
CHAPTER 3

METHODOLOGY OVERVIEW:

This research used 3 main approaches: desk study, hydrogeological mapping, hydrochemical sampling and analysis, and water balance calculation. Detailed work described as follows (see Figure 1). 

3.1 Desk study
The desk study consisted of studying the topographical maps, geological maps, hydrogeological maps, and re-analyses previous studies; 

3.2 Hydrogeological mapping
The hydrogeological mapping was based on spring observations; consisting of: coordinates, local geological observations, measurement of the spring discharges and measurement of water quality parameters. The discharge was measured using the velocity method. The water velocity was measured using current meter. For small discharge (less then 1 L/s), the measurements were taken using volumetric method with a 1 liter bottle and stopwatch. Duplets measurements were taken at each observation. 

3.3 Physical and chemical properties sampling

At each location, physical parameters measurements were taken consist of: air temperature, water temperature, Electro-Conductivity (EC), Total Dissolved Solids (TDS), and pH. The air temperature was measured only during sampling using a standard thermometer. Other above parameters was measured using Lutron portable equipment. For laboratory chemical analysis, the spring water was sampled using 1 L plastic bottles. The duplets laboratory analysis comprised of: the calculation of major elements concentrations using titration method. Chemical test results then was validated using ion balance equation (see Equation 1), before further analyses. We determined 20% error balances as permitted limit.
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Figure 3.1 The work flow of the research
Samples have higher than 20% of error balance will be re-tested while samples have lower than 20% error will be analyzed.


Equation 1    [(Σ cations - Σ anions) / (Σ cations + Σ anions)] x 100%

3.4 Statistical analysis
The hydrochemical parameters and the result from field observations were analyzed using basic statistical analysis and cluster analysis to assist the hydrogeological analysis, by using Minitab version 14 (trial version) by Minitab inc
. There are many method of multivariate analysis. Table 3.1 below describe the characteristics of each method.
Table 3.1 The comparation of 7 multi-variable statistical analysis
	Method
	Interdependence vs dependence
	Exploratory vs confirmatory
	Objectives

	Principal Component Analysis
	interdependence
	Exploratory
	Dimension reduction

	Exploratory Factor Analysis
	interdependence
	Confirmatory
	Understand intercorrelation patterns, uncover latent traits

	Multidimensional Scaling
	interdependence
	Exploratory
	Verify measurement model

	Cluster Analysis
	interdependence
	Exploratory
	Create spatial representation from object similarities

	Canonical Correlation
	dependence
	Exploratory
	Explain covariation between 2 sets multiple variables

	Analysis of Variance
	dependence
	Confirmatory
	Special case of canonical correlation with discrite X variables.

	Discriminant Analysis
	dependence
	Exploratory or confirmatory
	Special case of canonical correlation with discrite Y  variables.


3.4.1 Correlation Analysis

Most empirical research belongs clearly to one of those two general categories: In correlation research we do not (or at least try not to) influence any variables but only measure them and look for relations (correlations) between some set of variables, such as blood pressure and cholesterol level. In experimental research, we manipulate some variables and then measure the effects of this manipulation on other variables. Data analysis in experimental research also comes down to calculating "correlations" between variables, specifically, those manipulated and those affected by the manipulation. However, experimental data may potentially provide qualitatively better information: Only experimental data can conclusively demonstrate causal relations between variables. For example, if we found that whenever we change variable A then variable B changes, then we can conclude that "A influences B." Data from correlation research can only be "interpreted" in causal terms based on some theories that we have, but correlation data cannot conclusively prove causality.

Independent variables are those that are manipulated whereas dependent variables are only measured or registered. This distinction appears terminologically confusing to many because all variables depend on something. 

Regardless of their type, two or more variables are related if in a sample of observations, the values of those variables are distributed in a consistent manner. In other words, variables are related if their values systematically correspond to each other for these observations. Generally speaking, the ultimate goal of every research or scientific analysis is finding relations between variables. 

The two most elementary formal properties of every relation between variables are the relation's (a) magnitude (or "size") and (b) its reliability (or "truthfulness").

a. Magnitude (or "size"). The magnitude is much easier to understand and measure than reliability. 

b. Reliability (or "truthfulness"). The reliability of a relation is a much less intuitive concept, but still extremely important. It pertains to the "representativeness" of the result found in our specific sample for the entire population. In other words, it says how probable it is that a similar relation would be found if the experiment was replicated with other samples drawn from the same population. The reliability of a relation between variables observed in our sample can be quantitatively estimated and represented using a standard measure (technically called p-level or statistical significance level).

The statistical significance of a result is an estimated measure of the degree to which it is "true" (in the sense of "representative of the population"). More technically, the value of the p-level represents a decreasing index of the reliability of a result. The higher the p-level, the less we can believe that the observed relation between variables in the sample is a reliable indicator of the relation between the respective variables in the population. Specifically, the p-level represents the probability of error that is involved in accepting our observed result as valid, that is, as "representative of the population." For example, a p-level of .05 (i.e.,1/20) indicates that there is a 5% probability that the relation between the variables found in our sample is a false relation. 

In many areas of research, the p-level of .05 is customarily treated as a "border-line acceptable" error level. Results that are significant at the p  .01 level are commonly considered statistically significant, and p  .005 or p  .001 levels are often called "highly" significant, based on general research experience. In practice, the final decision usually depends on whether the outcome was predicted a priori or only found post hoc in the course of many analyses and on the total amount of consistent supportive evidence in the entire data set. 

Therefore, it is up to the researcher to carefully evaluate the reliability of unexpected findings. Many examples in this manual offer specific advice on how to do this; relevant information can also be found in most research methods textbooks.

3.4.2 Principal Component Analysis

Principal Components Analysis (PCA). is a statistical method of identifying patterns in data, and expressing the data in such a way as to highlight their similarities and differences. The main idea behind the principal component analysis is to represent multidimensional data with less number of variables retaining main features of the data. The other main advantage of PCA is that once you have found these patterns in the data, and you compress the data, ie. by reducing the number of dimensions, without much loss of information (Smith, 2005). The method PCA tries to project multidimensional data to a lower dimensional space retaining as much as possible variability of the data. Principal components can also be used as a part of other analysis, such as modelling, regression, and clustering). 

3.4.3 Cluster Analysis

Clustering is the process of grouping several objects into a number of groups, or clusters. The goal is to look for objects in the same cluster are more similar to one another than they are to objects in other clusters. The six steps of cluster analysis:

1. Noise/outliers filtering. Noise and outliers are ‘bad measurements’ in data, caused by human errors or measurement errors. Noise and outliers can negatively influence your data analysis, so it is better to filter them out. Even though, outliers could be a correct, but rare data.

2. Choose distance measure. The distance measure defines the dissimilarity between the objects that we are clustering.

3. Choose clustering criterion. Different types of hierarchical clustering, based on the different clustering criterions: Single linkage / Nearest neighbor and Complete linkage / Furthest neighbor.

4. Choose clustering algorithm. Choose an algorithm which performs the clustering, based on the chosen distance measure and clustering criterion.

5. Validation of the results

6. Interpretation of the results

3.4.4 Example Use of Multivariate Method for Hydrogeology Analysis 

Principal component analysis (PCA) was used by Stetzenbach et.al (2001) to reduce the large data sets, including the four major cations (Ca, Mg, Na, K) and 27 trace elements, analyzed in these groundwater samples. Principal components analysis of the major cation data indicates that groundwaters from Cenozoic felsic volcanic rock aquifers/aquitards of southern Nevada exhibit strong chemical associations to each other but weak relationships to groundwaters from the regional carbonate aquifer (which were instead chemically similar to each other). However, PCA of the trace element data demonstrates that some groundwaters from the volcanic aquifers/aquitards are chemically similar to those of the underlying regional carbonate aquifer. The PCA also reveals that these groundwaters from the volcanic aquifers/aquitards. have significantly different trace element compositions than perched groundwaters contained within similar felsic volcanic rocks. PCA based on Rare Earth Element (REE) data and trace element, along with previous carbon isotope analyses, water temperature data, hydraulic head relations, and results of a recent pump test of a well near Yucca Mountain. The PCA suggests close contact of the regional carbonate groundwater and groundwater from the overlying volcanic rocks of southern Nevada and possible upwelling of the carbonate groundwater into the overlying volcanic rock units in the vicinity of Yucca Mountain. The principal component chart is on Figure 3.2.

[image: image2.emf]
Figure 3.2 Example of PCA at Yucca Mountains
Join et.al (1996) describes the use of multivariate statistical analysis to trace groundwater circulation in volcanic terrains. The method involves the use of principal components analysis (PCA) based on both structural and hydrochemical parameters of 243 springs of Reunion (western Indian Ocean). As a result, we propose the use of Na/C1 analysis in differentiating three types of volcanic aquifers.

According to the geological model, basal springs discharge from the oldest formations. This can be identified on the PCA factorial sample diagram. Springs issuing from the oldest volcanic rocks of the first stages of the activities of the two volcanoes (Phase 1) are highlighted. These springs, appearing in layers older than 600000 years, are clearly represented in the diagram by positive coordinates on Axis 2. This 'fingerprinting' represents an additional advantage in identifying the hydrogeological parameters of the basal aquifer together with the geographical and physical and chemical variables.

Geological observations carried out on the 27 reference springs highlighted the presence of an important thickness of weathered soils systematically related to the superficial springs. In general, this was found to be related to the presence of ando soils (brown soil formed from pyroclastic materials) or ferralitic soils (humid tropical soil formed by the leaching of silica). This characteristic is identifiable on the PCA factorial diagram, highlighting springs of this analysis which are situated, according to the pedologic map (Raunet, 1988), in andosoils or ferralitic soils. Most of them appear with negative coordinates on Axis 2. Therefore, the presence of pedogenic formations around the springs is well defined on the graph as another descriptive characteristic of the superficial springs.

Puradimaja (1991) have studied the hydrogeology characteristisation by using PCA on major elements, at southern France. The PCA shows 4 quadrants of PCA (Figure 3.3). Spring no. 172 placed in the quadrant 1 which was influenced by calcium and sulphate (CaSO4). The calcium and sulphate concentration was interpreted as the result from groundwater contact with Triasic Gypsum deposit. 

Spring no. 18,55,56,67,84,94 was at quadrant 2 which was influenced by water temperature. The water temperature was ranged at 14.1 to 26oC at 5 – 480 masl. The anomaly occurred at spring no. 18 and 94, which had comparable lower temperature. The low temperature was interpreted to be caused by deeper circulation as indicated by high bicarbonate from deep formation. The interpretation for spring no. 94 was supported by high sulphate which was the indication of water reaction with gypsum deposit. 

Quadrant 3 was influenced by bicarbonate and sulphate-34 which was occupied by spring no. 16,17,23,37. All springs had sodium – potassium - chlorine composition, which were interpreted to be had ocean water influence. Bicarbonate was introduced as the result from reaction between groundwater and limestone. Then, quadrant 4 was influenced by conductivity, sodium, magnesium, and chlorine, which was the minority pattern in the samples.
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Figure 3.3 PCA chart of groundwater sample from southern France (Puradimaja, 1991).
Similar method have also been used by Irawan and Puradimaja (2006) to differentiate the origin hot water from volcanic or non volcanic source (Figure 3.4). The PCA chart quadrant 1 is composed of bicarbonate, sodium, potassium, chloride, electro-conductivity, acidity, and temperature as the principle components. Quadrant 3 is composed of sodium, potassium, chloride, bicarbonate, calcium, and magnesium. Sample points show the consistency of CHV1 to be separated with other Ciremai hyperthermal groundwater from volcanic origin. This sample is influenced mainly by volcanic gas containing abundant CO2. Then towards right, the influence of diluting meteoric water starts to emerge. In the quadrant 2, the space is filled by hyperthermal and mesothermal volcanic samples. Different condition is shown by Pekanbaru hyperthermal groundwater from sediment-origin (PHS 1 and 2). The samples demonstrates small portion of bicarbonate, calcium, and magnesium. This is not shown in the ternary diagrams.

This method shows considerably good result to differentiate the genetic of hyperthermal groundwater. The ternary diagrams and Principle Component Analysis have shown clear separation between hyperthermal groundwater of volcanic origin and sedimentary origin. More detail separation is given by PCA to improve the result from ternary diagram. 
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Figure 3.4 PCA chart of hyperthermal water samples to differentiate volcanic and non-volcanic origin
3.5 Interpretation
The interpretation aims to schematization of hydrogeological system based on cluster analysis of hydrogeochemistry parameters. Interpretation of hydrogeochemistry is underlined by several assumptions as listed: 
(1) Natural water chemistry is a result of rock-water reactions such as dissolution/precipitation, reactions on aquifer surfaces, and biological reactions. 
(2) Distinctive chemical signatures are related to specific sets of reactions. 
(3) Dissolved concentrations generally increase along the subsurface flow path until major components reach maximum values dictated by mineral equilibrium. 
(4) Hydrochemical facies are directly related to the dominant processes (Thyne, et.al, 2004).
3.6 Water Balance Calculation 
Hydrometeorological data was gathered at 4 locations: Cilimus, Ciawigebang, Darma Dam, and Linggarjati by Geophysical and Meteorology Institute. The data consisted of: precipitation and Evapotranspiration. The precipitation data were measured using conventional rain gauges. Regional precipitation analysis is determined using Thiessen Polygons. 
Equation 3.2 ….. P= Q + E + ds/dt.
�  Matthess, G., 19…., The Properties of Groundwater, …………………


�  Minitab Inc, 2005, Minitab: Statistical Software
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