60, and Ep was 63.7 and 55.6 percent
(table 27).

The relations between total manganese and specific
conductance were significant at three of eight stations. At
two stations on the Patoka River the relations were posi-
tive, and at East Fork White River at Williams (station
EW77) the relation was negative. R-square for the signifi-
cant relations ranged from 0.22 to 0.81 and Ep ranged
from 38.8 to 61.1 percent (table 28).

Confidence Limits

The standard error of regression, the sum of squares
of the independent variable, and the mean of the indepen-
dent variable are reported to allow the reader to calculate
an estimate of the confidence limits for predicted water
quality. By calculating confidence limits, the reliability of
predicted water quality at a particular value of the inde-
pendent variable can be estimated. This is often more use-
ful than a single measure of reliability (such as Ep) for the
entire equation.

Two kinds of confidence limits can be calculated:
limits for the predicted individual response and limits for
the predicted mean or median response. Confidence limits
for the predicted individual response of the dependent var-
iable at a particular value of the independent variable give
the expected range (confidenge interval) within which the
true value should lie. For example, a single future meas-
urement of specific conductance at a particular stream-
flow would be expected to fall within the range of specific
conductance estimated by this type of confidence limits.

Confidence limits for the predicted mean or median
response of the dependent variable at a particular vatue of
the independent variable give the expected range within
which the true mean or median value should lie. For ex-
ample, the average of a large number of future measure-
ments of specific conductance at a particular streamflow
would be expected to fall within the range of mean or me-
dian specific conductance estimated by this type of con-
fidence limits. Confidence limits for the predicted mean or
median response are smaller than configence limits for the
predicted individual response.

Calculation and interpretation of confidence limits is
dependent on the type of model. The dependent variable
in linear, inverse, hyperbolic, and semilog models is un-
transformed, and confidence limits can be calculated for
the predicted individual response and for the predicted
mean response of the *dependent variable. Confidence
limits for these models are symmetric about the predicted
response.
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The dependent variable in log-log models is trans-
formed to the base-10 logarithm; consequently, confidence
limits are calculated on the log-transformed variable and
reexpressed in untransformed units. Confidence limits for
the predicted mean response cannot be calculated for the
log-log model. However, confidence limits for the pre-
dicted individual response and for the predicted median
response can be calculated. Confidence limits for the log-
log model are nonsymmetric about the predicted response.

Confidence limits for the predicted individual re-
sponse or for the predicted mean or median response of
the dependent variable at one value of the independent
variable can be estimated by using the following formula
(Walpole and Myers, 1978, p. 292-294):

-3 1 X=X ©)
CL Yi‘tdzES f+ n+ Sxx ’

where

CL = the upper or lower confidence limit,

Y =the predicted response of the dependent
variable for X,

a=(1—P/100), where P is the desired percent
probability for the confidence limit,

to2 = the value of the t distribution with n—2

degrees of freedom and [100(1 —a)]
percent probability,

Es =the standard error of regression,

f=a factor equal to | for predicted individual
response or equal to 0 for predicted
mean or median response,
n = the number of data pairs,
X =a value of the independent variable,
X =the mean of the independent variable, and

Sxx =the sum of squares of the independent

variable [2X2—(ZX)%n].

Confidence limits for the predicted individual re-
sponse and for the predicted mean or median response of
the dependent variable over the entire range of the inde-
pendent variable can be estimated by calculating the con-
fidence limits at several discrete points over the range of
the independent variable. The upper and lower confidence
limits for the predictive equation are estimated by con-
necting the points above the regression line and those
below the regression line to form confidence bands (figs.
12, 13).

Interpretation of confidence limits can be confusing.
Ninety-five-percent confidence limits imply that the proba-
bility that these limits contain the true value or true mean
or median value is 95 percent. This is not to say that the
true value is contained by these confidence limits 95 per-
cent of the time. The true value is a fixed number and
must be either inside or outside the confidence limits 100
percent of the time. Use and interpretation of confidence
limits in regression are discussed in Haan (1977, p. 161-

166, 186-192) and in Sokal and Rohlf (1969, p. 138-142,
420-427).

Procedures used for calculating an estimate of the
confidence limits for models where the dependent variable
is untransformed and is log-transformed follow.

Calculation of Confidence Limits for
Models with Untransformed Dependent Variables

This section is an example of the computational pro-
cedure used to calculate an estimate of the confidence
limits for the relation between specific conductance and
streamflow at Crooked Creek near Santa Claus (station
03303400). The predictive equation is a semilog model
(table 16); therefore, specific conductance in micro-
siemens per centimeter at 25 degrees Celsius is the
dependent variable and the base-10 logarithm of stream-
flow in cubic feet per second is the independent variable.
Several values of mean specific conductance (SC) are pre-
dicted for several values of streamflow (Q) from the equa-
tion SC=504.8—107.7(log;p Q). Maximum and mini-
mum streamflows are included to adequately define the re-
lation as in the table that follows:

Predicted
Predicted mean
dependent specific
Independent variable. conductance,
Streamflow, variable, Y SC
X (uS/cm at (uS/cm at
(fts) (log o fts) 25°0) 25°0)
0.03 -1.523 668.8 668.8
.10 -1.000 612.5 612.5
.30 - .5229 561.1 561.1
1.0 .0000 504.8 504.8
3.0 4771 453.4 453.4
10 1.000 397.1 397.1
36 1.556 337.2 337.2

The values of mean specific conductance and
streamflow are plotted and the points are connected to
define the relation described by the predictive equation
(fig. 12). The equation for the confidence limits (CL) for
the predicted individual response of the dependent variable
(Y)is

% 1, X=Xy
CL=¥ 1 Bs Vi+=+=

and the variables are as defined in equation 9. From table
16, n=43, X=0.1354 log,o ft’/s, Sxx=32.82 (log;o
ft’/s)?, Es=84.75 uS/cm at 25° C, and f=1.0. For a 95-
percent confidence limit, a= 0.05. The value of the t dis-
tribution, with 41 degrees of freedom (n—2) and 95-per-
cent probability [100(1-a)], t,2 is 2.019 (Rohif and
Sokal, 1969, p. 159-161). For a streamflow of 0.03 ft*/s
(X=-1.523, Y=668.8), the 95-percent confidence limits
for the predicted individual specific conductance are
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CL=668.8

1, (=1.523-0.1354)?
43 32.82 '

+(2.019)(84.75) \/1.0+

or
CL= 668.8+180.0,

or

CL upper=668.8+180.0=848.8 wS/cm at 25°C, and

CL lower=668.8—180.0=488.8 pS/cm at 25°C.

The 95-percent confidence limits for the predicted

mean specific conductance are calculated as above except
that f= 0.0:

CL= 668.8+56.0,
or
CL upper= 668.8+56.0= 724.8 nS/cm at 25° C, and
CL lower =668.8—56.0=612.8 uwS/cm at 25°C.
Confidence limits similarly constructed for other
values of streamflow and mean specific conductance are
shown in the table that follows:

Predicted individual
specific conductance
Predicted U
— e ey
conductance, limit, Jimit,
Streamflow, SC CL upper CLlower
(uS/cmat (uS/cm at (uS/cmat
(ft7s) 25°0) 25°0) 25°0)
0.10 612.5 788.9 436.1
.30 561.1 735.3 386.9
1.0 504.8 677.9 331.7
3.0 453.4 626.8 280.0
10 397.1 572.1 222.1
36 337.2 515.4 159.0
Predicted mean specific
conductance
Predicted
mean Upper Lower
specific fide fid
conductance, limit, Iimit,
Streamflow, SC CL upper CL lower
g (uS/cm at (uS/cm at (uS/cmat
(ft7s) 25°C) 25°C) 25°0)
0.10 612.5 655.3 569.7
.30 561.1 593.8 528.4
1.0 504.8 531.2 478.4
3.0 453.4 481.4 425.4
10 397.1 433.8 360.4
36 337.2 387.0 287.4

Confidence limits are plotted and the points are connected
to estimate the 95-percent confidence limits for the pre-
dicted individual and mean specific conductance (fig. 12).

Calculation of Confidence Limits for
Models with Log-Transformed Dependent Variables

This section is an example of the computational pro-
cedure used to calculate an estimate of the confidence
limits for the relation between specific conductance and

streamflow at Pigeon Creek at Evansville (station
03322100). The predictive equation is a log-log model
(table 16); therefore, the base-10 logarithm of specific
conductance in microsiemens per centimeter at 25 degrees
Celsius is the dependent variable and the base-10
logarithm of streamflow in cubic feet per second is the in-
dependent variable. Several values of median specific con-
ductance (SC) are predicted for several values of stream-
flow (Q) from the equation SC=3,238(Q) °3077,
Maximum and minimum streamflows are included to
adequately define the relation as in the table that follows:

Predicted
Predicted median
dependent specific
Independent variable, conductance,
Streamflow, vm}blc, ; );/ . !;'C o
@ ogio %) Crgss™ i
4.7 0.6721 3.303 2,011
10 1.000 3.203 1,594
50 1.699 2.988 971.6
100 2.000 2.895 785.0
500 2.699 2.680 478.4
1,000 3.000 2.587 386.5
5,720 3.757 2.354 226.0

The values of median specific conductance and
streamflow are plotted and the points are connected to
define the relation described by the predictive equation
(fig. 13). Confidence limits (CL) for the predicted indi-
vidual response of the dependent variable (Y) are calcu-
lated from the following equation and then are retrans-
formed. The equation is

_9 Jerl, (X=X)2
CL=Vxty,Bs \f+ +°25,

and the variables are defined in equation 9. From table 16,
n=53, X=2311 log,, ft¥/s, Sxx=36.19 (loge
ft¥/s)?, Es=0.1564 log;o wS/cm at 25°C, and f=1.0. For a
95-percent confidence limit, & =0.05. The value of the t dis-
tribution, with 51 degrees of freedom (n—2) and 95-percent
probability [100(1—a)], ty, is 2.007 (Rohlf and Sokal,
1969, p. 159-161). For a streamflow of 4.7 ft¥/s
(X=0.6721, Y =3.303), the 95-percent confidence limits
for the predicted individual specific conductance are

CL=3.303+

1, (0.6721-2.311)
53" 36.19 ’

(2.007)(0.1564) \/ 1.0+

or
CL=3.303+0.328,
or
CL upper =3.303+0.328 =3.631 log,o n.S/cm
at25°Cor4,277 nS/cm at 25°C, and
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Figure 12. Estimated 95-percent confidence limits for the predicted individual and mean specific conductance

at Crooked Creek near Santa Claus (station 03303400).

CL lower=3.303—0.328 =2.975 log;o pS/cm
at25°Cor943.7 p.S/cm at 25°C.
The 95-percent confidence limits for the predicted me-
dian specific conductance are calculated as above except
£f=0.0:

CL=3.303%0.096,
or
CL upper =3.303+0.096 = 3.399 log;o 1S/cm
at25°C or2,505uS/cm at 25°C, and
CL lower = 3.303—0.096 = 3.207 log o pS/cm
at25°Cor 1,611 pS/cm at 25°C.
Confidence limits similarly constructed for other
values of streamflow and median specific conductance are
shown in the table that follows:

Predicted individual
specific conductance
Predicted
median Upper Lower
specific confidence confidence
conductance, limit, limit,
Streamflow, sc CL upper CL lower
(uScmat (uS/cmat (uS/cmat
(ft'/s) 25°0) 25°0) 25°C)
10 1,594 3,366 756.6
50 971.6 2,025 467.3
100 785.0 1,630 378.2
500 478.4 994.2 230.4
1,000 386.5 805.1 185.4
5,720 226.0 478.3 106.7

Predicted median

specific conductance
Predicted
median Upper Lower
specific confidence confidence
conductance, limit, limit,
Streamflow, sC CL upper CL lower
q (uS/cmat (uS/cmat (uS/cm at
(ft7s) 25°C) 25°0) 25°0)
10 1,594 1,922 1,325
50 971.6 1,101 859.7
100 785.0 873.1 706.2
500 478.4 534.1 428.9
1,000 386.5 439.7 339.5
5,720 226.0 276.0 185.0

Confidence limits are plotted and the points are connected
to estimate the 95-percent confidence limits for the pre-
dicted individual and median specific conductance (fig.
13).

Use of Predictive Equations

Predictive equations and statistics can be used to
predict water-quality constituents and properties and to as-
sign confidence limits to the predictions for known values
of streamflow, specific conductance, and (or) suspended-
solids concentration. The equations can be used to predict
water quality during droughts or floods. Annual loads of
chemicals can be estimated by using the predictive equa-
tions and records of daily mean streamflow or records of
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Figure 13. Estimated 95-percent confidence limits for the predicted individual and median specific conductance

at Pigeon Creek at Evansville (station 03322100).

daily mean specific conductance. Similarly, duration or
frequency curves of chemical concentration can be esti-
mated by using streamflow duration and the predictive
equations. The reliability of annual loads or frequency
curves is dependent on the goodness-of-fit of the func-
tional relation and the accuracy of the streamflow or
specific conductance data. Predictive equations can be
used to adjust chemical concentrations to account for the
effect of streamflow on chemical concentration. Flow-ad-
justed concentrations of water-quality constituents then
could be tested for time trends by using the method of
Smith and others (1982).

The type of confidence limit used for the predictions
discussed above depends on the objective of the user. For
example, if the user wants to predict the average concen-
tration of a constituent that occurs whenever a particular
streamflow is attained, the predicted mean or median re-
sponse confidence limit must be used. However, if the
user wants to predict the concentration of a constituent
during a particular flood, the predicted individual response
confidence limit must be used.

More than one equation is available for predicting
some of the water-quality constituents and properties. In
this case, the equation for the best functional relation
should be used for prediction. The best functional relation
can be determined by calculating the confidence limits for
the predicted response of the dependent variable. The rela-

tion with the smallest confidence limits should be used for
predicting water quality.

The predictive equation should not be used beyond
the range of data that was used to develop the equation.
Predictions obtained by use of some of the equations are
unreasonably large or negative beyond the range of data
for the independent variable. Confidence limits are small-
est at the mean of the independent variable and become
larger away from the mean. Extrapolation of the equation
beyond the range of data for the independent variable
could result in extremely large confidence limits and could
increase the chance for large errors.

SUMMARY AND CONCLUSIONS

The Surface Mining Control and Reclamation Act of
1977 requires that applications for coal-mining permits con-
tain information about the water quality of streams at and
near a proposed mine. Water-quality information for streams
near the mine must be provided by an appropriate Federal or
State agency and must be in sufficient detail to identify sea-
sonal variations. The U.S. Geological Survey and the In-
diana State Board of Health have data on the water quality
of streams and rivers in the coal-mining region that can be
used to provide some of the information required by the act.

Statistical analysis is used as a tool for obtaining useful
information from the large quantity of surface-water-quality
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data. Statistical summaries of water-quality data by station
and by season provide information on the spatial and sea-
sonal variations in water quality. Schematic plots of water-
quality data and plots of seasonal median values of water-
quality data are presented and similarities or differences in
water quality are described. Simple linear regression is used
to investigate the functional relations between water-quality
variables and to develop equations for predicting water qual-
ity. Linear, inverse, semilog, log-log, and hyperbolic regres-
sion models are evaluated and the model that best describes
the relation between water-quality variables is used for the
predictive equation. This report gives statistics that allow the
user to determine the reliability of predicted water quality by
estimating confidence limits.

Stations on the Patoka River exhibited most of the
extremes of the water-quality data. These extremes in-
cluded the lowest streamflow, the highest and lowest
specific conductance, the lowest pH, the lowest alkalinity
concentration, the highest and lowest suspended-solids
concentration, and the highest total manganese concentra-
tion. Water quality in the Patoka River was more variable
than that in the East Fork White River, White River, or
Wabash River. Stations on the Patoka River had the most
variable specific conductance, pH, and concentrations of
total alkalinity, sulfate, suspended solids, and total man-
ganese, but had the least variable total iron concentra-
tions,

Median streamflow was least during fall at 15 of 16
stations having drainage areas greater than 1,000 mi® but
was least during summer at 17 of 21 stations having drain-
age areas less than 1,000 miZ. Median specific conduct-
ance was least during summer at 9 of 9 stations on the
Wabash River, but was least during winter or spring (the
seasons of greatest streamflow) at 27 of the remaining 28
stations. Specific conductance and concentrations of alka-
linity and sulfate typically were most variable during
winter, whereas streamflow was most variable during fall
or summer.

Regional relations between dissolved-solids concen-
tration and specific conductance, and between sulfate con-
centration and specific conductance, were investigated
using data from 132 stations located throughout the coal-
mining region. Two groups of data were apparent and pre-
dictive equations were developed separately for specific
conductances of less than 740 pS/cm at 25°C and greater
than 750 wS/cm at 25°C. The positive relation between
dissolved-solids concentration and specific conductance is
very good (R-square of 0.92 and 0.95, standard error of
regression (Ep) of 13.4 and 14.4 percent) and can be used
to predict dissolved-solids concentration with confidence.
The positive relation between sulfate concentration and
specific conductance was better for the high range of
specific conductance (R-square of 0.85, Ep of 24.6 per-
cent) than for the low range (R-square of 0.36, Ep of 57.8
percent).

Of 186 relations between water-quality variables at
U.S. Geological Survey gaging stations and at Indiana
State Board of Health stations that were investigated, 143
were statistically significant. Specific conductance and
concentrations of total alkalinity and sulfate were nega-
tively related to streamflow at all stations except for a
positive relation between total alkalinity concentration and
streamflow at Patoka River near Princeton. Concentrations
of total alkalinity and sulfate were positively related to
specific conductance at all stations except for a negative
relation at Patoka River near Princeton and for a positive
and negative relation at Patoka River at Jasper. Most of
these relations are good and will give reliable predictions
of water quality. The poorest relations are typically at sta-
tions in the Patoka River watershed. Suspended-solids
concentration was positively related to streamflow at all
but two stations on the Patoka River. These relations are
poor and will give less reliable predictions of suspended-
solids concentration.

The goodness-of-fit of a functional relation and the
ability of the predictive equation to reliably predict water
quality varies among relations and among stations. Predic-
tive equations were developed for all statistically signifi-
cant functional relations. The reliability of predicted water
quality can best be determined by calculating an estimate
of the confidence limits. Examples of the procedure used
to calculate confidence limits are presented to facilitate
use of this method of determining reliability.

Information about surface-water quality in and near
the coal-mining region of Indiana may have transfer value
to other areas in the Interior Coal Province. Water-quality
information at stations on the Wabash River can be used
to describe the water quality of the general area in applica-
tions for mining permits in eastern Ilinois. The seasonal
patterns of water quality described in this report are proba-
bly similar to the seasonal patterns of water quality in the
coal-mining regions of Illinois and western Kentucky. Pre-
dictive equations for the regional relations between
dissolved-solids concentration and specific conductance
and between sulfate concentration and specific conduct-
ance are probably valid for the coal-mining regions of Il-
linois and western Kentucky. Although the predictive
equations for the relations between water-quality variables
at individual stations have little transfer value, the slope
and goodness-of-fit of the relations at stations in Indiana
are probably representative of those in other mined areas
of the Interior Coal Province.

Statistical analysis, as used in this report, is only
one of many tools that are necessary for interpreting water
quality. Statistical analysis may show that water quality is
different among stations or seasons, but field studies are
needed to determine why water quality is different. Re-
gression analysis may show a relation between water-qual-
ity variables, but regression gives little insight into the
processes or mechanisms that cause the relation. Statistical
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analysis is an effective tool that can be used to identify re-
lations or characteristics of water quality that warrant ad-
ditional study. Perhaps it is this use of statistical analysis
that will contribute most to our understanding of water
resources.
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