
Abstract Well-developed karst aquifers tend to be

heterogeneous and consist of variable porosities.

Groundwater monitoring and the associated data

interpretations in such aquifers are often more com-

plicated than porous medium aquifers. Collection of

representative data in karst aquifers often requires

monitoring at appropriately located wells and/or

springs that are proven to connect to the groundwater

system. Water samples are to be collected under dif-

ferent flow conditions, including base flow, high-flow,

and low-flow. The sampling frequencies may vary from

several months for base flows to minutes in response to

recharge events. The groundwater monitoring program

presented in this paper is for a cement kiln dust mono-

fill site in a karst area of southern Indiana. Following

dye tracing and extensive geophysical investigations,

one spring was selected as a monitoring location. A

second spring should be used as a monitoring location

when the last cell of the mono-fill begins receiving the

wastes. The paper discusses results from the first

spring, at which nine background sampling events were

completed to evaluate the natural variations of the

water quality. Based on the background data, a statis-

tical evaluation plan was developed for 12 water-

quality parameters to determine the integrity of the

landfill. The statistical power of the statistical analyses

was evaluated by Monte Carlo simulations.

Keywords Karst � Landfill � Groundwater

monitoring � Sampling and analysis plan �
Statistical evaluation plan

Introduction

Well-developed karst aquifers tend to be heteroge-

neous and consist of variable porosities. Groundwater

monitoring in such aquifers is challenging. Permitting

of waste disposal units in karst areas requires extensive

hydrogeological and geophysical investigations, sink-

hole risk assessment, and an effective groundwater

monitoring program. Many cases of groundwater con-

tamination have been identified at landfill locations

because of poor knowledge of karst conditions beneath

the disposal sites, inadequate groundwater monitoring

programs, and poor design of landfills (lack of proper

liners, for example). Siting of a landfill in karst

requires developing and demonstrating a comprehen-

sive understanding of the groundwater flow system at

the site. Permitting of the landfill unit is conditional on

such a demonstration. In addition to an adequate

characterization of the karst geology and hydrology,

the investigation must produce recommendations on a

water quality monitoring strategy to detect leakage

from the landfill during normal and elevated (storm-

recharged) water table conditions. A groundwater

monitoring program must be in place at any landfill

facility. The program should include sampling and

analysis procedures to consistently monitor ground-

water quality at the sites and statistical evaluation

plans to make intelligent decisions on the integrity of

the landfills. The monitoring locations, either moni-

toring wells or springs or both, are to be chosen to

produce data representative of the aquifer.
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The landfill site discussed in this paper accepts ce-

ment kiln dust (CKD) from a cement plant of southern

Indiana, USA. According to US Environmental Pro-

tection Agency (USEPA) (1998), over 70% of cement

plants are in karst areas. USEPA (1998) has identified

at least 13 cases of groundwater contamination because

of leakage from CKD landfills. CKD samples collected

from the cement plant in 2001 indicate that the waste

contains very high concentration of potassium

(Table 1). The waste samples also contain nitrogen and

heavy metals such as lead, zinc, copper, nickel, and

selenium. Table 2 shows the analytical results of the

leachate derived from the CKD. The leachate has pH

greater than 12, and contains high concentrations of

dissolved solids and sulfate. Heavy metals such as lead,

arsenic, selenium, and cadmium are present in the

leachate as well.

Geologically, the site is within a small and isolated

karst drainage basin. Clayey overburden, up to 12 m

thick overlies the St. Louis and Salem limestone

bedrock. As shown in Fig. 1, caves, sinkholes, springs,

and seeps are present on-site and in its vicinity. A

substantial portion of aquifer recharge occurs through

the sinkholes. Groundwater discharge occurs at the

springs and seeps. Although certain springs flow

continuously throughout the years, others at upper

elevations only flow periodically when the uppermost

portion of the aquifer becomes filled. A creek is

present at the bottom of a small valley within the

drainage basin and flows to a regional river ~5 km

north of the site.

Detailed geophysical surveys and dye tracing tests

determined two major springs, designated as QRS

and QNS in Fig. 1, as the suitable monitoring points

(Zhou et al. 1999, 2002). Flows and six field water-

quality parameters were monitored at 15-minute

intervals at the two springs, while groundwater levels

were recorded at the same frequency at two moni-

toring wells installed upgradient of the landfill. The

six field water-quality parameters are temperature,

pH, specific conductance (SC), turbidity, oxidation

reduction potential, and dissolved oxygen. Typical

flows for the two springs under low-flow conditions

are on the order of 19–38 liters per minute (lpm),

and range as high as ~227–341 lpm under high-flow

conditions, with occasional higher peaks. Depending

on flow conditions, response time of the monitored

springs to significant precipitation events ranges from

almost immediate to ~2 h. The dye tracing tests fur-

ther indicate that QRS drains the water from the

whole landfill site, while QNS drains the water from

a portion of the landfill (cell 3) (Zhou et al. 2002).

While background water-quality data were collected

at both springs, a phased monitoring approach is used

for the compliance monitoring. In the phased ap-

proach, QRS is monitored for the whole life of the

landfill, and QNS is used only after cell 3 of the

landfill begins to receive CKD.

Table 1 Analytical results of CKD based on samples collected
in 2001 at the study site

Parameters Weight
concentration (mg/kg)

% total solids 99.9
Total arsenic 3.8
Total cadmium 4.7
Total copper 11.2
Total lead 52.7
Total mercury <0.25
Total nickel 8.8
Total selenium 7
Total zinc 24.7
Total molybdenum <4
PCB <0.033
Total nitrogen 87.4
Ammonia nitrogen 10.9
Extractable nitrate nitrogen 0.27
Total kjeldahl nitrogen 87.4
Total phosphorus 90
Total potassium 13,000

Table 2 Analytical results of leachate from CKD based on
samples collected in 2000 at the study site

Leachate parameters Average concentration (mg/l)

Chlorides 180
Total cyanide 0.003
Fluoride 2.67
Phenols 0.07
Dissolved solids 3,967
Sulfate 1,267
Sulfide 1.0
Barium 0.25
Boron 0.05
Copper 0.01
Iron 2.50
Manganese 0.01
Nickel 0.01
Silver 0.01
Sodium 30.00
Zinc 0.02
Arsenic 0.09
Barium 0.68
Cadmium 0.20
Chromium 0.22
Mercury 0.003
Lead 0.400
Silver 0.05
Selenium 0.18
Ph 12
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Background sampling

Nine background sampling events were conducted at

the two springs to characterize the background data

population. Six of these background sampling events

were high-frequency, storm-pulse type events in re-

sponse to a variety of aquifer, flow, and precipitation

conditions, while three events were 24-h base-flow

events with no precipitation. Following each back-

ground event, samples were judgmentally selected for

laboratory analysis based on the spring discharge and

field water-quality data collected during each event.

Such a sampling approach allows characterization of

any changes in natural groundwater chemistry under

different flow conditions. Table 3 summarizes the

background sampling efforts at one spring (QRS in

Fig. 1) and the natural variations of the water-quality

parameters. When data are presented in this paper,

only data at QRS are presented for clarity.

These sampling approaches are non-conventional.

To perform high-frequency, storm-induced sampling,

accurate selection of the appropriate sampling events

based on weather forecasts becomes important. This

can be a major difficulty for any karst sampling pro-

gram. Under some circumstances, individual storm-in-

duced sampling events that have been started may

need to be discontinued because forecasted precipita-

tion does not materialize or a storm event may not

produce a significant hydrographic or chemical re-

sponse, even though significant precipitation occurred.

Discontinuing a sampling event can cause significant

unwanted expenses for clients, especially when signif-

icant mobilization times exist. A well-defined plan

should be in place for monitoring the weather condi-

tions. When a weather condition is deemed to be

favorable for sampling, the flow conditions at the

springs and in the aquifer should be immediately

evaluated from the field data (groundwater level, dis-

charge, and water-quality parameters) to predict the

possible responses of the springs to the precipitation

event.

Owing to the complicated nature of the sampling,

sampling could occur at any time of the day or night.

To facilitate smoother and more efficient handling of

sampling related activities, communication between all

parties involved is critical to ensuring that the weather

is appropriately monitored at all times, and that sam-

pling is initiated at the right times, regardless of the

time that this occurs. A groundwater sampling contact

list is an effective way to foster such communications

(Lounsbury et al. 2003).

Characteristics of water-quality data at karst springs

Applicability of any quantitative analysis depends on

the characteristics of the data being collected. Results

from statistical procedures are meaningful only when

the data conform to the assumptions of the statistical

methods. The unique features of the data collected at

the karst springs affect the suitability of many classical

statistical techniques. Similar to many environmental

monitoring data as described by Tasker and Granato

(2000), pertinent characteristics of the water quality

data at the karst springs include the following:

• Discrete sampling: A one-time grab sampling is of

little use for estimating the water quality, flow rate

and mass loadings because one instantaneous value
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is not representative of the average conditions at

the spring; even less, the variability of the concen-

tration and mass changes cannot be described. Site-

specific sampling and analysis plans may be needed

to characterize the water quality of karst aquifers.

• Response to recharge: Water quality changes with

the increase of discharge at the spring. The lag time

may vary, depending on the characteristics of the

karst aquifer. Knowledge of within-event constitu-

ent concentration fluctuations provides limited

information to decision makers regarding control

measures that might be required. Sampling under

various flow conditions and extensive data analyses

are essential to provide interpretations for intelli-

gent decisions.

• Non-repeatability: Measurements at the karst spring

are observational, not experimental because of the

continuous movement of groundwater, antecedent

condition, rainfall intensity, and its constant reac-

tion with the surrounding environment. Exactly

recreating the many natural and anthropogenic

influences that affect each measurement is impos-

sible. This is especially true for the karst aquifer

under study. The water flow and water quality have

a dynamic response to the rainfall events. Ancillary

and metadata (information about a given data set,

including explanatory information and data-quality

information) pertinent to the statistical character-

istics of the sampled population are investigated

using the data from nine sampling events. For the

reason that statistical regularity cannot be demon-

strated through controlled experiments at the site,

ancillary data are important to quantify possibly

confounding variables that may preclude meaning-

ful interpretation of data. Any modifications on the

land use upstream of the landfill site should be

documented.

• A lower limit of zero: Negative values are not

possible for the water quality data at the springs.

For example, negative values of precipitation, flow

or concentration do not have meaning.

• Censored data: Limits in methods for samples

collection and analysis cause data to be reported

as either above or (more typically) below one or

more reporting limits, which produces a censored

population of data. The effect of censored data can

be especially problematic for interpretation of

water-quality data. Laboratory detection limits

change with time and can be dramatically different

from laboratory to laboratory and may even be

different from method to method within a labora-

tory. Detection-limit artifacts affect statistical prop-

erties of individual data sets. When a data set

contains values reported as less than one or more

detection limits an overestimation of central-ten-

dency measures and an underestimation of disper-

sion measures will be caused by truncation of the

lower tail of the true population. Because the

relative uncertainty in the accuracy and precision of

individual values tend to increase as reported

concentrations approach the detection limit, the

percent error expected for measurements near

detection limits is much higher than for values well

within the measurement range of the method of

analysis.

• Meaningful outliers: Valid measurements that are

considerably higher or lower than most of the

measured population are common among data sets

at karst springs. Outliers can be extremely problem-

atic in data interpretation. Outliers can arise from a

variety of sources including but not limited to

transcription errors, inconsistent sampling proce-

dures, instrument failure, calibration or measure-

ment errors, underestimation of spatial or temporal

variability, and other factors. The presence of

meaningful high-end outliers (actual but extreme

values) contributes to the positive skew and is a

factor producing non-standard distributions. High-

end outliers represent times when, for example,

regulatory criteria may be exceeded and the health

of the local ecosystems may be affected. Those

outliers produce a host of potential problems for

interpretation of data sets (Barnett and Lewis 1998).

If an outlier is discovered to have a strong influence

on the slope of a regression line (the slope or the

correlation coefficient changes significantly when the

point is omitted), then it must be determined whether

the outlier represents extreme values for a single pro-

cess or if a secondary process is characterized by the

outlier. Measurement and documentation of explana-

tory variables such as precipitation and flow; real-time

measures of water-quality characteristics such as SC,

pH, temperature, and turbidity, use of ratios between

constituents of interest, and results from a compre-

hensive quality assurance/quality control (QA/QC)

program can be used to identify and explain outliers in

terms of the potential effect of real physicochemical

processes as opposed to the effect of sampling artifacts.

Because of the complexity in sampling and analysis at

the spring, a strict QA/QC measure is taken to ensure

the meaningful outliers not to be excluded in the sta-

tistical analyses.

Elimination of outliers is considered a dangerous

and unwarranted practice for the interpretation of

water-quality data at the site, unless one has substantial
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objective evidence demonstrating that the outliers are

not representative of the population under study. If

outliers are not handled in an appropriate manner,

unwanted, and potentially unnoticed bias in statistical

calculations can occur, which could result in false-po-

sitive and/or false-negative detections.

• Positive skewness: Data sets that are not symmet-

rical around mean or median values are typical for

spring water quality data sets because the combined

effects of a lower bound of zero, censoring, and

meaningful outliers tend to produce data sets in

which the right tail of the distribution is extended

and the left tail truncated.

• Autocorrelation and independence: An event is said

to be independent of another event when the

occurrence of one does not affect the occurrence of

another. Spring peak flow-rates separated by a long

period of time may be independent, but two peaks

close to one another may not be independent. This is

true when the recession limb of the first hydrograph

at a spring becomes part of the rising limb of the next

hydrograph. Natural and anthropogenic effects tend

to cause conditions in which consecutive measure-

ments are correlated. The natural and anthropogenic

processes controlling groundwater quality and the

methods for sampling, processing, and analysis often

cause problems with autocorrelation. Autocorrela-

tion is also referred to as serial correlation or

correlation—the dependence of residuals in a time

sequence because data reflect the effects of preced-

ing conditions. Time-series effect may also occur

between subsequent samples within individual sam-

pling events. When discussing stormwater runoff in

Texas, Barrett et al. (1993) indicate that the dura-

tion, the volume of runoff, and the intensity of the

runoff are significant causal variables in a regression

model. Autocorrelation can be important because it

affects the optimization of regression coefficients,

affects estimates of population variance, invalidates

results of hypothesis tests, and produces confidence

and prediction intervals that are too narrow for the

real population being sampled.

• Interdependence: Changes in one characteristic of

interest such as rainfall intensity, antecedent flow

conditions, or temperature cause changes in other

characteristics such as measured flows and concen-

trations. The interdependence makes it very chal-

lenging to characterize the natural variations of

water quality at karst springs.

• Temporal variation: Temporal variation of water

quality is a characteristic of many karst springs.

Measured water-quality characteristics vary at time

scales of hours, days, seasons, years, and even

decades because of both natural and anthropogenic

influence. Temporal variation may also increase

variability in data and affect the comparability of

data between sites.

Flow-weighted concentrations

As shown in Table 3, the number of samples collected in

each sampling event varies from 4 to 23. The samples in

each sampling event are not statistically independent. A

representative parameter that can characterize the wa-

ter quality over each sampling event is necessary to

statistically analyze the data. Because values of mea-

sured constituents vary with spring discharge and may

be impacted by the antecedent soil moisture conditions,

flow conditions, and other factors, a technique is needed

to bring all the measurements from each event onto the

same ‘base level’ such that they could be compared.

The approach to deal with these issues is to calculate

flow-weighted concentrations (FWCs) for each indi-

vidual sampling event. Although FWCs do not appear to

have been used in regulatory-driven groundwater

monitoring programs for statistical evaluation of water-

quality data at karst springs, they have been accepted

and widely used in storm water runoff evaluation.

For this groundwater monitoring program, sequential

discrete water samples were collected across the hyd-

rograph curve for each storm-pulse sampling event. For

base-flow sampling (during periods of no precipitation),

samples were collected at constant intervals over a

period of ~24 h. In each sampling event, one discharge

hydrograph (discharge versus time) was obtained, to-

gether with one chemograph (concentration versus

time) for each water-quality parameter. From the dis-

charge hydrograph and chemograph, the load graph

(loading rate versus time) was calculated. The loading

rate is defined as the product of concentration and dis-

charge at the time any individual sample is collected.

The FWC values were then determined by dividing the

cumulative mass of a constituent (loadgraph) by the

total volume of water (area under the hydrograph):

FWC ¼M=V: ð1Þ

In Eq. 1, M is the cumulative mass of a water-quality

parameter, which was calculated by:

M ¼
Xn�1

i¼1

Li þ Liþ1ð Þ tiþ1 � tið Þ=2

¼
Xi¼n�1

i¼1

QiCi þQiþ1Ciþ1ð Þ tiþ1 � tið Þ=2: ð2Þ
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V is the total volume of water discharged at the spring,

which was calculated from the discharge hydrograph

by:

V ¼
Xm�1

j¼1

ðQj þQjþ1Þðtjþ1 � tjÞ=2; ð3Þ

where, L is the loading rate; Q is flow rate; C is con-

centration of a water-quality parameter; t is time; index

i the ith water sample; index j is jth flow measurement;

n is number of samples collected; and m is the number

of flow measurements taken.

The FWCs calculated from the above equations

represent the average concentrations in the receiving

waters when the waters are completely mixed,

according to the basic principle of mass conservation.

Using either the arithmetic or geometric mean as the

average concentration in the receiving waters cannot

guarantee the mass balance. The FWC equals the

arithmetic mean when the spring flow rate remains

unchanged throughout the entire sampling event, as

may be observed during base-flow conditions. The

geometric mean is always smaller than the arithmetic

mean unless all numbers in a dataset are identical

(Parkhurst 1998). The FWC values are often between

the arithmetic mean and the geometric mean for the

background dataset in which both flow and concen-

tration vary with time.

The calculated FWC values for the 11 parameters

for the nine background sampling events are provided

in Table 4. Table 5 presents the calculated FWCs for

SC for 62 selected rain events during the background

monitoring period. Statistical evaluation plans were

developed for the 12 water-quality parameters listed in

Tables 4 and 5.

In calculation of FWCs, several issues need special

attentions because of the unique characteristics at karst

springs. These issues include factors affecting water

quality within each sampling event, outliers, censored

data, and independence between sampling events.

Factors affecting water quality within individual

sampling events

The geochemistry of karst springs is notorious for its

high degree of variability, as shown in Table 3. Care

must be taken to develop a statistical approach that

accommodates the expected natural water-quality

variations without leading to false conclusions that

groundwater has potentially been impacted by the

mono-fill. Water quality at the springs of concern was

linearly correlated to the following factors to evaluate

the relative importance of these factors and their effect

on natural water quality at the springs:

• spring flow;

• rainfall intensity and duration;

• aquifer water levels;

• antecedent conditions;

• soil-moisture conditions;

• seasonal weather patterns;

• water temperature;

• turbidity;

• barometric pressure;

• evaporation;

• air temperature;

• wind-speed.

The results of these analyses indicate that discharge

is the major factor that affects water quality during

precipitation events. Temperature, turbidity, and baro-

metric pressure were also found to be factors affecting

water quality, but to a lesser degree.

Independence by residence time

Most statistical methodologies assume that sampling

events are unique, randomly distributed, and com-

pletely independent. Violation of this assumption

would render selected statistical tests invalid, unless

appropriately compensated for. Independence tests

completed for this study involved the calculation of

residence times of groundwater within the karst aqui-

fer. Residence time is effectively the average amount

of time a particular substance travels within the

groundwater system.

Because the average residence time is related to flow

conditions and various transport processes, the SC

measured at the springs was selected as the represen-

tative parameter for residence time calculations. It is

normally accepted that SC is a representative and

sensitive parameter to characterize karst aquifers

(Quinlan et al. 1991). At spring QRS, the background

conductivity is as high as 900 lS/cm, while the local

precipitation has SC-values between 20 and 30 lS/cm,

which makes SC a reasonable tracer for residence time

calculation. Linear correlation analyses between con-

ductivity values and other water-quality parameters

within the karst aquifer further confirmed the appli-

cability of conductivity as a representative parameter

for residence time calculations.

When discharge at the springs changes in response

to rain events, the residence time is not a single value

but a distribution. The mean of the residence time

distribution can be calculated by (Field 2002):
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t ¼
PN

i¼1 tiQiðSCÞiDtiPN
i¼1 QiðSCÞiDti

; ð4Þ

where, Qi and (SC)i are the discharge and conductivity

value at time ti, respectively; and Dti is the time interval

between two subsequent readings.

The standard deviation (r) of the residence time is

calculated by:

r ¼
PN

i¼1 ðt � tiÞ2QiðSCÞiDtiPN
i¼1 QiðSCÞiDti

" #1=2

: ð5Þ

The above equations were used to calculate the

residence time distributions of 62 precipitation events

for QRS (Fig. 2). The mean residence time varies from

0.2 to 8.7 days, with an average of 2.7 days. For

majority of the rain events, the groundwater residence

time is between 2 and 3 days. A standard deviation is

also associated with each residence time distribution,

and their relationship is shown in Fig. 3. In general, the

standard deviation increases with the increase in the

mean residence time.

The results from residence time analysis provide the

time frames when the majority of the water from pre-

Table 4 Calculated flow-weighted concentrations for 11 selected parameters for nine sampling events

Event Alkalinity,
bicarbonate
(CaCO3)
(mg/l)

Alkalinity,
carbonate
(CaCO3)
(mg/l)

Alkalinity,
total
(CaCO3)
(mg/l)

Magnesium,
ICP (mg/l)

Potassium,
ICP (mg/l)

Selenium,
ICP
(mg/l)

Sodium,
ICP
(mg/l)

Sulfate
(mg/l)

Chloride
(mg/l)

Solids,
dissolved
(mg/l)

Calcium,
ICP
(mg/l)

1 257.79 0.5554 257.79 20.87 71.75 0.0025 22.57 131.07 53.58 772.06 143.18
2 195.13 0.9721 195.13 18.52 81.68 0.0049 22.16 211.74 65.66 726.50 120.79
3 211.84 0.4297 211.84 20.17 53.50 0.0544 17.91 149.07 55.52 698.33 129.51
4 255.74 0.5026 255.74 23.00 33.97 0.0025 17.59 93.04 56.09 675.72 134.10
5 242.07 0.4039 242.07 20.35 33.54 0.0101 15.10 107.42 46.14 619.92 132.36
6 273.90 0.3237 273.90 22.69 65.84 0.0081 20.39 205.54 64.51 747.77 140.52
7 254.78 1.0000 254.78 22.16 59.53 0.0100 19.90 188.91 62.94 683.71 129.21
8 203.18 1.0000 203.18 21.86 84.95 0.0050 24.14 180.00 68.93 748.61 138.21
9 232.05 0.8328 232.05 22.52 60.62 0.0041 21.85 177.78 71.04 760.61 137.95

Table 5 Calculated flow-weighted concentrations for SC for 62 rain events

Event FWC of SC (lS/cm) Event FWC of SC (lS/cm) Event FWC of SC (lS/cm)

1 431.61 22 265.57 43 943.80
2 622.01 23 381.99 44 687.15
3 658.35 24 586.65 45 747.90
4 676.92 25 431.25 46 640.98
5 619.29 26 377.12 47 557.81
6 702.52 27 254.08 48 441.12
7 676.66 28 271.77 49 429.95
8 648.86 29 344.68 50 821.47
9 443.58 30 346.43 51 659.06
10 550.20 31 344.17 52 385.94
11 602.05 32 307.83 53 407.96
12 461.06 33 405.66 54 422.50
13 389.74 34 217.23 55 461.27
14 421.77 35 202.88 56 509.65
15 394.34 36 278.47 57 415.65
16 541.30 37 743.30 58 530.21
17 662.92 38 724.77 59 667.69
18 606.88 39 1,164.63 60 438.83
19 452.44 40 1,131.74 61 392.77
20 274.93 41 799.04 62 372.11
21 371.16 42 769.34
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vious precipitation events has completely discharged at

the spring. To maintain independence between sam-

pling events, major precipitations should not occur

within several days prior to a sampling event; and

subsequent sampling events will not be initiated until

spring discharge levels and field water-quality param-

eters have returned to at least 90% of the pre-storm

levels. For most storm-pulse events, a period of 5–

7 days without precipitation will be sufficient to allow

conditions to stabilize.

Censored data

Censored data are present in the background data sets

for three of the 11 parameters subject to statistical

analysis. Sulfate, selenium, and carbonate alkalinity

contain 1, 80, and 100% censoring of data, respectively.

Although censored data are quite common in envi-

ronmental monitoring data, there is still considerable

disagreement in the literature regarding appropriate

methods for the handling of censored data in statistics.

Review of Gibbons and Coleman (2001) indicates

that the specific amount (or percentage) of censoring

for any given parameter is a key factor in determining

how the censored data for that parameter should be

handled. More specifically, parameters with up to 15–

20% censoring need to be handled differently from

those parameters with 50% or more censoring.

A commonly used method, for handling low levels

of censored data is to use a simple substitution method

where ½ of the detection limit (CDL) is used in place of

the censored value. This substitution method is gen-

erally accepted and used by many regulatory agencies

including the USEPA and other state regulators. This

procedure generally yields reasonable results in most

cases when censoring is <20%. However, Gibbons and

Coleman (2001) propose that the quantitation limit

(CQL) should be used as the censoring mechanism in-

stead of the detection limit. The reasons are:

• values above CDL and below CQL are detected but

not quantifiable;

• use of CDL produces data with a wide variety of

uncertainty and also violates the assumption of

homoscedasticity (Gibbons and Coleman 2001).

The concentrations of carbonate alkalinity are less

than 1.0 mg/l, its CQL, for all background samples. The

concentrations of selenium are above its CQL in each

sample from event 3 (Table 3), whereas, they are be-

low CQL in the other eight background sampling
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events. For data that contain 100% censoring, the

simple substitution method is not applicable.

Correlation analysis of data for each storm-pulse

sampling event indicates that discharge is the main

factor that affects concentrations of the water-quality

parameters at QRS. Although such correlation could

not be established between carbonate alkalinity and

selenium because of censored data, it is reasonable to

assume that their concentrations are also related to the

discharge at the spring. Because both carbonate alka-

linity and selenium can be considered to be trace ele-

ments when they are below their CQL, it can further be

assumed that the total mass of these elements remains

constant in the karst aquifer at any given time. It is also

assumed that the censored elements are completely

mixed within the aquifer. Under these assumptions

specifically for carbonate alkalinity and selenium, the

loading rate remains constant, therefore:

QiCi ¼ QjCj; ð6Þ

where, Q is the discharge at the spring, C is concen-

tration for either carbonate alkalinity or selenium, i

and j are the time indexes when water samples were

collected and i „ j. It should be noted that C is a value

below CQL.

At the site, it is reasonable to assume that this

maximum concentration corresponds to the smallest

discharge at the spring within a sampling event. When

a compound is present at unquantifiable values for all

the samples within a sampling event, CQL can be con-

sidered as the maximum concentration, as used in

many environmental applications (Gibbons 1994;

Helsel and Hirsch 2002). The concentration at any

sampling point within each sampling event was then

calculated by:

Ci ¼
QminCQL

Qi
; ð7Þ

where Qmin is the minimum flow rate at the spring among

the samples within each individual sampling event.

The obtained value for each censored sample was

then used to calculate the FWCs for carbonate alka-

linity and selenium.

Sensitivity analyses

The prerequisite for the FWCs to be regarded as

variables in statistical analyses is that they are inde-

pendent and random. Necessary adjustments should be

made if the FWCs are affected by natural factors.

Based on the site characteristics and all available data,

the following factors were evaluated to determine

sensitivity of the FWCs by linear correlation analyses:

• Sampling event duration.

• Average spring water temperature.

• Residence time.

• Flow conditions: the flow conditions are defined by:

a. Discharge at the beginning of the sampling

event;

b. Peak discharge over the sampling event;

c. Discharge at the end of the sampling event;

d. Total volume of water discharged during the

sampling event;

e. Time elapsed to reach peak flow;

f. Time elapsed for increased discharge following

onset of precipitation.

• Precipitation conditions at site and adjacent areas:

for each weather station, the following parameters

are considered the rainfall condition:

a. Total rainfall;

b. Peak rainfall intensity;

c. Rainfall intensity.

• Antecedent moisture conditions: the antecedent

moisture conditions are characterized by the fol-

lowing parameters:

a. Dry days preceding the sampling event;

b. Rainfall total 10 days preceding the sampling

event;

c. Rainfall total 20 days preceding the sampling

event;

d. Rainfall total 30 days preceding the sampling

event.

• Aquifer storage conditions: the average water levels

in monitoring wells M1 and M4 are used to

represent the average storage condition of the

aquifer.

• Sampling methods: starting time, ending time, and

sampling frequencies.

• Methods to select water samples for laboratory

analysis: constant interval selection versus judg-

mental selection.

The correlation analyses indicate that FWCs of the

12 water-quality parameters in Tables 4 and 5 are not

sensitive to the factors listed above except the follow-

ing six parameters:

• SC,

• magnesium,

• sodium,

• chloride,
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• total dissolved solids (TDS), and

• calcium.

The FWCs of the six parameters listed are linearly

related to the water levels in monitoring well M1. Their

values tend to decrease with the increase of the water

level in the aquifer. Table 6 provides equations to

accommodate the impact of the water level in M1 on

the FWCs.

Karst aquifers like the one under study are often

conceived and modeled as storage reservoirs pene-

trated by trunk conduits (Smart 1999). In response to

recharge events, conduits permit exceptionally rapid

transfer of water and chemical constituents, while the

storage reservoirs (fractures and matrix blocks), which

contain the majority of water in the karst aquifer,

slowly adjust to autogenic recharge from sinkholes and

backflooding from the primary conduits. During

recession periods, the head loss in conduits is often

much lower than in the surrounding fractures or matrix

blocks and the water stored in the matrix gradually

drains into the conduits to sustain the spring flow. If

time permits, equilibrium between the water in the

conduits and that in the matrix occurs, and a unified

water level is obtainable. The constant exchanging

process also leads toward equilibrium between the

chemical constituents within the conduits and matrix.

Because the majority of water is stored in the non-

conduit portion of the karst aquifer, the water level in

monitoring well M1 is an indication of the storage

conditions. The unconfined nature of the aquifer

makes the relationship between the volume of water

stored in the aquifer and the water level more obvious.

Like surface reservoirs, the volume of water in the

aquifer is directly proportional to its water level. Be-

cause of a dilution effect in the aquifer, the concen-

trations of the water-quality parameters tend to be

larger when the total volume of water stored in the

aquifer is smaller (or under low-flow conditions). This

relationship between chemical concentration and water

level in M1 explains why the average water level in the

aquifer is related to the FWCs for the six mentioned

parameters. This dilution effect is also a reflection of

the seasonal effects. Simple binary division into wet

and dry seasons or high- and low-flow conditions may

over-simplify the site conditions.

The linear correlation between the average water

level in the aquifer and the FWCs is more significant in

6 of 12 water-quality parameters. It is obvious that

other geochemical processes are involved in the aqui-

fer, especially for alkalinity (carbonate, bicarbonate,

and total), selenium, potassium, and sulfate. Karstifi-

cation in a carbonate aquifer is the process of mineral

dissolution. The dissolution process is, however, com-

plex and is affected by many factors (Dreybrodt 1988).

Gypsum layers are known to be present at the site,

which further complicates the geochemical interactions

of various constituents. As in most limestone aquifers

(Drever 1997), water at the site contains total alkalinity

that approximately equals the bicarbonate alkalinity.

This is because carbonate alkalinity is only present in

trace amounts below a pH of 8.3, and as a result,

carbonate alkalinity is below the quantitation limit for

all of the samples at the site. Because of the high per-

centage of censoring in the carbonate alkalinity data,

the linear correlation analysis is inconclusive. The same

applies to selenium, which has ~80% censored data.

Temporal variation

Evaluating the nature of possible effects in environ-

mental data caused by temporal variation can be useful

in data interpretation and in understanding site con-

ditions. For data obtained during the nine background

sampling events, little can be done to evaluate the

specific effects of temporal variation because the

sampling events were random. To properly evaluate

temporal variation, data need to be obtained at regular

frequencies such as quarterly, monthly, weekly, or

hourly. Although temporal variation could not be

evaluated directly, the calculation and use of FWCs

may have compensated for any temporal variation in

the analytical data. As indicated in the sensitivity

analyses, six water-quality parameters are affected by

the aquifer storage conditions, which already reflect

the seasonal impacts to a certain extent.

Statistical techniques

Statistical methods are used to determine whether

statistically significant increases in chemical parameters

Table 6 Adjustments for water-quality parameters affected by
aquifer storage conditions

Parameter FWC adjustment equation

Calcium FWC* = FWC + 6.88 (H-190)
Dissolved solids FWC* = FWC + 52.2 (H-190)
Chloride FWC* = FWC + 9.3 (H-190)
Sodium FWC* = FWC + 2.22 (H-190)
Magnesium FWC* = FWC + 2.35 (H-190)
Specific conductance (SC) FWC* = FWC + 111 (H-190)

FWC flow-weighted concentration calculated from discrete water
samples, FWC* flow-weighted concentration adjusted by the
average water level in piezometer M1, 190 the lowest historical
value in M1, H average water level in piezometer M1 (m)
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are occurring for any given sampling event, with the

overall goal of balancing false-negative and false-

positive detections.

Probability distribution

Statistical methods should be developed with careful

consideration of the distributional properties of the

data. This is because many of these methods assume

that measurements are normally distributed, or that

they can be mathematically transformed into normal

distributions. In this study, FWCs are the variables

used in statistical analyses. For SC, TDS, chloride, so-

dium, magnesium, and calcium, the adjusted FWCs are

the statistical variables.

Several methods for testing non-normality of envi-

ronmental data have been described (USEPA 1992;

Gibbons 1994). No single method, however, is suitable

for generic use because of the complexity in data pat-

terns. The primary reason to test FWCs for normal

distribution is to determine whether parametric test

procedures can be employed. The null hypothesis for

all tests of normality is that the data are normally

distributed (Helsel and Hirsch 2002). Rejection of this

hypothesis indicates that it is doubtful that the data are

normally distributed. However, failure to reject the

hypothesis does not prove that the data are normally

distributed, especially for small sample sizes. It simply

says that normality cannot be rejected with the evi-

dence at hand.

Four methods were used to search for non-normality

including Histograms, Empirical Cumulative Distribu-

tion Function Plots, Probability Plots, and Shapiro–

Wilk Goodness-of-fit tests. The first three methods

provided a visual assessment of the data distribution,

while the more rigorous Shapiro–Wilk-tests computed

a test statistic to determine whether the normality

assumption is unacceptable to a significant level. His-

tograms were not used as a reference tool for judging

the normality of the data. Additionally, the limitations

of the Shapiro–Wilk-test procedure have been

acknowledged as these tests that do not really provide

a measure of whether the fit is good enough to allow

accurate use of normal-based statistics (D. F. Park-

hurst, personal communication 2004). A summary of

the non-normality test results is presented in Table 7.

Statistical quality-control

It is very important to recognize that on the basis of a

statistical analysis alone, it can never be concluded that

a waste disposal facility has or has not impacted

groundwater (ASTM 1998). A statistically significant

increase over background levels indicates that the new

measurement from a particular monitoring location is

inconsistent with chance expectations based on the

background data available. Although carefully de-

signed statistical tests and procedural consistency will

help in minimizing false positives and false-negatives,

knowledge in how to apply these specific techniques to

a karst groundwater setting is also critical.

Like groundwater monitoring programs at other

waste disposal facilities, the operating permit for the

mono-fill requires statistical methods as the basis for

investigating the mono-fill integrity. Statistical tests are

to be performed on each of the 12 water-quality

parameters in Tables 4 and 5. Statistical decision pro-

cedures for these tests were based on the properties of

data collected during the background monitoring col-

lection period. Following future statistical tests made

after each compliance-monitoring event, appropriate

decisions will be made to determine whether additional

investigations or regulatory actions are required.

Therefore, it is essential that a realistic and workable

model for the measurement data be formulated and

used both in the construction and evaluation of deci-

sion procedures. Obviously, no statistical measurement

model is perfect for a karst groundwater monitoring

program. However, the model for a decision procedure

should be reasonable and as simple as possible.

During the compliance-monitoring phase, statistical

tests will be performed following each sampling event.

Over the operating life of the mono-fill facility, a

sequence of decisions, rather than just one decision, will

be made. The one-decision case is a test of a hypothesis

situation in which it makes sense to consider the signif-

icance level and power of the statistical test. Where

decisions are made sequentially over time, one is dealing

with quality-control schemes and should be more

interested in distributions of run lengths (Starks 1988).

An in-control run length is the number of sampling

periods from start-up until a decision is made, on the

basis of water sample measurements, that additional

regulatory action is required when, in fact, there is no

leakage from the mono-fill. An out-of-control run

length is the number of sampling periods from the time

that a pollutant plume originating from the mono-fill

discharges at QRS until a decision is made that addi-

tional regulatory action is required.

In comparing decision procedures for the mono-fill,

consideration should be given to the distributions of

their run-lengths rather than to the false-positive and

false-negative probabilities on individual applications

of the decision rule in each sampling period (Starks

1988). Naturally, one wants to use a quality-control
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scheme that has, on average, long in-control run

lengths and short out-of-control run lengths. From this

perspective, it is apparent that the decision procedures

pertaining to the groundwater monitoring program at

for this site are in truth quality-control schemes.

Quality-control schemes have proved successful in

many industrial applications (Lucas 1982, 1985; Lucas

and Crosier 1982). Shewhart control charts, Cumula-

tive Sum (CUSUM) control charts, and combined

Shewhart-CUSUM control charts are typical graphical

and statistical methods of assessing the performance of

a system over time and have been widely used to

maintain process control (Ryan 2002).

Combined Shewhart-CUSUM control charts were

used for this study. The USEPA (1989) and ASTM

(1998) recommend using combined Shewhart-CUSUM

control charts for groundwater monitoring as an

alternative to prediction or tolerance limits for intra-

locational comparison of monitoring constituent con-

centrations. It takes advantages of good properties of

both Shewhart and CUSUM control charts. The

Shewhart control scheme is better than the CUSUM

scheme in quickly detecting a large (>3r) shift in the

mean l; whereas, the CUSUM scheme is usually faster

in detecting a small change in l that persists (Lucas

1982). Because the integrity of the mono-fill liner is

potentially threatened by sudden or catastrophic fail-

ure, in addition to more gradual and less severe types

of failure, it is essential to account for both large and

small changes in the water-quality data. Combined

Shewhart-CUSUM control charts are sensitive to

gradual and rapid releases. Using both charts can re-

duce the false-negative rate and increase the overall

correct-positive rate.

Design of combined Shewhart-CUSUM control

charts

Design of a combined control chart requires determi-

nation of the following five parameters:

X Estimated mean of the FWC or adjusted FWC

from the background samples.

S Estimated standard deviation of the FWC or

adjusted FWC from the background samples.

H The value against which the CUSUM will be

compared.

k A parameter related to the displacement that

should be quickly detected.

SCL The upper Shewhart limits, which is the number

of standard deviation units for an immediate

release. In this application, the upper control

limits are of interest.

Table 7 shows the calculated mean X
� �

and standard

deviation (S) of the FWC or adjusted FWC for each

water-quality parameter from the background sampling

events. X and S are computed from nine sampling

events, except SC that was calculated from 62 sampling

events. They are used as reasonable estimates of their

population values l and r (Helsel and Hirsch 2002). The

means and standard deviations for carbonate alkalinity

and selenium were computed as logarithms of the

FWCs, as indicated in Table 5.

Let the FWC or adjusted FWC for any one water-

quality parameter during the new sampling event i be

xi. Then the standardized difference zi is calculated by:

zi ¼
xi �X

S
: ð8Þ

And, the CUSUM Yi is calculated by:

Yi ¼ max½0; ðzi � kÞ þ Yi�1�: ð9Þ

In practice, Y0 = 0 (Gibbons 1999), which ensures

that only cumulative increases over the background are

considered. If a process is in control, such that all fu-

ture observations come from a normal distribution with

a fixed mean and standard deviation, the quantity zi in

Eq. 8 is approximately distributed as a N(0,1) random

variable and bounces around 0. The quantity zi– in Eq.

9 bounces around –k. As a result, the ith upper CU-

SUM Y will tend to bounce around 0 (Millard and

Neerchal 2000).

The procedures can be illustrated graphically. The

values of Yi and zi are plotted against ti. An out-of-

control situation is declared on sampling event i if for the

first time, the cumulative increase of one water-quality

parameter over its background Yi ‡ h or zi ‡ SCL.

The USEPA (1989) recommends using SCL = 4.5,

k = 1, and h = 5, based on the recommendations of

Lucas (1982) and Starks (1988). These values are sug-

gested because they allow a displacement of two

standard deviations to be detected quickly (USEPA

Table 7 Results of non-normality tests

Specific conductance (SC) 855.6 121.0 Normal
Alkalinity bicarbonate (CaCO3) 236.3 27.5 Normal
Alkalinity carbonate (CaCO3) –0.49 0.44 Log-normal
Alkalinity total (CaCO3) 236.3 27.5 Normal
Magnesium, ICP 21.3 1.5 Normal
Potassium, ICP 60.6 18.3 Normal
Selenium, ICP –5.0 0.9 Log-normal
Sodium, ICP 20.2 2.9 Normal
Sulfate 160.5 42.6 Normal
Chloride 60.5 8.1 Normal
Solids, dissolved 714.8 49.4 Normal
Calcium, ICP 134.0 6.9 Normal
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1992). For easy application, ASTM (1998) suggests the

use of h = SCL = 4.5, which is slightly more robust in

detecting leakage and thus reducing the rate of false

negatives.

Unlike prediction limits, which provide a fixed

confidence level (e.g., 95%) for a given number of fu-

ture comparisons, control charts do not adjust for the

number of future comparisons. The selection of h = 5,

SCL = 4.5, and k = 1 is based on the USEPA’s own

review of the literature and simulation (Lucas 1982;

Starks 1988). Since 1.96 standard deviation units cor-

respond to 95% confidence on a normal distribution,

there is ~95% confidence for this method as well for

each comparison.

When the number of background sampling events is

over 12, Starks (1988) and USEPA (1992) suggest

using k = 0.75 and h = SCL = 4. Since 62 FWCs were

calculated for SC in the background, k = 0.75 and

h = SCL = 4 will be used for SC control charts. For the

other 11 parameters, there are only nine background

sampling events and the values recommended in

ASTM (1998) are used.

It should be noted that these recommendations for

values h, k, and SCL were based on analysis of a single

statistical comparison. They do not account for adjusting

the control chart parameters to account for the number

of monitoring points and the number of constituents

monitored during each sampling event (Gibbons 1994;

Davis 1998). In practice, the statistical comparisons are

often more than one. For this project, 12 statistical

comparisons need to be performed at the end of each

sampling event. ASTM (1998) suggests several possible

modifications to control charts by allowing re-sampling

and updating background data to attempt to control the

overall false-positive rate and keep the statistical power

high on each monitoring occasion.

Trigger for regulatory actions

Based on the relative importance of the 12 water-

quality parameters of concern, regulatory actions are

to be initiated under either of the two following sce-

narios:

• Selenium is out of control on the combined control

chart.

• Three or more of the other 11 constituents of

concern are out of control on the combined control

charts.

Pooling

Pooling is a method of incorporating newly obtained

data into the ‘background’ data set as a means of

increasing the overall size of the background data set.

Through pooling, uncertainty in the sample-based

mean and standard deviation decrease, as does the size

of the prediction limit, thereby minimizing both false-

positives and false-negatives (ASTM 1998). Pooling is

recommended by USEPA (1992) and Gibbons (1994).

Pooling is recommended every 2 years once an

appropriate amount of compliance monitoring data

becomes available and it will continue for the life of

the monitoring program. Pooling should only be per-

formed if data and the monitoring process are shown to

be in control.

Verification resampling

To help control false-positive and false-negative rates,

the immediate re-collection of groundwater samples to

refute or confirm unexpected measurement results,

also known as verification resampling, has been rec-

ommended by many including the USEPA. However,

in karst groundwater settings, verification resampling is

generally not possible because groundwater concen-

trations are constantly changing in response to aquifer

recharge and many other factors, and no single con-

centration can ever be duplicated for any given storm

pulse sampling event. Although verification resampling

cannot be completed for this study, minimizing false-

positives and false-negatives was accomplished by:

• Stringent QA/QC in sampling and analysis,

• Appropriate/consistent outlier handling and treat-

ment,

• Intra-spring statistical comparison,

• Use of FWCs or adjusted FWCs,

• Combined Shewhart-CUSUM control charts, and

• Pooling techniques.

Statistical power

To investigate statistical power, the combined Shew-

hart-CUSUM control scheme has been evaluated using

Monte Carlo simulations. For these simulations, up to

20,000 adjusted FWC values of each of the 12 param-

eters of concern were generated based on properties as

characterized during the background sampling phase.

The simulation process was repeated 100 times, and

information regarding the empirical distribution of the

run lengths was obtained.

The simulation results indicate that the average run

length of the developed control charts depends on the

standard deviation unit, which reflects the amount

of displacement in the concentration means over

the background. As expected, the average run length
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decreases rapidly with the increase in the displacement

of the concentration means. When the displacement of

the mean concentrations is five standard deviation

units, the control scheme can immediately detect the

change at the next sampling event. When the dis-

placement is relatively minor, for example 0.01 and 0.1,

the average run lengths suggest that the control scheme

has little chance to detect the change over the life of

the groundwater monitoring project. Figure 3 shows

the average run lengths versus the standard deviation

units.

The USEPA (1992) has established a general

guideline for using control charts in statistical ap-

proaches, in which an increase of two standard

deviation units should be detected easily. The Monte

Carlo simulations indicate that the average run length

for the increase of two standard deviation units is 5.4

with the range from 1 to 15, which is very similar to

values obtained by Starks (1988) when he suggested

the values for h, SCL, and k. The simulation results

obtained for this project are also comparable to those

obtained by Lucas (1982) who calculated the average

run lengths with the Markov chain approach (Brooke

and Evans 1972). Figure 4 shows the distribution of

the run lengths when the increase of the mean con-

centrations is two standard deviation units. Based on

the 100 realizations in the Monte Carlo simulation,

the probability of detecting an increase of two stan-

dard deviation units at QRS at the next sampling

event is 2%. Assuming six compliance monitoring

sampling are completed per year, the probabilities of

detecting the same increase are 76 and 99% following

the first and second years of compliance monitoring,

respectively.

With an in-control state (standard deviation unit = 0),

the average run length is ~4,248. If six sampling events

are conducted annually, this average run length is

equivalent to over 700 years of sampling. On average,

the chance to have a false-negative detection at QRS

is negligible. Because the minimum in-control run

length is 129 and two simulations (of 100) produced run

lengths less than 360, there is a slight chance (~2%) that

a false-positive detection may occur over 30 years of

groundwater monitoring.

It is apparent that using lower control limits for SC

has improved the ability of the statistical tests to

detect potential leakage from the mono-fill, especially

when the leakage is less than 0.1 standard deviation

units. When the standard deviation units are equal to

or greater than 0.5, the lower control limits for SC

still change the run length distribution slightly.

However, the average run lengths of an out-of-con-

trol state remain essentially the same. This is partially

caused by the fact that the control chart for Selenium

plays the dominant role when the release from the

mono-fill is greater than or equal to 0.5 standard

deviation units. Selection of lower control limits for

SC can improve the statistical power of the tests.

Conclusions

Groundwater monitoring in karst is challenging. First,

one needs to demonstrate that the groundwater system

at the study site can be monitored. Both springs and

wells are potential monitoring locations if:

• They are effectively connected to the groundwater

system and,

• They are not impacted by any other disposal

facilities.

Second, due to dynamic responses to recharge

events, particularly at karst springs, multiple-parame-

ter, long-term, and high-frequency monitoring may

be required. Sampling and analysis plans should be
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designed to reflect the unique characteristics of the

monitoring locations. Characterization of the natural

variations in water quality may require sampling

efforts under different flow conditions.

Third, evaluation of the potential impact of waste

disposal units on the groundwater system requires an

effective statistical evaluation plan. Due to heteroge-

neity of karst aquifers, inter-locational comparison is

generally preferred to inter-locational comparison. In

the study presented here, various specific quality-con-

trol procedures are developed for the springs using

FWC based on either 9 or 62 background sampling

events. It is the authors’ intention that these ap-

proaches may shed light on groundwater monitoring

programs in other karst areas, although they may not

be directly applicable.
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