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Abstract
Questions related to natural resource allocation and transport are among the most
important for archaeologists interested in prehistoric trade and interaction. The replicability of
sourcing these materials continues to be the largest obstacle to overcome. Chert, as one of the
most widely used and effectively preserved of all natural materials throughout human prehistory,
is of paramount importance for understanding prehistoric peoples. Better defined and more
objective means of sourcing chert are needed. Archaeologists currently use subjective criteria to
sort chert into ill-defined source categories. I propose a new chert sourcing method based on the
correlation of elemental components. Using Portable X-ray Fluorescence Spectrometry, Principle
Components Analysis, and Geographic Information Systems software this study will source chert
in the field from the samples taken to identify groups of correlated elements allowing for the
retroactive creation of source groups. Source areas will be created from source groups and will
be objectively based on the composition of the material. Once created, the source areas will
allow for the association of an artifact’s material composition to be assigned appropriately. The
source groups created will expectantly reflect formational and diagenetic processes. This method
will allow for more objective sourcing analyses in the future as well as a better understanding of
elemental distributions within chert.
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Chapter One: Introduction
One of the most important methods for understanding prehistoric human life is through
the study of patterns of trade and interaction. A key method in the study of prehistoric trade and
interaction is tracing the movement and use of natural resources. This is often accomplished by
sourcing natural resources used in prehistoric life to a geospatial location from which the
material was procured. Arguably the most important substance in human history is a type of rock
known as chert. Since the advent of stone tools, chert has overwhelmingly been the dominant
material for stone tool manufacture.
Historically, archaeologists have sourced chert using subjective and unstandardized
methods in order to determine a geographic association for this resource. These methods include
grouping by color, texture, inclusions, and luster, among others (Cantin 2008; Luedtke 1992).
The subjectivity of the methods, along with the great variability seen in chert even across small
geographic ranges (Luedtke 1992), means that chert identification is difficult to replicate with
any degree of certainty. This subjectivity also means the geographic and geologic origin of chert,
say in the form of an artifact, is determined by each individual researcher using these highly
variable and subjective criteria which risk a high degree of human bias. These factors together
have led to substantially inconsistent chert classification in the history of archaeology.
In this thesis, I present an alternative method by which researchers may source chert.
Through a statistical technique known as Principal Components Analysis (PCA) I will use the
correlation between secondary and trace element concentrations in the composition of presourced chert samples to create chemical groups of chert. The elemental concentrations in the
samples will be determined using X-ray Fluorescence Spectrometry (XRF), a non-destructive
technique which returns elemental concentrations based on the frequency of secondary X-ray
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emissions. The chemical or “source” groups that are created will then be used to draw geospatial
source areas within the research universe. From this, artifacts of an unknown origin may be
tested, and using the same procedure, assigned to a specific geospatial area based on the results
of this study. Perhaps even more important is that these assignments will be able to be given
using quantifiable measures and quantitative techniques. This allows for an advancement in the
accountability of chert source assignment and will mean that researchers using this method will
be operating within a system of known and reproducible values. The standardization of this
geochemical sourcing method will hopefully allow for a more complete understanding of how
materials moved prehistorically, which gives unique insight into relationships and interactions
between and among prehistoric peoples (Luedtke 1992).
The method devised for this study, from reference samples to sample grouping, can be
explained reasonably simply in both a graphic (Figure 1) and linear way. This method anticipates
that when a sample has a lot of a particular element (e.g. Ca) it tends to have a lot of other related
elements as well (e.g. Sr) and vice versa. It is this relationship that illustrates the importance of
creating components. Through the creation of components the variation in two or more variables
can be described by one component. In this example the component would represent “alkaline
earth metals.” If a sample of chert has a high positive association with a component it indicates
that the sample is enriched in one or more of the variables that are important to that component’s
composition. If the sample has low association with that component then it has an average
amount, and if a sample has a highly negative association then it is depleted in the elements that
comprise the component in question (i.e. has far less than an average amount). The relationship
between each sample and each component is quantifiable and distinguishable. The relationship
between these two is described using standardized regression coefficients. Samples that share the
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same association type with each of the components can be said to be enriched and/or depleted in
the same elemental suites (e.g. “alkali earth metals” [composed of the elements Ca and Sr]). The
elements that comprise those suites (components) behave similarly, meaning they are likely to be
found in the same environment and be affected by the same processes. Due to this, the
components that represent them likely represent similar or identical formational conditions
and/or diagenetic conditions. Finally, the component coefficient matrix produced as a result of
the model may be used to take new information such as compositional data from an artifact and
produce a unique pattern of association for it with the components. This will then allow it to be
grouped into one of the aforementioned source groups which correspond to geographic ranges.
The result of this linear exercise is that chert samples that display the same pattern of
association for a component are likely to have undergone a comparable or identical geologic
process that the component is representing (e.g. an alkaline formational environment could have
led to an increase in alkaline earth metals). As samples begin to share more component
associations they are more likely to have undergone all or most of the same processes meaning
the probability increases that the samples formed at the same time, in the same place, and were
affected similarly by every major subsequent geologic event. This relationship allows for the
creation of source groups and geographic ranges against which the chert that artifacts are made
of may be tested (Figure 1).
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Figure 1: Flow chart of major steps in proposed method.

Collect New Samples and GPS Points

Add new Samples to Existing Reference Sample

Determine Optimal Number of Components Based
on New Sample Size & (Re) Run PCA using Promax
Rotation

(Re)Group all Samples Based on
Grouping heuristic

Interpretation of
What Source Groups Represent
& Assemble New Model
Parameters

Determine the Geographic
Ranges of Source Groups Based
on GPS Points and Buffer
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Chapter Two: Literature Review
Chert
Chert (Figure 2) is a sedimentary, and seldom igneous, rock that forms when dissolved
silica (SiO2) molecules begin to precipitate out of the water that contains them. This usually
happens in a process known as replacement, where rocks or minerals of one composition get
replaced with those of a different composition (Luedtke 1992). The most common occurrence of
this for chert is the replacement of the minerals calcite and dolomite in deposits of limestone and
dolostone respectively. These materials are highly susceptible to dissolution in acidic waters
which also often times contain silica. As the limestone and dolostone dissolve, the carrying
capacity of the water moving them is often exceeded causing a deposition of the least cohesive
molecules in the solution, which are most often silica (Rapp 2002). Silica is a chemical
configuration composed of one silicon atom and two oxygen atoms. Chemically, silica is known
as silicon dioxide (SIO2) and is the basis for many – if not most – of the minerals in the earth’s
crust. For a substance to be classified as a mineral it must meet five criteria. It must be naturallyoccurring, solid, inorganic, have a set chemical composition, and have a patterned atomic
structure that repeats. Pure silica in mineral form is known as quartz. When minerals grow
unimpeded out of solution, thus allowing for proper mineral crystal growth, it causes a
macroscopic (visible to the naked eye) mineral to form. These macroscopic minerals fit all five
criteria for mineral classification. Conversely, a material that is perfectly un-homogenous, in that
it has no patterned atomic structure, is known as a glass. Glasses preserve the smallest part of a
mineral that still retains its mineralogical properties, known as the motif. However, unlike
macroscopic mineral specimens like quartz crystals, the motif structures are not patterned in any
way in their arrangement and thus the glass material cannot be referred to as a mineral. Rocks
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like chert are found in the middle of these two sides because they are composed of identifiable
mineral crystals but on a scale too fine to see with the naked eye and are thus known as microand cryptocrystalline rocks (Luedtke 1992). This fine crystallinity changes slightly when chert
has been exposed to weathering. When this happens, a rind of chemically altered material on the
exposed surface called “cortex” develops (Luedtke 1992). The longer chert has been exposed to
the elements that promote chemical weathering the larger and more developed the cortex
becomes.

Figure 2: Examples of various chert materials.

Silicates are classes of minerals known for being composed predominantly of silica.
Chert is a relatively common silicate rock that is composed of almost exclusively of silica
specifically in the form of the mineral quartz. The manipulation of micro and crypto crystalline
silicates, particularly chert, through precision striking techniques characterized the pinnacle of
13

human technological innovation for over two million years. Chert, and other micro/cryptocrystalline silicates, such as quartzite and argillite, were chosen specifically by prehistoric people
because of their predictable fracture pattern, relatively abundant nature, and brittle texture which
allows them to be readily knapped, that is, hit sequentially to produce an intentional piece. These
properties make chert an ideal substance for the manufacture of stone tools. Moreover, chert’s
stability in almost any environmental condition make it an unmatched candidate for artifact
preservation causing an overwhelming amount of prehistoric information to be found in the form
of this material (Luedtke 1992; Rapp 2002). Due to all of the unique qualities of chert, its
persistence, and its prevalence in prehistoric life, understanding the movement, procurement,
exchange, and cultural significance of chert are of the upmost importance when studying
prehistoric peoples. However, the vast quantity, variability, and complexity exhibited in chert
makes it difficult to trace to a source locale or identify commonalities within sites. Historically,
this has been attempted using undefined parameters and subjective measurements of superficial
characteristics allowing an unacceptable level of bias and uncertainty.

Sourcing Theory
Richard E. Hughes describes sourcing as “the point source of origin for a material type”
(Hughes 2009). Though this is an apt description for many items that can be sourced, the use of
the word “type” in this instance suggests that chert can and will be grouped into sources with
predefined parameters. As described above, chert is an exceptionally variable material and can
change on the order of even a few meters. Due to this variability it is not advisable to
characterize chert sources using an a priori method as it is possible that chert that is found close
together may be very different and chert that is found far away may be very similar. In order to
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resolve the issues surrounding sourcing chert two major schools of thought have appeared. In the
course of this study the first will be refer to as “geospatial sourcing.” Geospatial sourcing is
accomplished by sampling outcrops and secondary sources of chert (or other material) and
attempting to find characteristics about those outcrops that distinguish them from other ones.
This is an a priori method in which the source “type” is determined prior to any formal analysis
and is by far the most common type of sourcing in chert studies (see Casa 2005 and Crandell
2005). The next type of sourcing, which I will use in this project, is “chemical sourcing.” This is
accomplished by systematically sampling, in this case naturally-occurring outcrops (outcrops
that would have been available in prehistoric times), within a designated survey area and
quantifying the variables that characterize each sample. Examples of quantifiable characteristics
are elemental compositions, mineral compositions, and isotope concentrations. These
characteristics are then statistically grouped and then used to retroactively draw chemical
“source” extents. This effectively groups the available data into a usable format (Hughes 1998;
Glascock 2005). Although geospatial sourcing can be useful, it often leads to an infinite mutation
of characteristics that are inherently subjective (e.g. Casa 2005). Chemical sourcing attempts to
use objective criteria to eliminate operator bias while simultaneously giving data from which
meaningful statistical relationships can be demonstrated (see, for example Hughes 1998;
Glascock 2002; Neff 1998). Due to the greater objectivity, repeatability, and control of
researcher bias, chemical sourcing will be used exclusively in this study.
Those involved in strict chemical sourcing, using a priori methods, have largely avoided
chert characterization and applied their techniques most effectively to non-chert substances such
as obsidian and copper (Glascock 2005; Hill 2012; Hughes 1998; Shackley 2011a). However,
initial literature review (Boulanger et al. 2005; Gauthier et al. 2012; Lyons 2003) and pilot
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research has indicated that despite the tremendous variability within chert, some of the
techniques that have been applied to other silicate materials will be useful in developing an
operative method for chemically sourcing chert.

XRF
X-ray Fluorescence Spectrometry (XRF) is an elemental analytical technique used by
chemists, geologists, biologists, and archaeologists, among others. The principle behind XRF is
to deduce elemental composition by measuring the X-rays emitted from a fluorescing object
(Shackley 2011b). This is accomplished by bombarding the object with incidental (one
directional) X-rays of a known voltage and amplitude (measured in µA). These X-rays can cause
an electron from the inner shell of an atom (any atom) to dislodge from the electron cloud. This
loss of an electron ionizes the atom and causes it to become unstable. This instability is due to
inner shell electrons being more tightly bound to the nuclei of atoms than outer shell electrons. In
order to correct for this instability, an outer shell electron will drop down to the now vacant
space in the inner shell releasing energy as it does. This energy is released in the form of a
photon. Like the X-ray photon that dislodged the initial electron, this secondary photon is also an
X-ray and is in fact referred to as a “secondary X-ray.” The emission of secondary energy in the
form of electromagnetic radiation is what is known as “fluorescence.” The secondary X-rays
released by the now ionized atoms have slightly less energy than the initial incidental X-ray that
caused the reaction. This is due to a number of factors, the most important of which is size of the
nucleus. The larger the nucleus of an atom, the greater the pull it has on its electrons. If an
electron is being pulled with more energy as it moves from an outer shell position to an inner
shell position, it consequently releases more energy (a higher energy X-ray) as it falls. This
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increase in X-ray energy with nucleus size is incremental, which means that the same size
nucleus (i.e., the same element) will always release secondary X-rays of the same energy level.
By counting the number of X-rays of each energy level fluorescing off of an object that has been
excited, we can determine that objects’ elemental composition. This is what is known as “Energy
Dispersive X-ray Fluorescence Spectrometry” or EDXRF, which will be the analytical technique
used in this study (Shackley 2011b). This technique is depicted graphically in Figure 3.

Figure 3: Diagram of X-ray fluorescence process at the atomic and device scale (Thermo Fisher Scientific Inc. 2016).
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Pilot Studies
The research into sourcing techniques that has helped shape this project has been actively
informed by three pilot studies the author conducted in preparation for the primary field work.
These pilot studies have built on and informed one another in order to refine and calibrate what
will be used in the final methodology and statistical analysis. These pilot studies have had a
particularly important effect on the statistical methodology used as well as the efficacy of
particular variables as important and viable elements for research.
The first sourcing pilot study was conducted in the fall of 2013 as a requirement for the
Laboratory Methods Course in the Department of Anthropology at Ball State University. This
study used XRF as well as polarized light microscopy in order to identify significant and highly
fluctuating constituents. Nine samples of chert were used in this study, all of which were taken
from the Ball State University’s Applied Anthropology Laboratories comparative chert
collection. Three of these samples were what has been labeled “Attica” chert, three were
“Jeffersonville” chert, and three were “Wyandotte” chert (Macleod 2013).

Figure 4: Six chert "types" used in the author's first chert pilot study (Macleod 2013).

The samples were tested using a Rigaku NEX-QS Energy Dispersive XRF ®. The XRF
results of this study were quantified using basic descriptive statistics and were graphed using line
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graphs. These XRF results indicated that Iron (Fe), Strontium (Sr), and Zirconium (Zr) all
display strongly elevated levels in the sampled items Figure 5.

Figure 5: Results of XRF counts per second by element in pilot study 1(Macleod 2013).

The results of the first pilot study also showed a marked grouping of these variables
depending on the “type” of chert being tested. This, in turn, has helped inform the variables used
for analysis in this study. The chert samples, once tested with the XRF were then cut and thin
sectioned. These thin sections were then examined using polarized light microscopy (PLM). This
technique uses the polarization of incidental light in order to determine the nature of rock
constituents (i.e. minerals). It works by shining light through a polarizer, which then passes
through the substance, which is at this point approximately 30µm in thickness, and lastly through
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another polarizer before being viewed by the researcher. The changes in the light orientation
caused by the passing of the light through the minerals allows for the identification of the
mineral since the change in direction, among a few other properties, is indicative of the unique
bond angles and crystallography of specific minerals. The results of the PLM indicated that high
levels of Glauconite [(K,Na)(Fe3+,Al,Mg)2(Si,Al)4O10(OH)2] may be the cause of the elevated
iron levels in Attica and Wyandotte cherts, both of which had much higher levels than
Jeffersonville where no Glauconite was identified. There was also a strong prevalence for calcite
inclusions and veins in some of the samples. As strontium is a common substitute for the calcium
in calcite (CaCO3), this could also explain elevated levels of strontium in the samples. The
prevalence of Zirconium (Zr) is likely not mineralogical in origin as the most common
Zirconium bearing minerals, such as Zircon, almost exclusively have igneous and to a lesser
degree metamorphic geneses (De Vos and Tarvainen 2005a). Zirconium also exists in low
quantities in elemental form in sea water. This likely means that the Zirconium in these samples
existed in elemental concentrations, probably adsorbed to the surface of a mineral. Clay
minerals, such as chlorite and kaolinite, have a uniquely platy texture which is indicative of
clays. This platy texture allows for a buildup of electrostatic charge on the surface of the mineral
which often traps ionic components, particularly heavier elements such as Zirconium. It is
possible that this is the cause of the anomalously high levels of Zirconium in the sample. Few
clay particles were actually observed in the PLM aspect of this study, however, the few that were
observed are still the most likely source of Zirconium as presence of igneous minerals is unlikely
in an offshore precipitated sedimentary rock. The association between Zirconium and clay
particles, if it can be demonstrated, may allow for yet another indicator mineral for elemental
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presence. While it would not be mineralogical in form it still may offer insights into the causes
and potential effects of the enrichment of particular elements.
The second pilot study conducted was the preamble to this study which used almost all
the same techniques and methods (Macleod 2014). The sampling method was comparable to the
first in that the samples were recovered from the Ball State University’s Applied Anthropology
Laboratories comparative chert collection. For this study 10 samples from 6 different chert types
were chosen to be analyzed based on geographic association to one another. The “types” used in
this study were defined by their association with the comparative chert collection. As with the
first pilot study, this study used the same Rigaku NEX-QS Energy Dispersive XRF ®. The
samples were knapped to a flat surface and cleaned using an ultrasonic cleaner before being
tested. Each sample was tested 3 times on three different faces. Once tested the results were
uploaded into Excel ®, the results for each sample were averaged and then those results were
uploaded into Statistical Package for the Social Sciences ® (SPSS). A principal components
analysis was conducted on the data using all variables (elements) that appeared within normal
ranges, this excluded several variables that returned values of zero for all samples. The total
number of variables involved in the PCA ended up being 26. A varimax orthogonal rotation was
then used on the data in order to promote fit. Two methods were used to identify the number of
factors in the study. The first of these is what has been called “Kaiser’s Little Jiffy,” “The Kaiser
Criterion,” or the “Eigenvalue Greater than One Rule” (Kaiser 1960). An Eigenvalue is a value
that reflects the amount of variance in the observed variables that is explained by a factor. This
determines the number of factors by selecting all the factors with eigenvalues greater than one.
This is because the variance explained by a single variable is equal to 1, therefore any eigenvalue
less than 1 explains less than a variables worth of variability. This however, does not necessarily
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mean the factor is useless or unimportant. Though Kaiser’s Little Jiffy has been repeatedly
shown to be an arbitrary and less than adequate means of identifying the number of factors when
used by itself, it is by far the most commonly used, and at the time of this study the author was
still unaware of the problems associated with its exclusive use (Yeomans and Golder 1982). It is
still used by statisticians as a supportive tool but should not be the only method for determining
the number of latent factors. Analysis of the scree plot was the second method used (Cattell
1966). A scree plot is a line graph which charts the strength of the eigenvalues per factor. The
scree plot decreases as more factors are introduced as the later factors will continually explain
less variance. Where the scree plot displays a sharp decrease in slope indicates when the factors
are no longer explaining large amounts of variance. At this point we select the factors with the
steeper slopes as the latent factors in the model. For this second pilot study, both Kaiser’s Little
Jiffy, as well as the scree plot analysis indicated that a 5 factor solution was optimal. These
results showed factors that appeared to be representative of transitional metals, rare earth
elements, one that consisted of Calcium and Scandium, one of common earth elements, and one
of copper (Table 1).
Transitional metals display comparable charges and often have varying charges, this
leads them to behave similarly and not surprisingly group together on a single factor. For the
same reasons Rare earth metals behave in a similar fashion, they also are often found as free
agents and trapped by latent surface charges on items such as clay particles. The common earth
elements will be expected to vary with the relative proportion of other materials and
contaminants in the specimen. Calcium and Scandium are not often identified as elements that
display a high correlation (De Vos and Tarvainen 2005b; De Vos and Tarvainen 2005c).
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Table 1: Rotated Component Matrix results of pilot study 2 (Macleod 2014).

Low
Component
Association
(+/- .3-.5)

Moderate
Component
Association
(+/- .5-.7)

High
Component
Association
(+/- >.7)
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However, their comparable atomic radii (Ca 194pm, Sc 162pm) and ionic states (Calcium+2,
Scandium2+ [also 1+ and most commonly 3+]) may allow for these elements to substitute for one
another. Calcium, and in this instance possibly scandium, is expected in varying quantities due to
it being a primary elemental component in calcite, of which limestone, the rock that these
specimens are recovered, is made. The copper factor needs to be evaluated as a variable that
loads to its own factor is generally viewed as a problematic result in a factor analysis (Hair
2010). This analysis, while thorough and intensive, also needs its limitations to be identified. The
largest and most pervasive of these is the use of far too many variables being analyzed for the
sample size being analyzed. There are many ways people identify the number of samples needed
in order to produce valid results in factor analysis and PCA. One generally accepted though not
assured method is by examining the item to variable ratio and ensuring that it exhibits as high of
a ratio as possible, ideally approximating a ratio of at least 20:1 (Jason W. Osborne and Anna B.
Costello 2009). This rule can be lessened slightly if the data displays strong loadings. This pilot
study exceeded the necessary ratio and did not display sufficiently high loadings. Because of this
the author cannot endorse the results as anything more than indications and results should be
interpreted with caution.
The second issue to be addressed in this pilot study is that the algorithm used to correct
XRF results and deliver results in quantified parts per million was inaccurate in this trial so raw
counts per second were used in its place. As factor analysis is more interested in correlation and
covariation, as opposed to magnitude, the effects of this change should be negligible in the
results though still important to note. This study, despite its limitations, offered a chance to work
through this type of situation and work through some of the potential problems associated with it.
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It has also given a unique insight into how the variables are likely to group and what those
factors might mean. As I needed to reduce the number of components in the final study this study
offered useful insight into potential means for data organization and indication on the utility of
different variables.
The third pilot study conducted used data collected by Dr. Mark A. Hill at Ball State
University’s Applied Anthropology Laboratories (Macleod 2015). Resulting data were generated
using an Olympus Delta X Portable X-ray Fluorescence Spectrometer. This study used 132
samples and tested on 26 variables (elements). Each sample was tested on 3 faces and on two
different XRF modes (mining and soils) which test different suites of elements at different
accuracies. These results were averaged for each sample in order to give the most accurate
results possible. Based on the results of the first two pilot studies, five of the 26 available
variables were selected for a principal components analysis. These variables were Strontium (Sr),
Zirconium (Zr), Iron (Fe), Sulfur (S), and Zinc (Zn). A combination of techniques were used in
order to determine the optimal number of factors including Kaiser’s Little Jiffy, Scree Plot
Analysis, as well as examining Proportion of Variance explained, results of the Residual
Correlation Matrix and Parallel Analysis. The results were mixed but the majority indicated that
a two factor solution was optimal. This two factor solution revealed that one of the components
was represented by highly elevated levels of Fe and Zn, and moderate to highly elevated levels
of S, whereas the other component consisted of highly elevated levels of Zr and Sr. This
grouping of elemental enrichment was revealing concerning the geologic history of the rock.
High concentrations of iron, sulfur, and zinc, if related in genesis indicates the possible presence
of mineralogical sphalerite [(Zn,Fe)S]. Not an entirely uncommon mineral, the low temperature
forms of this mineral are thought to be produced largely by water borne bacteria in both
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freshwater and saltwater conditions (Matthias Labrenz et al. 2000). Though this may narrow
down the source it unfortunately doesn’t reveal if the mineral in question is formational
(saltwater) or diagenetic (fresh groundwater) in origin. It is important however to remember that
each of these elements are relatively common in seawater and in the earth’s crust. Fe and Zn also
have similar charges, so it is possible that these elements are occurring either as free agents or as
mutually exclusive mineralogical expressions that occur in comparable quantities due to prime
conditions being preferred by both states.
The co-occurrence of Strontium and Zirconium is a puzzling one. Strontium is a common
element and has high representation in both sea water and freshwater. In the presence of Calcium
compounds, Strontium takes a dominant role and removes the Calcium to take its place. This
usually forms minerals such as Celestite [SrSO4] and Strontianite [SrCO3] (Goldberg 1954). As
Calcium is an extremely common element in seawater and marine sedimentary rocks, elevated
Strontium levels are expected in formations that have seen diagenetic ground water infiltration.
The elevated levels of zirconium are difficult to account for as this element is uncommon outside
of mineralogical forms such as Zircon [ZrSiO4]. However, as Zircon only occurs as a result of
igneous processes and as no known chert sources contain Zircon, the Zr elemental concentration
is undoubtedly amineralogic in origin. This means that the Zirconium detected almost certainly
existed as a free agent likely adsorbed to the surface of another mineral like a clay particle or
substituting in low quantities in the structure of another mineral such as Ilmenite [FeTiO
3]

or Rutile [TiO2] (Salminen 2005). Why probable mineralogic strontium and elemental

zirconium co-occur is a question that I unfortunately do not have an adequate explanation for.
This third pilot study has given a strong indication that the elements selected were adequate and
as such those used will be certainly used in the final study.
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Statistical Techniques
While techniques vary considerably and a limited number of individuals are conducting
comparable research, the few people currently doing chemical sourcing in the field primarily use
two types of statistical techniques to interpret their data. These techniques are Principal
Components Analysis (PCA) and Cluster Analysis (Drennan 2009; Shennan 1990). These two
techniques, while both powerful and versatile, offer considerably different methods and results.
Due to this, and other factors described below, only PCA will be used in this study.

Principal Components Analysis
The first technique that is commonly used in chemical sourcing is known as Principal
Components Analysis or PCA (Dias and Prudêncio 2008; Glascock et al. 2004; Gob 1988;
Hughes 2009; Mauk and Hancock 1998). PCA allows the researcher to identify the variables that
have the greatest bearing on differential distribution of data in multivariate space (Comrey and
Lee 1992; Dunteman 1989; Hair 2010; Smith 2002; Stevens 1992). It is for this reason that PCA
is often referred to as a dimensional reduction technique or a factor analysis technique. It reduces
the data set to usable “components.” These components are groups of variables that describe the
same variability in the data set. The variability is characterized by how different observed
variables vary relative to one another. A relationship between variables means that when one
variable (element) increases or decreases in value, a different variable has a propensity to
increase or decrease along with it. From this relationship it can be concluded that those variables
have an identifiable correlation with one another. The more that variables in the data set
correlate, the more likely they are to be associated with the same component. In this study the
variables being initially examined are quantities of elements in the composition of chert samples.
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Once the relationships between variables have been identified PCA uses matrix transformations
to identify the largest degrees of association between those variables (e.g. amount of each
element in each sample). It is this correlation that will ultimately be examined in order to create
and interpret the meaning behind the chemical sources. The simplified equation for PCA may be
found below. In this study, Xji is the correlation between the observed element (j) and the sample
(i), 𝝀jm is the loading for the observed elements (j) on the component (m), and Fmi is the
correlation between the component (m) and the sample (i) (Stevens 1992).

𝑋𝑗𝑖 = 𝜆𝑗𝑚 𝐹𝑚𝑖

The PCA model can be thought of similarly to a multivariate regression where the
components act as the trend lines of the regression. The first of these trend lines describes the
longest axis of the data and serves as the first principle component. Variables that have many
data points on the extreme ends of this component, also sometimes referred to as an axis, will
have the strongest loadings association or loadings with it. A loading is an indication of how
important a variable is to the creation of a component. Each variable is given a loading value for
each component. The stronger the loading, the more important that variable was to the creation
of that component. As each component is a geometric description of the shape of the data in one
dimension, any points of data that do not fall near the ends of that dimension play a diminished
role in its creation.
The second principal component describes the second largest degree of variation in the
data set using the same technique. This process continues for each principal component until the
number of components requested by the researcher has been met or the researcher determines
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their pertinence is no longer valid. The determination of component validity is made through a
combination of further statistical techniques and inference from existing theory. However, as no
technique for determining the appropriate number of components is perfect, theory is always the
most valid aspect of component determination.
As is the case with regression models, values that represent the deviation from best-fit
lines, which in the case of regression are known as residuals, may be given. These values of
deviation can characterize the relationships between the observed variables and the components
that are describing the underlying theoretical constructs. These relationships show the strength
by which each observed variable affects the placement of the principal component and are
referred to as “loadings.” Each variable is given a loading value for each component. The
stronger the loading, the more important that variable was to the creation of that component. By
examining the loading values of the variables, we can begin to understand how each variable
affects the distribution of the data and ultimately determine its importance in isolating potential
groups of data.
It is by the method described above that we may define how to best group observed
variables with the different components. When two observed variables load heavily on the same
component they are describing some of the same data. The relationship between these two or
more variables that is described by the component may be referred to as a latent (unobserved)
factor. Latent factors, which are described by components, are theoretical constructs that govern
why data is related. In this study the latent factors would be the unobserved phenomena that
explain why different elements may be found in high and/or low abundance with one another.
It is the conjecture of this study that since secondary and trace element presence and
abundance is affected by both depositional processes (formation) as well as diagenetic processes
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(changes to rock after it has lithified), most or all of the “latent factors” that the principal
components are representing will reflect individual instances, or culminations of, geologic events
and processes. An example of this would be chert that formed in seas with different mineral
saturations (formational). Chert of the same age and from the same general area will likely both
find themselves enriched in those minerals. Conversely, events that strip minerals out of, or
change minerals from their original state, such as ground water movement (diagenetic), may
leave chert sources that experience these processes depleted in certain elements and minerals.
This would be an example of a diagenetic process and would affect sources on a local or regional
geographic scale as well as differentially across time. Rock composition is predominantly
affected by these two factors (deposition and diagenesis) and as a result it is likely that most or
all of the principal components representing correlative fluctuations in elemental composition
will reflect individual instances or culminations of these geologic processes. It is the intent of
this study to focus on secondary and trace element presence and not primary chert constituents as
those elements (Silicon and Oxygen), are a) Too light for the XRF to detect, and b) Will offer
little in terms of quantifiable import as most chert contains >90 percent Silica (Luedtke 1992).
Once a model is described using PCA the axes of that model can then be rotated in order
to ensure better model fit. Unlike many traditional statistical tests, PCA is more concerned with
how variables relate to one another in terms of correlation and/or covariance. Because of this, the
axes that the data are plotted on may be rotated in order to better fit the data. There are two types
of rotation in PCA models, oblique and orthogonal. Oblique rotations allow for the axes to
intersect at oblique angles (angles other than 90 degrees) which almost always ensures greater
model fit but also means that the axes will be describing some of the same variation in the data.
Orthogonal rotations keep component axes at 90 degrees relative to one another, this ensures that
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the components are not describing the same data, though it usually leads to poorer model fit.
Within these two major categories of rotation there are a number of rotation ‘styles’ that take
different mathematical paths to ensure the same end (i.e. best model fit). Though they are
attempting to accomplish the same goal, the various techniques will have varying outcomes. This
can be thought of as many cars all taking off from the same starting point (the same dataset) and
racing to the same finish line trying to make the best time (oblique or orthogonal rotation with
best model fit) but taking different paths (different mathematical procedures). In this analogy the
nature of the course will determine which procedure is best when optimal model fit (best time) is
the objective. As a result it is common practice in PCA and factor analysis to let theory dictate
whether an oblique or orthogonal rotation is used but to try a variety of tests within that rotation
type in order to determine the best procedure for the given data.
Upon creating the components, a similar type of value to the variable component loadings
can be produced. In this instance however the values represent the relationship between the
components and the cases (i.e. samples). These values can come in many forms though most
often are represented by standardized regression coefficients (SRC) which express the amount of
change that can be expected in the component (in standard deviations) from a one unit change in
the observed variables from that sample. In this way the SRC value shows the relationship
between these two by showing how much one affects the other. From these values it is possible
to create classifications based on how strongly each sample is related to each component. The
samples that share the same series of categorizations will be grouped together. While it is not
essential for the operation of this method, it is anticipated that samples that share the same
pattern of component association as described by these SRC values will have undergone
comparable or identical processes of formation which left them enriched and/or depleted in the
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same elemental suites. The more elements that are tested, the greater the number of elemental
suites will be produced and the lower the probability that two samples will share the same pattern
or enrichment and depletion by chance. These comparable elemental variations could in turn be
the functional basis for the hypothesized component clusters. In short, if the groups that are
created really exist then it is likely that differences and similarities in formation and diagenesis
are what produced them. This will be examined at length if such clusters are found and may
serve to guide research in the future.
The interpretation of the meaning behind the latent factors is one that allows for a greater
understanding and potential refinement of this method, however it should be noted that the utility
of this method is not contingent upon effective interpretation of these latent factors. The
components that are created need only serve to differentiate chert enough to source samples with
some measure of replicability and do not need to fit into an interpretable higher construct. So,
while it is anticipated that the similarities between chert samples will be a result of comparable
formational and diagenetic processes, it is not necessary for these processes to be the exact same
events in order for sample interpretation to be valid, nor is it necessary for the subsequent
grouping of those samples to provide sourcing utility.

Cluster Analysis
The second technique often used is what is known as cluster analysis. Cluster analysis
looks at the variance within a data set and creates clusters based on given parameters, such as the
number of groups needed. Cluster analysis is a suite of techniques in much the same way that
latent variable analysis is a suite of various techniques that include PCA. Cluster analysis
techniques work with variation of one variable as the other variables relate to it and it does not
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measure how those variables co-vary or correlate with one another. Cluster analysis also often
relies on an imputed (ad hoc) expected quantity of groups (k) in order to know how many groups
to produce. In this study, it is both the interest in post hoc grouping as well as the interpretation
of what those groups mean that is the intended result. Because of this PCA is more suited for
exploratory and interpretive purposes. The closer the samples are to one another in each variable
category, the more likely they will be grouped together. Though cluster analysis will not be used
in this study it may be an interesting consideration in future studies to see if the groups produced
using PCA are replicable under the conditions of a cluster analysis. Based on available cluster
analysis methods future studies should probably use a “k-means” cluster analysis which
“clusters” multivariate data into a predetermined number of groups based on associated mean
values (Driver and Kroeber 1932). The number of groups in the cluster analysis, as one of the
parameters that needs to be set by the researcher, will be informed by the number of usable
components in the PCA model determined by this study.
The techniques described above are used by both geospatial and chemical sourcing
scientists. However, as chemical sourcing is still very much in its infancy, and has only been
used a handful of times on materials such as obsidian and copper (Hughes 1998; Glascock 2005),
very little (if any) literature discusses the statistical techniques described above in use in
chemical sourcing as it pertains to chert. Moreover, there is a particular dearth in the literature
surrounding these techniques and the use of XRF or PXRF on chert (Shackley 2011b). This
means that this study will likely be the first study, or one of the first studies, to use PCA on presourced chert specimens in order to retroactively create chemical source extents.
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Chapter Three: Methods
GIS Methods
There were a variety of GIS (geographic information systems) procedures that were used
in this study to produce the intended area of survey. The first of these procedures was to
determine a predefined Area of Interest or “AOI” in order to limit the area being surveyed and
preserve study feasibility. The limiting of the AOI was based predominantly on Mark Cantin’s
unpublished work from 2008 which provides detailed description of many chert variations in
Indiana and a loosely constructed map of their proveniences. Though this study stands in
opposition to the taxonomic systems used to group these varieties of chert, there is no question
that Mark Cantin had advanced chert knowledge in Indiana more than any other individual and
that his work was invaluable in completing this project. From Cantin’s 2008 map (Figure 6) the
area of interest shown in Figure 7 was created. Though arbitrary in its absolute extent, the AOI
was chosen to characterize the greatest variety of Indiana chert as it has been previously
described in order to allow for as distinguishable of a sample population as possible.
The area of interest chosen (Figure 7) was 1,880 square miles in size. The method
devised for narrowing potential survey areas narrowed the search field through three main
procedures. The first procedure was to use a Raw Material Log or “RML” in order to identify
areas that have been previously identified as potential chert sources. The RML was developed by
geologists at the University of Indiana, Bloomington (Glenn A. Black Laboratory 2013) and
came in the form of a Microsoft Access database that had known locations for raw material
sources across the state. Access to this file was courtesy of Dr. Edward Hermann of Indiana
University’s Department of Geological Sciences. The database was limited by excluding all non-
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Figure 6: Mark Cantin's (2008) map of chert sources in Indiana.
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chert materials and including only materials that were found in outcrop or talus (rock debris
found immediately below outcrops) sources. The exclusion of items such as modern quarries and
road cuts came for a variety of reasons. These items are artificial in nature and as such provide a
skewed perspective on the potential source areas of prehistoric chert. The sources that would
have been exploited by prehistoric peoples could have been up to tens or even hundreds of miles
away from these modern geologic incursions in some cases making it not particularly adept at
predicting location. Combining this with the propensity for chert to change even within an
outcrop makes using modern artificial exposure folly to include as it may lead to the
characterization of chert that had no representation in prehistoric life and skew any potentially
constructed source areas. These results were further refined by examining the comments for each
entry entered into the RML. These comments occasionally indicated that the chert was too small
(i.e. only pebbles) or that the samples that corresponded to the entry were unable to be confirmed
from that location. The remaining raw material entries had their UTM locations uploaded into
ArcMap 10.2 and were plotted on a map of Indiana. The results of this plotting are represented
by the blue points in Figure 7. The last of the limiting criteria for the RML based points was to
clip and use only the points that fell within the area of interest. These points may be found in the
zoom section of the map in Figure 7.
The second criteria used to limit potential search areas was an examination of the
literature in Mark Cantin’s (2008) work. Upon examining Cantin’s 2008 map, represented by the
yellow polygons in Figure 7, we find that seven chert “types” as Cantin describes them fall
within the AOI. These types are Bryantsville, Haney, Indian Creek, Lead Creek (also known as
Holland Dark Phase, and Plummer’s Chert), Allen’s Creek, Stanford, and Harrodsburg. Though
this study does not recognize the arbitrary classes used to distinguish these various chert sources,
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Figure 7: Location and extent of this study's area of interest.

there must be a sufficiently large amount of variation in subjective criteria for the chert in this
area to be distinguished so readily in such a limited range. This propensity for highly variable
chert was the primary motivating factor for the extent of the AOI in the first place. As the extent
of the AOI had to be limited to preserve utility it was in the best interest of the study to choose
an area with highly variable sources to promote distinction. Once the types, as Cantin has
described them, had been identified, the text that he had generated in his 2008 work was
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consulted to see if there was any potential for identifying where the outcrops for these cherts may
be. Some of the chert sources were easily identifiable through the literature, while others were
only hinted at or were the results of unnatural exposure such as road cuts. GPS points were then
added to the existing ArcMap file, which contained the RML points, based on where Cantin
(2008) had described the sources being. If a source for the chert was not readily identifiable in
the literature, then points were entered based on what clues the description did give and
topographic properties of the area which would increase the likelihood of chert exposure. Per the
method used for the RML file points, points from Cantin (2008) were not added for unnatural
exposure such as modern quarries or road cuts.
The third and final criteria for producing potential survey areas was less referential and
more a measure of probabilities. In order to ensure that enough properties were being surveyed
and statistical integrity was being preserved by providing a sufficiently large sample size, 50
extra survey points were randomly imputed within the AOI. However, as there are criteria that
increase or decrease the probability that chert will be found, a method was devised for limiting
the area where the points will be generated in order to increase the probability of success. This
method involved four main steps. The three source files used for each step are represented
graphically in Figure 8 as is the final output file (bottom right) and denote bedrock lithology (top
left), slopes greater than 25 percent (top right), a five meter buffer around modern infrastructure
such as roads and rail lines (bottom left).
The procedure was devised using the ArcMap system and began with a shapefile which
had polygons describing the bedrock lithology of all of Indiana (Indiana Geological Survey
2013). The lithology file was limited to only polygons (formations) that were “chert bearing,”
“potentially chert bearing,” or “limestone” which is the most common chert bearing rock. The
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Figure 8: Visualization of GIS procedure used to identify areas of high chert source potential.

39

lithology file was then cut on (limited by) the AOI which means that a file was produced as an
output that was only polygons within the AOI that represented bedrock formations that were
chert bearing, potentially chert bearing, or limestone. The next step took an Indiana statewide
soils map (Natural Resources Conservation Service, U S Department of Agriculture 2015),
courtesy of Indiana Spatial Data Portal (ISDP) moderated by Indiana University, and limited the
polygons (soil types) to those with a greater than 25 percent slope.
This procedure was to increase the probability of bedrock exposure through natural
processes as the greater the slope angle, the shallower the overlying soil can be and the greater
effect mass wasting has in erosive processes (Niemi et al. 2005). The steepest slope classification
allotted by the soil maps used was “greater than 25 percent.” This is largely because it is difficult
for soil to develop on slopes greater than 25 percent therefore increasing the likelihood of
bedrock exposure. The aforementioned lithology polygons were then cut on these soil polygons
producing an output with polygons that represented only chert bearing, potentially chert bearing,
or limestone formations with a greater than 25 percent slope within the AOI. The third part of
this procedure involved limiting modern infrastructure by downloading a shapefile (linefile) that
represented all of the roads and railroad tracks in Indiana. I then cut on the AOI, created a five
meter buffer around each line (i.e. road or railway) and then did a reverse cut on the previously
created output file.
The result of these three steps was my final area of imputation which can be seen, along
with the various point types, in Figure 9. The final area used for the imputation (the green
polygons) can be described as polygons (areas) with bedrock lithology that is chert bearing,
potentially chert bearing, or limestone, with a 25 percent or greater slope, that are greater than 5
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meters from roads and railroads, and within my AOI. Within this area came the final step of
creating 50 randomly imputed points to include in the survey.

Figure 9: Final potential search area points based on three sources.
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Survey Methods
The GIS methods described above were used to identify land owners in order to request
survey permission and proceed with field work for this study. Online Platt resources (including
(39 Degrees North LLC; WTH GIS; The Schneider Corporation) were used to determine
property owners’ identities and addresses in order for informational items and permission forms
to be sent. All landowners identified were sent a letter requesting permission for a survey of their
property, as well as an information sheet about the project, and a permission form and return
envelope. These materials are available in Appendix A.
Based on the letters that were returned, an attempt to contact landowners by phone was
made. For the sake of safety and consistency, if no contact was able to be confirmed by phone no
survey was made of the land. Upon contacting landowners by phone they were asked 5 main
questions with several follow up questions. These were.


Are you aware of any rock outcrops on your property? If so, do you happen to
know where they are, what they are composed of, and/or if they contain chert?



Are there any animals on the property that I need to be aware of? (E.g. cattle,
horses, dogs etc.…)



Are there any tenant farmers on the property that need to be contacted before my
visit? If there are would you like to contact them or would you like me to?



Where would be the best place on the property to park?



Do you have any questions for me regarding this project or what will be done?

It is important to note that if landowners said “no” to question one the property was still
surveyed if a time could be set up. This was important as absence of data, in this case chert, is
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often as telling as the presence. Also, this tested the efficacy of the spatial reduction technique
used for the imputed points.
It was the intention of this study to survey as many properties as possible. However, as
the AOI is located approximately two and a half to three hours from Ball State University,
feasibility dictated that more than one property must be scheduled per day in order to conserve
resources. Also important to note is that ability to survey a property effectively is an important
criteria for this project. In the interest of time, safety, and consistency, if the area of probable
bedrock exposure at a property required special equipment to survey effectively, such as vehicles
due to size/accessibility issues or climbing equipment, then the property was not surveyed.
As mentioned above, natural exposure was key in this survey. Due to this the survey
focused heavily on drainage ways and rock shelves. These two geologic features are often,
though not exclusively, found together, as water is the predominant erosional factor in the
Midwest and as such natural waterways are a critical feature of local bedrock exposure (Blanco
and Lal 2010). This type of survey concentration came largely in the form of creek walking
when dry-bed creeks were encountered (Figure 10), and adjacent creek walking when they were
not. A point was made to walk all trails on the property when available as the ease in movement
allowed for more refined observations. Topographic maps and LiDAR images assisted in
locating any potential areas where exposure may be present but not directly visible from a
drainage way. A point was made to survey all major and minor drainage ways as was feasible
based on property size. In addition to this an attempt was made to survey any area specifically
identified by the landowner as having rock outcrops, all trails on a property, any area that
appeared topographically to have and high potential for exposure, and all areas on the property
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that were identified by the GIS technique described above as having a high probability of chert
exposure (high probability polygons).

Figure 10: Example of a dry creek bed walked in this survey.

When chert was encountered (Figure 11), a GPS point was taken using a Trimble
Geotracker 6000 Series GPS ®. Approximately three to five samples were collected per point
within a radius of approximately two and a half meters. If there seemed to be greater variation in
the samples appearances than could be characterized by the standard three to five samples, more
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samples were taken until all subjective (visual) variability had been represented. Once the GPS
point and samples had been collected chert was then collected every ten meters as it was
encountered until the source stopped. An attempt was made to avoid chert with highly developed
cortex as this often indicates prolonged exposure and in this area may be glacial in nature.
Instead highly angular chert with no or poorly developed cortex was chosen in order to represent
the provenance as the lack of cortex is more indicative of newly exposed chert due to the time
needed for its development (Luedtke 1992).

Figure 11: Example of chert exposure encountered in Harris County.

Chert that was collected was bagged in a plastic bag which was labeled with the property
owner’s name, the initials of the collector (me) and the date were all put on the bag in Sharpie®
marker. These were then put into larger bags at the end of each property survey which contained
the property owner’s name, the date, the initials of the collector (me), and the number of bags
inside.
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Lab Methods
Once the samples were returned to the Applied Anthropology Laboratories (AAL) at Ball
State University (BSU) the samples were washed clean with a brush and basin using deionized
water. The basin used was composed of polypropylene and the toothbrushes used were nylon
bristles with polypropylene handles. Both polypropylene and nylon are both plastics comprised
exclusively of the elements hydrogen, carbon, oxygen, and nitrogen, all of which are far too light
to be detected using EDXRF and as a result pose no threat to contamination. Deionization is a
process by which dissolved solids are removed from water thereby eliminating the potential for
elemental contaminants from the water source. Water was changed between each sample bag as
any potential contamination between samples within a bag would have already taken place in the
bag or in the field.
Five molar hydrochloric acid was used to test potentially non siliceous samples (i.e.
siliceous limestone/dolostone). As chert is predominantly composed of silica, which is relatively
non-reactive, if the sample did not react with the acid it was considered siliceous enough to be
used in the study. The samples were then placed individually inside of plastic bags and struck
with a hammer to open an internal face for testing. The use of percussive force as opposed to
cutting is intended to account for the expected uneven test surface of artifacts. It is important for
procedural consistency that any error incurred by the testing of an artifact also be present in the
standards being tested against. As with the water used for cleaning, bags for this procedure were
changed between all sample points and bags were changed readily when they wore out. The
bagging procedure was used to buffer and insulate the samples from the metal of the hammer
being used. Similar to the brushes and the basin the bags were composed of polyethylene, which
is also a plastic composed of the elements hydrogen, carbon, oxygen, and nitrogen, and posed no
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threat to contamination. Testing internal faces was another measure used to prevent
contamination. In addition to this, standardization results of the first pilot study indicated that the
use of steel blades for thin sectioning did not increase the iron content of samples tested. As the
thin sectioning procedure involves far more direct sample contact with potential contaminants
such as iron, the results of that test combined with the measures taken in this study should
adequately demonstrate that the risk of contamination from the hammer was negligible.
Once all samples had been opened they were arranged by GPS point on trays lined with
paper towels that were labeled with all identifying bag information. Each individual sample was
tested on the two ventral surfaces produced when the sample was opened. This equated to two
readings in the center of the sample going in opposite directions. Each tested surface was then
delineated with the sample number and whether it was the first or second surface of that sample
to be tested. This was to preserve future research or retest any samples that were in error. These
labels consisted of five items, the first four of which are the sample number. These are.


The initials of the landowner



The number which corresponds to the sequential GPS point at which the sample
was collected



A period delimiter “.”



The number of the sample within the GPS location (these were assigned as
samples were tested)



Whether it was “Face 1” or “Face 2” of the sample

For example a surface with the label “CM1.4 Face 2” was collected at the Colin Macleod
property (fictive example), it was collected at the first GPS point, it was the fourth sample in the
group, and it was the second face tested.
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If two opposing ventral surfaced were not available, the best secondary ventral surfaces
were selected on each objective piece. This occurred when samples would break into parts with
one of the opposing surfaces being too small or thin to effectively cover the XRF detector. If
only one objective piece remained, the two best ventral surfaces were chosen on that piece and
tested. “Best” as used in this context is a measure of distance from cortex (larger distance is
optimal), cleanness, smoothness, being large enough to cover the detector, and providing as little
overlap as possible with the testing area of the other testing surface.
Sample testing was conducted using an Olympus QES 6000 series ® energy dispersive
X-ray fluorescence spectrometer (Figure 12). In an effort to preserve time, resources, and keep a
lower suite of viable variables only soils mode was used. As the number of samples were already
limited, having more elements as a result of using mining mode would have served no purpose
and would have increased the number of viable variables beyond the usable ratio of 20:1 needed
for PCA. A calibration check was run at the beginning of every testing session and at every 3
hours as required by the device. All calibration checks were passed and the instrumental results
are therefore trusted as refined quantitative results. Though other measures were available to help
standardize the results and provide even more refined quantified data such as reference samples,
the statistical technique being used is more concerned with correlational variances which as less
dependent on magnitude. From this, the calibration check ensured that the machine was not
detecting outside its intended spectra, and the small adjustments made in order to increase
accuracy would have served little to no purpose when examining the results in this way.
Three detection filters were used for the soils mode on this XRF corresponding to 3
different function cycles. Each function cycle ran for 30 seconds for a total of 90 seconds per test
surface, and 3 minutes per sample not counting time used for sample changes. Each function
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Figure 12: Picture of Olympus QES 6000 series energy dispersive X-ray fluorescence spectrometer used.

cycle tests a different suite of elements in the periodic table. As the intent of soil mode is to focus
on higher lighter elements, the three function cycles used are those that correspond to those
elements.
Once all samples had two faces successfully tested the data was exported into an Excel ®
document. From there the results of each samples two tested surfaces were averaged leaving a
single elemental result for each sample which were then subjected to the PCA.

Statistical Methods
Once mean compositions for each location had been obtained, statistical relationships
between the data points were distinguished. For this, Principal Components Analysis (PCA) was
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used. As noted earlier, PCA uses the correlation between variables (in this case amount of each
element) in order to create principal “components.” A component is essentially a best fit line
which describes an axis of variability in a multivariate data set. The first component always
describes the largest (most variable) dimension of the data and each subsequent component
describes the next largest uncharacterized variance. These components, while not actually “real,”
allow us to see trends in the data that we may be blind to otherwise. These trends are sometimes
referred to as “latent” as they are not observable phenomena but are rather data trends that may
be explained through theory.
Though there are varying perspectives on the optimal type of model rotation (oblique vs.
orthogonal), this study uses an oblique rotation. Orthogonal rotations assume that there is no
relationship between data that lay on various components. While a diminished role may be
served by different variables on various components, formational and diagenetic events are far
too complex to leave each variable with only one component (event) signature. As a result these
components very likely do overlap in their impact on the data which makes an oblique rotation
most advantageous in this situation. This choice of rotation means that the statistical software
programs used (SPSS ® and R) will create each component oblique to all of the others in order
to maximize both data explanation and statistical power. It was hypothesize that the geologic
history of the sample in question will be a roadmap of various geologic events and processes.
Due to this, samples will vary dramatically in their association with various components which
will allow for the sample to be grouped based on its component association ‘signature.’
Furthermore, the non-restriction of oblique rotations simply implies that their fit will be optimal,
if the components are truly uncorrelated (i.e. related orthogonally) in nature then and oblique
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rotation will approximate its orthogonal counterparts in its search for model fit and
approximation of simple structure (Gorsuch 1983).
The grouping of variables on components was accomplished using a cutoff value of .4
with respect to the variable component loading. Above this value a variable was interpreted as
playing an integral role in the construction of that component. This heuristic, though arbitrary,
allows us to assign association and tell which variables make up which components. This
ultimately allowed for the interpretation of which variables each component is composed of and
what that may mean in terms of elemental associations. There are many interpretations of how
high a variable’s component loading should be in order to be considered appropriate to associate
with a component. Many, such as Joseph Hair (2010), give general interpretations offering some
flexibility in interpretation. This has come in the form of reference tables whereby sample sizes
at standard intervals are assigned necessarily appropriate loadings in order to be considered
significantly high (Table 2).

Table 2: (Hair et al. 2010 p. 112) Table of Loadings for Practical Significance.

Factor Loading

Sample Size needed
for significance
350
250
200
150
120
100
85
70
60
50

.30
.35
.40
.45
.50
.55
.60
.65
.70
.75

A few researchers have suggested that the optimal cut-off value for factor analysis and
PCA is .4 regardless of sample size (Stevens 1992). Still others have stepped systems designed to
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be more theory driven offering interpretations such as .32 (poor), .45 (fair), .55 (good), .63 (very
good) or .71 (excellent) (Comrey and Lee 1992; Tabachnick and Fidell 2007). This combined
with the fact that most statistical conventions suggest using a .3 to .4 cutoff for R2 and other
proportion of variance measures (indicating a “low-medium correlation”), suggest that there is
little to no reason to deviate from the .3 to .4 statistical convention. The .4 cutoff was used
instead of the .3 in order hold the model to higher statistical precision. As geologic systems are
complex and wide ranging, lower variable-component loadings, even into the .3 range, could
potentially be an artifact of a complex formational or diagenetic history. The choice of a .4 cutoff
for loadings allows for a more discerning grouping method of an already complex system.
Samples used in the study were grouped into ‘source groups’ based on the standardized
regression coefficient value of each sample on each component. Similarly, as each variable gets a
loading that describes its association with a particular component, so too does each sample get a
value that describes its relationship to each component. These values can be obtained by
multiplying the z-standardized values matrix (X) for each sample, by the component coefficient
matrix (B) produced during the analysis. This procedure is shown in the equation below.

𝛽 = 𝑋𝐵

The multiplication of these two matrices produces a third matrix which contains the
standardized regression coefficients, or beta weights (β), for each sample on each component.
This score indicates the strength of the relationship between the sample and each component. A
cutoff of .4 was used as a benchmark for group ‘association’. This is in keeping with standard
social science literature which, as mentioned above, suggests a cutoff of .3 or .4 for regression
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and proportion of variance values. Because these regression coefficients are standardized,
meaning they have a mean of 0 and a standard deviation of 1, Above this .4 cutoff a samples
were classified as having ‘high positive association’ with that component, between -.4 and .4
samples were classified as having ‘low association’ with the component, and below -.4 samples
were classified as having ‘high negative association’ with the component. Samples that display
the same association pattern were grouped together into ‘source groups’ indicating that they
share the same associations with various elemental suites. As mentioned earlier, one of the
primary conjectures of this study is that samples with comparable elemental
enrichment/depletion will have undergone comparable formational and/or diagenetic processes
described by the components. As the relationship between the samples components are
represented by the standardized regression coefficients, and the grouping heuristic allows for a
formal association to be drawn between these two, then samples that have a similar pattern of
component associations are enriched and/or depleted in the same elemental suites.
The statistical groups identified using PCA were then used as “chemical sources” in
keeping with the theory proposed in this study. These chemical sources are therefore defined by
quantified variation in elemental presence and correlation. This is in contrast to the current
prevailing method, which uses subjective, unquantified or quazi-quantified data to define chert
sources. A pattern of association was then attributed to each source based on where a sample’s
SRC values are relative to the aforementioned .4 cutoff values for each component. Once the
chemical sources were characterized and the samples were grouped, locational information that
was obtained via GPS when the samples were harvested was used to create geo-spatial ranges for
each chemical source. This involved mapping the points in GIS software and creating a buffer
around all points that were assigned to a particular chemical source. As seen in Figure 1 found on
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page 11 in Chapter One of this thesis, this process is designed to be iterative, with additional
samples allowing for more and better defined source groups as well as more refined ranges
against which data can be compared.
Using the technique described above, it is possible to establish with which of the
predefined source groups an artifact is most associated. To do this an artifact of unknown
provenience can be tested using XRF, the pertinent variables standardized using the mean and
standard deviation of each variable in our reference sample, the standardized results multiply by
the model component coefficient matrix, the .4 cutoff heuristic run on the results to see how the
artifact’s chert material is associated with each component, and finally, based on the heuristic
results, determine the source group with which the sample is most associated. From there, the
source extent maps that have been constructed using our reference sample may be consulted in
order to determine the geospatial extent of the associated group. This procedure is shown in a
liner graphic form in Figure 13 on the next page.
These chemical sources, since they were created using quantified data, will allow a
researcher to apply a quantifiable degree of certainty to artifact association. Because of this we
are able to not only assign the artifact to a group, but perhaps eventually even be able to express
the likelihood that the artifact belongs to that group. This will allow researchers to better
characterize the movement of these materials prehistorically and allow for a standardized and
statistically defensible means of interpreting trade and interaction.
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Figure 13: Flow chart of steps to assign source group association to a new artifact.

Collect Artifacts Made of Chert

Test Elemental Composition Using XRF

Extract Variables used in Current PCA Reference Model

Standardize Sample Scores Using Reference Sample Descriptive
Statistics

Multiply Standardized Scores by Current Model Component
Coefficient Matrix to get Standardized Regression Coefficients

Apply Component Association Heuristic & Use Pattern to
Determine Source Group Association

Use Source Group to Determine Geographic Source Extent
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Chapter Four: Results
GIS Results
The sampling method used for identifying properties resulted in 76 potential survey
points (Figure 14). Ten of these were a result of the RML file results, 26 were a result of manual
creation based on Cantin’s 2008 work, and 50 were a were a result of the random imputation on
the high probability polygons. Per the results of online Platt resources (39 Degrees North LLC ;
WTH GIS ; The Schneider Corporation) all landowners were sent a letter requesting permission
for a survey of their property, as well as an information sheet about the project, a permission
form, and return envelope (Appendix A). Of the 76 letters sent, 18 landowners returned
permission forms agreeing to surveys of their properties. Of the 18 properties available 13 were
surveyed for this project. Properties for which permission was granted but weren’t surveyed were
a result of inability to contact the landowner by phone, inability to set up a proper time, or
inability to survey the property effectively. The latter reason refers to two particularly
challenging properties that had overly large ranges, and impassable vegetation and terrain.
Attempts were made to survey these properties but in the interest of time and consistency they
were abandoned. Approximately 2 to 5 properties were surveyed per day over 7 survey days.
The GIS clipping technique that was used to limit the searchable field to areas of higher
chert bearing potential was very successful. This limited field technique yielded chert in 10 out
of 13 properties surveyed (77 percent). Also of note is that even though chert wasn’t explicitly
recovered from the remaining three properties, the conditions conducive to chert exposure were
found such as the open exposure of limestone bedrock shown in Figure 15. Also interesting was
the consistency found between the areas of the property indicating high probability and where
sources were actually found. No samples were found outside of the areas of high probability.
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Figure 14: Final potential search area points based on three sources.
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Figure 15: Limestone Bedrock Exposure- No Chert was recovered from this Exposure.

XRF Results
The results of the XRF examination resulted in the testing of 298 ventral surfaces of 149
samples. As was originally intended the results of these tests were averaged per sample. Results
of the XRF reported elements that were not detected in the test as “ND.” Though this doesn’t
mean that those elements are necessarily not present, it does indicate that they were at least in
sufficiently low enough quantities so as not to be detected given the device and, more
importantly, test mode being used. As a result, values of 0 were added to replace the “ND”
values which allows for a greater number of sample to be used and is more in keeping with the
reliably detected results of the XRF (i.e. lighter elements).
Descriptive statistics of the variables used in the analysis including min, max, mean, and
SD can be found in Table 3. Further results such as the complete readout of tested samples and
the histograms of utilized variables can be found in Appendix B. Some variables used in the
analysis were initially found to be skewed and kurtotic as compared to a normal distribution (Ca,
V, Fe, Zr, Mn, and Zn) while others were slightly less so (Sr, Ti, and Cr). The inclusion of a ‘0’
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value in place of ND increased skewness and kurtosis in all variables consistent with Poisson
distributions. However, as the statistical technique used in this study (PCA) does not assume any
distribution approximations including normality therefore this is not a functional concern.
Moreover, because complete absence (i.e. a “0” value) is an active probability, which in a
normally distributed variable with a hard lower bound of zero (can’t detect negative amounts)
will often cause dramatic positive skew, asymmetrical data approximating a Poisson distribution
is to be expected. Finally, since non-detection is tantamount to a “0” value in a technique used
for quantified detection of an item, these results, however skewed, most closely approximate the
actual elemental distributions within the samples. Due to these factors no action was taken to
correct the distributive properties of the variables in this study.
The utilized variables were selected from the larger 31 variable assemblage using three
main criteria described graphically in Figure 16. The first of these, the easiest, was complete or
nearly complete absences of elements from all available samples. Most of these variables were
heavier transitional metals and inner transitional metals. This overabundance of non-detection
could have been cause by true absence, the limitations of the machine, or more likely, the
limitations of the detection mode (soil mode) that was used. Regardless of the reason though,
variables for PCA need to vary in their content in order to detect correlations. Since these
variables displayed far too many “not detected” values for the PCA to interpret their variation
they were eliminated. These variables include Co, Ni, Cu, As, Se, Y, Mo, Ag, Cd, Sn, Sb, W,
Hg, Pb, Bi, Th, and U.
The second major factor in variable elimination was instrumental limitation. This is a
result of the decreased accuracy associated with use of XRF for detection of lighter elements
(Oxford Labs Inc. 2009; Rousseau 2001). The attempted detection of these elements produces
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Table 3: Descriptive Statistics of the Nine Variables (Elements) Used.
Descriptive Statistics
Mean

Std. Deviation

Analysis N

Calcium (Ca)

9422.21

74190.61

149

Titanium (Ti)

73.83

69.99

149

Vanadium (V)

4.26

5.66

149

Chromium (Cr)

11.09

5.81

149

Strontium (Sr)

23.12

19.43

149

Iron (Fe)

1415.63

1540.75

149

Zirconium (Zr)

4.04

4.22

149

Manganese (Mn)

98.41

276.63

149

Zinc (Zn)

13.99

22.06

149

wildly inaccurate results with this technique and as such should be avoided. The variables in this
study that were eliminated for this reason include P, S, and Cl.
The final factor in variable elimination was variables that displayed inconsistent or erratic
patterns of abundance even within a samples. This erratic behavior may indicate a number of
things, the most likely of which is that the process which leads to abundance or depletion of
these particular elements in chert is an inconsistent process which leads to a haphazard and
undefinable enrichment throughout the samples. Elements displaying these inconsistent
enrichment results can be easily identified through large and frequent disparities between ventral
surfaces of the same sample such as one face testing “0” and the other testing into the 1000’s of
parts per million. A larger sample will determine if the variables eliminated for this reason (K
and Rb) will ever begin to express a pattern or if the processes of enrichment and depletion are
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Figure 16: Methods by which utilized variables were selected.
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too unpredictable to be used for a study of this kind. Regardless of the reason, their inconsistency
made them unusable for this study and may be an indication of variables to avoid, or at least pay
attention to, in future studies.
The remaining variables coincided nicely with the optimal variable to sample ratio of
20:1 with nine potential variables to the 149 available samples. Once variables were eliminated
due to the aforementioned constraining heuristics, the variables used in the secondary grouping
analysis were chosen by including variables that the pilot studies had shown to be effective
indicator variables (Sr, Fe, and Zr) as well as variables that made important conceptual sense
such as Ca (the primary detectable constituent of limestone [calcite-CaCO3]), and Ti, V, Cr
(common crustal and substituent elements within the most effectively detected range of the
XRF). This left 9 potential variables (elements) for the full analysis and 7 variables for the
grouping analysis which will be explained in the next section.

PCA Results
As mentioned above two different PCA solutions were produced using the XRF results of
the reference sample. The two solutions included a model that used nine variables and extracted
three components which was used for component interpretation, and a model that included seven
variables and extracted two components used for creating the source groups. Both models found
that the oblique “Promax” rotation was optimal for maximizing component loadings and
minimizing the occurrence of cross loading. The results of these two PCA models, in the form
of component loading matrices, can be found in Table 6 and Table 8.
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Validation of the number of components for these two models were determined using a
series of statistical techniques along with theoretical interpretation. The ten statistical techniques
used for component determination were, Total Variance Explained, Scree Plot interpretation,
Parallel Analysis (PA), Optimal Coordinates (OC), Acceleration Factor (AF), Kaisers little jiffy
(the eigenvalue greater than 1 rule), Reproduced correlations, Minimum Average Partial
Correlation (MAP), Very Simple Structure (VSS), and chi square using Principal Axis Factoring.
The summarized results of these tests can be found in Table 4, full results of each of these tests
are listed in Appendix C.

Table 4: Results of Tests Conducted to Establish Proper Number of Components per Number of Variables.

Component Number Determination Method
Total Variance Explained
Scree Plot interpretation
Parallel Analysis (PA)
Optimal Coordinates (OC)
Acceleration Factor (AF)
Kaisers little jiffy (the eigenvalue greater than 1 rule)
Reproduced correlations
Minimum Average Partial Correlation (MAP)
Very Simple Structure (VSS)
MLE Chi square using Principal Axis Factoring.

7 variables
2
2
3
3
2
2
3
1
2
5

9 variables
2
2
3
3
2
3
3
1
3 or 5
5

The results of the statistical component number determinations indicated that for the
seven variable model, a two component solution is optimal as five out of the 10 tests suggested a
two component solution. In the nine variable model a three component solution was found to be
optimal as five out of 10 of the tests suggested that a three component solution would be best. As
the number of variables increase, a greater amount of variance may be characterized and as such
will often reveal trends in the data not otherwise detectable using fewer variables. For this reason
it is not surprising that a model using an increased number of variables produced statistical
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results that indicate a need for more components to describe the data. The theoretical
interpretation of these results produced models that were supported and interpretable by
themselves and in concert as will be explained in the rest of this section.

Nine Variable Three Component Model
The nine variable three component solution (Table 6) used all nine viable variables and
identified three distinct component associations. Though with a sample to variable ratio of 16:1
the nine variable solution slightly exceeds the commonly used ratio of 20:1, the strong variable
loadings compensate for the loss of ratio integrity (Osborne and Costello 2009). The sample
adequacy is further substantiated by the KMO Measure of Sampling Adequacy and Bartlett’s
Test of Sphericity available in Table 5. The significant result of Bartlett’s Test (p<.000) indicates
that the data are adequately correlated to produce components and the moderate to high result of
the KMO index (.568) indicates that there is a sufficient sample for the proposed number of
components.

Table 5: KMO and Bartlett's Test for Nine Variable Three Component Model.
KMO and Bartlett's Test
Kaiser-Meyer-Olkin Measure of Sampling Adequacy.
Bartlett's Test of Sphericity

Approx. Chi-Square
df

.568
435.462
36

Sig.

.000

The nine variable three component solution is optimal for the interpretation of the
associations between observed variables and components. Due to the greater number of
variables, this model characterizes a greater proportion of the variance between samples which,
in turn, offers greater insight into how the samples vary and correlate elementally. This means
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that this model is ideal for interpreting relationships between variables and the components that
describe them. It is also the model that will be used for determining whether or not the original
conjecture of comparable elemental behavior dictating elemental correlation and ultimately
variable-component associations, was correct. If this conjecture is shown to be true then this
model helps demonstrate that formational and diagenetic events may play a dominant role in the
secondary and trace elemental composition of various forms of chert.

Table 6: Structure Matrix- PCA Results of the Nine Variable Three Component Model.

Structure Matrix Nine Variable Three Component Model
Component
1
2
3
Calcium (Ca)
-.075
.140
.920
Titanium (Ti)
.608
.525
.034
Vanadium (V)
.908
.164
-.086
Strontium (Sr)
-.002
.229
.909
Iron (Fe)
.307
.867
.088
Zirconium (Zr)
.343
.520
.076
Chromium (Cr)
.769
.398
-.241
Zinc (Zn)
.054
.776
.244
Manganese (Mn)
.669
.159
.08
Principal Component Analysis.
Promax with Kaiser Normalization.

The structure matrix for the nine variable three component model is shown in Table 6 and
displays overall strong associations between variables and components with only one minor
instance of cross loading. The first component of this model is described by an association
(loadings greater than .4) with Titanium, Vanadium, Chromium, and Manganese. All of which
are light transitional metals and all of which have relatively strong component loadings of
between .608 and .908. The second component is comprised of Titanium, Iron, Zirconium, and
Zinc. With the exception of Titanium these are all slightly heavier transitional metals, on the
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upper end of the detectable spectrum of the PXRFs ‘soils mode.’ Iron and Zinc display strong
component loadings of .867 and .776 respectively; whereas Titanium and Zirconium are at
moderate levels coming in at .525 and .520 respectively. The results of component two, along
with those of component one, show the only occurrence of cross loading in the data. Titanium
displays loadings above .4 on both component one and component two. Component three is
comprised of Calcium and Strontium, both of which are alkali earth metals and display
exceptionally high loadings of .920 and .909 respectively on this component. Even for elemental
data those are extremely high loadings and indicate a strong relationship between those two
elements to each other and to component 3. Groupings of these variables are shown graphically
in Figure 17 which demonstrates the approximation of model fit. The cross loading of titanium
can be seen in the overlapping of the circles defining components 1 and 2.
Figure 18 on page 68 is a graphic representation of the relationships between the
components (latent variables) and the elements (observed variables), as well as the relationship
between the components themselves. The relationships between the components and variables,
also described above in Table 6, show the strength and directionality of each observed variable
as it relates to an underlying latent construct (e.g. alkali earth metals described by component 3).
This figure also shows the relationship between components which demonstrates the relatedness
of the constructs we are describing. We can see from the figure that inner transitional metals
(component 1) and heavy transitional metals (component 2) are weakly to moderately correlated
with a value of .327 indicating that as one goes up there is a slight propensity for the other to also
increase. This stands in stark contrast to both of their relationships with alkali earth metals
(component 3) which stand at -.094 and .152 respectively. This indicates that the presence of
alkali earth metals is not influenced by the presence of transitional metals. This likely means that
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Figure 17: Plot of observed variables on each component in rotated space for the nine variable three component model.

Component 1 elements
Component 2 elements
Component 3 elements

the processes that lead to enrichment or depletion in transitional metals in these samples are not
conditions that will an effect on alkali earth metals such as acidic formational or diagenetic
processes.
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Figure 18: Latent structure of the nine variable three component model.

Seven Variable Two Component Model
The second model that was created was a seven variable two component solution which
was used for the classification of the samples into source groups. This simpler model was used
for grouping due to the fact that the heuristic that was developed for grouping samples always
results in 3k possible groups. This means that if the three component model were used there
would have been 33 or 27 possible source groups. Using the two component solution reduced the
possible number of groups to 32 or nine, an order of three less than the nine variable three
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component model. This was an advantageous solution as the limited number of samples meant
that classification using the three component model solution would have left a poor sample (n) to
group (k) ratio (149:27) which would have caused some groups to only be represented by one or
a few samples. The lower ratio offered by the seven variable two component solution (149:9)
means that there will be more samples per source group, this is important as more samples per
group will increase the resolution of map that is created for each group. For example, a group of
only one sample will produce a map of only one point and the low sample size of the group will
make any further analytics such as range statistics difficult if not impossible. It is important to
note however, that this solution is only used for classification and upon the collection of more
samples the greater number of source groups afforded by the three component solution will not
only be possible to use, but also necessary, as the greater variation will need to be characterized.
The smaller number of variables in this model meant that the sample adequacy as
measured by the KMO increased slightly to .585 which is still considered moderate to high and
indicates a sufficient sample is being used (Table 7). The Bartlett’s Test of Sphericity remained
significant (p<.000) indicating that like the previous model the data in this 7 variable 2
component model are adequately correlated to produce components.
The structure matrix for this model is shown in Table 8 and displays excellent component
loadings with no cross loaded variables. The first component of this model is described by an
association (loadings greater than .4) with Titanium, Vanadium, Iron, Zirconium, and
Chromium. All of which are transitional metals which display moderate to strong component
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Table 7: KMO and Bartlett's Test for the Seven Variable Two Component Model.
KMO and Bartlett's Test
Kaiser-Meyer-Olkin Measure of Sampling Adequacy.
Bartlett's Test of Sphericity

Approx. Chi-Square

.585
312.731

Df

21

Sig.

.000

loadings of between .533 and .804. The second component, like component three in the first
model, is comprised of Calcium and Strontium. Also like component three of the first model,
both of these alkali earth metals display exceptionally high loadings of .906 and .877
respectively on this component.

Table 8: Structure matrix- PCA Results of the Seven Variable Two Component Model.

Structure Matrix Seven Variable Two Component Model
Component
1
2
Calcium (Ca)
-.022
.906
Titanium (Ti)
.747
.103
Vanadium (V)
.751
-.198
Strontium (Sr)
.057
.877
Iron (Fe)
.591
.232
Zirconium (Zr)
.533
.207
Chromium (Cr)
.804
-.267
Extraction Method: Principal Component Analysis.
Promax with Kaiser Normalization.

Groupings of these variables are shown graphically in Figure 19 which demonstrates the
approximation of model fit. However, though this model fits well, you can begin to see the
separation of the two groups that are characterized in the three component model emerging on
either side of component 2.
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Figure 19: Plot of observed variables on each component in rotated space for the seven variable two component model.

Component 1 elements
Component 2 elements

The latent structure of the two component model can be seen in Figure 20. The
relationships between components and variable are also described above in Table 8. We can see
from the figure that the transitional metals (component 1) and alkali earth metals (component 2)
are not related with a correlation value of -.022. This adds to the conclusion drawn by the three
component solution that the presence of alkali earth metals is not influenced by the presence of
transitional metals.
As can be seen in Table 6 and Table 8, as well as the descriptions above, these two
models, though different in their number of variables and components tell essentially the same
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Figure 20: Latent structure of the seven variable two component model.

story. The nine variable three component solution delivered what is essentially a breakdown of
light transitional metals (component 1), heavier transitional metals (component 2), and alkali
earth metals (component 3). An almost identical pattern can be seen emerging in the seven
variable two component model as component one describes transitional metals as a single group
and component two still had alkali earth metals separate with exceptionally high loadings. This
comparability in results was the underlying factor in why the author used the second model for
sample grouping. If the tests had yielded dramatically different results then the precedent for
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model to model association would not have been there and the three component model would
have been used for grouping. However, since the models were essentially telling the same story,
with the two component model simply expressing less variation in the data (i.e. fewer
characterized variables and fewer components), it is reasonable to use the simpler model in order
keep the potential group size down and thereby increase the magnitude of each group. It is
important to remember when examining these models that models are approximations intended
to describe variation in observed data. More complex models typically better approximate data as
a greater proportion of the data’s complexity can be characterized, however, as models are also
meant to simplify what is being seen in data, sometimes, subject to the intended result, simpler
models are optimal.
The results of the PCA models also produce a piece of information that is critical to the
ultimate intent of this study and that is the component coefficient matrix. This matrix is the tool
that will ultimately be used in order to produce the necessary component regression coefficients
from the results of the raw scores of the artifact in question. In order to accomplish this the
component coefficient matrix shown on the next page in Table 9 will have to be multiplied by
the standardized scores of the appropriate variables for the sample in question.
The component score coefficient matrix, identified by the letter B in most equations is
essential to the creation of the standardized regression coefficients by which each sample is
grouped. In order to do this the raw values of a sample for each of the seven elements must be
taken and then converted to z-scores (standardized). To convert to a z-score, the raw scores of
each variable are taken, the mean value for that variable (element) is then subtracted and the
result is then divided by the standard deviation of the variable.
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Table 9: Component Score Coefficient Matrix.
Component
1

2

Calcium (Ca)

-.018

.501

Titanium (Ti)

.309

.052

Vanadium (V)

.314

-.115

Chromium (Cr)

.337

-.153

Strontium (Sr)

.015

.484

Iron (Fe)

.243

.124

Zirconium (Zr)

.219

.111

Extraction Method: Principal Component
Analysis.
Rotation Method: Promax with Kaiser
Normalization.

The mean and standard deviations in this instance are those established by the reference
sample and are available in Table 3. Once the scores for each of the seven pertinent elements
within the sample are standardized the results must be multiplied by the component score
coefficient matrix using the simple equation of ‘XB’. In this equation ‘X’ is the matrix of
standardized scores for the sample(s) of interest and B is the component score coefficients
matrix. The results of this multiplication are the standardized regression coefficients that each
sample has for each component. While these scores are calculated automatically in SPSS ® for
the reference sample, this process is essential to the project as this is the method by which new
samples (i.e. artifacts) can be compared to the existing model. So in order to group an artifact,
one need only to test the seven pertinent elements, standardize the scores using the mean and SD
of the reference sample, and multiply those scores by the table above in order to produce
standardized regression coefficients for that artifact on each component. From there the artifact
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may be grouped into one of the known source groups using the .4 cutoff heuristic. It is important
to note that while the comparison of artifacts and external items is static, (i.e. the mean, standard
deviation, and component score coefficient matrix will remain the same) the inclusion of new
reference sample materials will be iterative and carry with them a change to the mean, standard
deviation, and component score coefficient matrix.

Source Group Results
Once the component model used for grouping (the two component model) had been
constructed, each sample was given a value representing its relation to each component. These
values come in the form of standardized regression coefficients and, like the variable-component
loadings described above, a cutoff of .4 was used to determine group association. Samplecomponent relationships were classified on a high positive association (>.4), low association (.4
to -.4), and high negative association (<-.4) scale. Samples were then grouped by the pattern of
their component associations. In order to illustrate this point an example of this might be, a
sample that had a component association value (standardized regression coefficient) of .451 on
component 1 and -.024 on component 2. The sample in this example would be said to have ‘high
positive association’ with component 1 (>.4) and ‘low association’ (-.4<>.4) with component
two. Other samples that tested similarly (i.e. ‘high’ on component 1 and ‘no’ on component 2)
would be grouped with that sample into a “source group.” Results of this grouping may be found
in
Table 10 and Figure 21.
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The largest groups based on the analysis were source groups 2, 5, 8, and 9 (Figure 21).
Source group 2 had 22 samples (14.8 percent) and represents enriched amounts of transitional
metals and represents an average amount of transitional metals and an average amount of

Table 10: Analysis of Source Groups by Pattern and Number of Samples.

Source Group
1
2
3
4
5
6
7
8
9

Association Pattern
(Pos, Pos)
(Pos, Low)
(Pos, Neg)
(Low, Pos)
(Low, Low)
(Low, Neg)
(Neg, Pos)
(Neg, Low)
(Neg, Neg)

# of Samples
8
22
7
13
24
8
4
33
30

alkaline earth metals. It is not surprising that this group would be among the largest as it
represents average amounts of these elements and as a result is more likely to be better
differentiated by other, as of yet undetected, elemental suites. Source group 8 was the largest
group with 33 samples (22.2 percent) and represents depleted amounts of transitional metals and
an average amount of alkaline earth metals. Finally, source group 9 had 30 samples (20.1
percent) and represents depleted amounts of transitional metals and depleted amounts of alkaline
earth metals. The results of source group 9 are also unsurprising as depletion in both elemental
suites is a probable result given all other elemental possibilities. Group 9 may also represent
samples that offer a depleted amount of impurities which corresponds to a more pure form of
silica. One common theme in the source groupings is that 3 out of the 4 largest source groups
have average amount of alkaline earth metals indicating that enrichment or depletion of this
particular elemental suite could be a rather unique qualifier for a sample and may be a result of a
unique geologic influence. This is further demonstrated by the fact that groups with enriched
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levels of alkaline earth metals were among the smallest in the study meaning that it was an
uncommon association.

Figure 21: Source group assignment as percentage of total samples.

Source Group Associations
1 (Pos, Pos)

5.4%

2 (Pos, Low)

20.1%
14.8%

3 (Pos, Neg)
4.7%

4 (Low, Pos)
5 (Low, Low)

8.7%
22.2%

6 (Low, Neg)
7 (Neg, Pos)

16.1%

8 (Neg, Low)

5.4%
2.7%

9 (Neg, Neg)

The results above indicated that a majority of samples had average amounts of alkali
earth metals. This is confirmed by examining the percentage of sample associations along each
component (Figure 22). Component 2, which represents association with alkaline earth metals
shows that 53.0 percent of samples displayed an average amount of these constituents indicating
that enrichment or depletion in these elemental suites is less likely as compared to component 1.
This breakdown also indicates that samples are nearly twice as likely to be depleted in alkali
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earth metals (30.2 percent) than enriched in them (16.8 percent) which could show the
importance of examining enrichment in this suite when considering potential influencing
geologic phenomena. Component 1, which represents association with transitional metals, shows
considerably fewer samples with an average amounts of these elements (30.2 percent) as
compared to component 2, as well as a notable increase in the number of samples showing
depleted amounts of transitional metals (45.0 percent). As with alkali earth metals the number of
samples showing depleted levels of these elements is nearly twice the amount of those showing
enriched levels (24.8 percent).

Figure 22: Component association as shown by percentage of associated samples for the seven variable two component model.

Though not used analytically in this study, the sample to component associations of the
nine variable three component model may be found in Figure 23. The results of this closely
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approximate the results of the seven variable two component model indicating that further
classification or organization maintains or even amplifies these findings.

Figure 23: Component association as shown by percentage of associated samples for the nine variable three component model.

Source Area Results
Based on the results of the source grouping each sample was then uploaded into a new
ArcGIS point file with its corresponding locational information and source group information.
From there a 10 mile buffer was created and merged around each point that fell within each
source group in order to create “source areas.” These areas correspond to the extent of the
various source groups meaning that the enrichment and/or depletion of the various elemental
suites may be found by examining the extent of the various source groups. The source areas
created may be seen in course examination in Figure 24 and in more detail in Appendix E.
79

Figure 24: Geospatial source areas within the AOI.

Very little patterning was directly discernable from the results of the source area creation.
Source areas 1, 2, and 3 which corresponded to a high amount of transitional elements appeared
to be possibly trending to more central and North Western areas of the map than most other
source areas indicating a possibly stronger presence of transitional metals in the North West.
Source Areas 4, 5, and 6 which represented average amounts of transitional metals appear to
possibly fall more centrally within the AOI which, if true, would make sense if there are
polarized geographic areas of enrichment. Source areas 7, and 8 which represent a depletion of
transitional metals appear to possibly be concentrating in the South East of the AOI whereas
source area 9 which represents a depletion in all utilized elements has equal representation across
the AOI. This is not altogether unsurprising as the analysis only accounted for 7 variables so a
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severe depletion or absence of all of them when considering all other potential constituents
seems reasonable.
The source area results show a little more patterning when examined through the lens of
component 2 the alkali earth metals. Source groups 1, 2, 4, 5, 7, and 8, which represent enriched
and average values of alkali earth metals, show a slight propensity for the central and South East
portions of the AOI. Source groups 3, 6, and 9 which all represent depleted amounts of alkali
earth metals can be found occupying slightly more North and Western areas within the AOI. This
indicates that there is a possible geographic influence over the distribution of alkali earth metals
with depletion occurring the farther North and west one moves within the AOI.
For the sake of pragmatism it is important to note however the limitations of the results
presented above on two fronts. First, it is possible that the limited number of samples in the study
may be giving undue weight to individual or small numbers of samples which could skew the
source area distributions. Though any weight or skew is hopefully addressed adequately by
multiple source groups expressing the same component association with comparable results. As
multiple source groups will exhibit the same enrichment or deletion across a single component
(e.g. source groups 1, 2, and 3 all exhibit enrichment on component 1) the combination of those
groups will boost the sample size for that component when examining the maps in conjunction.
The combination of these should lend credence to interpretations of elemental enrichment in a
spatial sense. Though there are ways to help mitigate these effects, as just mentioned, it is
conceded that low sample size could be an influencing factor and should be something that is
examined closely whenever this method is applied.
The second potential limitation to note is that the samples were collected along a North
West-South East trending axis. This collection trend, as mentioned earlier in the study, was an
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artifact of the level of exposure as well as the type of bedrock within the AOI causing the
imputed points to fall along this trend. The trend exhibited here is also shown in Mark Cantin’s
2008 work and the points from the Indiana University RML file indicating that the trend is likely
natural. As a result, any disparity in distribution will likely reflect this trajectory. Because of this
trend it is important to note that any assertion made regarding elemental distributions in
enrichment or depletion will likely be directionally influenced by this axis. Moreover, the actual
distributions, if they exist, could possibly be more akin to a slightly (though not dramatically)
different axis direction such as on that is North-South axis or East-West trending. However, as
this distribution and sampling trend is also supported in its potential empirical existence in the
map provided by Cantin 2008, as well as the geologic bedrock lithology maps provided by IU
Bloomington, the trend and results identified in this study are still in keeping with existing work
within the AOI. As with the first potential limitation it is important to examine sampling trends
critically with every further expansion of the AOI.

Kriging Results
Due to the indication that the elemental suites identified may have differing spatial
distributions, an attempt was made to use a geospatial interpolation technique known as
“Kriging” in order to produce an interpretive map of potential component distributions (Krige
1951; Oliver and Webster 1990). The Kriging results were produced using only the standardized
regression coefficients for each sample on each component and the locational information for the
sample. Because Kriging usually requires a single point representing a single value the computer
was unable to produce a smooth map using this technique. Kriging works by using one of a few
interpretive statistical methods which are based around the idea that values for geographic points

82

located near one another will be more similar than different. As you move away from a point
with known values the values are subject to greater amounts of change. How much they change
depends on the value and location of other known points. As mentioned above, in most models
that use Kriging there is a single point and a single value which are interpreted to produce a heat
map of potential interstitial values. In this analysis one point represents several samples meaning
that the Kriging model had to reconcile overlapping values which resulted in an unsmooth heat
map. These results were produced using ArcMap 10.3 by using the geostatistical wizard. The
“ordinary” Kriging technique was used and “include all” was selected for multiple value
reconciliation. No transformation was used on the data, and the data semivariogram was the
variable used to produce the results. However, as the results were interesting and provide further
indication that the distributions of elemental suites outlined above may be correct, these models
were included.
Two Kriging models ultimately were constructed, one for transitional metals and one for
alkali earth metals, the results of these two models may be seen in Figure 25 and Figure 26, as
well as in detail in Appendix F. These figures, though not smooth heat maps, indicate that
transitional metals (component 1) appear to have a very strong spatial distribution showing high
representation in the Northwest and considerably less as you trend toward the Southeast. This
contrasts heavily with the alkali earth metals (component 2) which shows a reasonably equal
distribution throughout the AOI with a slightly higher propensity in the Central and South East
extents. As with the group associations and component associations the results of Kriging on the
nine variable three component model as available in Figure 25 as well as Appendix F. Also, as
with those other results, they confirm, if not amplify the results found in the seven variable two
component model.
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Figure 25: Results of Kriging by component associations for the seven variable two component model.

The three component results found in Figure 26 indicate that the propensity for high
values for transitional metals in the Northwest may be more strongly influenced by the lighter
transitional metals such as Cr, V, Mn, and Ti as opposed to the heavier transitional metals such
as Fe, Zr, and Zn. While the heavier transitional metals do show a comparable distribution they
do not however display the same degree of geographic disparity. It should be noted when
interpreting that Kriging models typically use single ‘z dimension’ values when producing a heat
map. The z values for these Kriging models were the standardized regression coefficients for
each sample. As multiple samples were retrieved from single GPS points the model was forced
to reconcile all of these values which is what ultimately led to a geometrically complicated map.
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However, though there were difficulties in reconciling these models they may still act as a guide
for potential elemental enrichment distributions within chert throughout the AOI.

Figure 26: Results of Kriging by component associations for the nine variable three component model.

85

Chapter Five: Discussion
The primary intent of this study was to demonstrate that it is possible to make inferences
about the source location of an artifact that is made from chert by using previously collected
chert from various locations; and by means of XRF, Principal Components Analysis and a
developed heuristic, use the elemental compositions of the reference chert to group the samples
into source areas that have known geospatial distributions to which the artifact’s material may be
compared. This has been a successful study in that it has informed and revealed some of the most
effective processes for geochemically sourcing chert. The possibility of geochemically sourcing
chert is one that has been a difficult item to pin down. Many people have tried various methods
for geochemically sourcing other materials (Boulanger et al. 2005; Evans et al. 2010; Frahm
2014; Frumkin et al. 2014; Hughes 2009; Jinlong et al. 2011; Mauk and Hancock 1998;
Millhauser et al. 2011; Phillips and Speakman 2009; Seccaroni et al. 2008; Sheppard et al. 2010;
Speakman et al. 2011; Wilson et al. 2006), however the complexity of chert distributions,
movement, and internal variability have posed so many challenges that though there have been
some attempts with varied strategies, limited progress has been made to formalize chert sourcing
in either chemical sourcing (e.g. Murphy and Morton 2010; also see Ellery and Doonan 2012 for
a list of studies involving XRF and sourcing) or geospatial sourcing (Cantin 2008; Crandell
2005). Some authors such as Deregnacourt and Geogiady (1998) and Cantin (2008) have
attempted to collate the various methods and have compiled large numbers of studies using the
various qualitative properties of chert. Though their efforts are commendable, the overreliance
on subjective criteria open their processes to wildly inconsistent results. While the use of PXRF
has grown in utility in recent years, it is largely still being used to compare the magnitude of
elemental composition and is not often used to examine the relative frequencies afforded through
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the application of latent variable models. It is the opinion of the author that the method outlined
in this study not only provides a valid geochemical means of sourcing chert, but also a method
that can grow, adapt, and increase precision as new source samples are incorporated. In short,
this study provides a formal and reproducible method for sourcing chert that will increase in
precision and reliability the more it is utilized.
The results described above show that the predictive model created using the GIS method
established was very effective. As such it is the intent of the author to develop a website or
reference log whereby individuals in the archaeological or geological sciences may assess the
probability of encountering chert materials. This could also be aligned with a geospatial
Bayesian probability map which identifies high probability areas and is updated as a result of a
successful encounter with source chert or nonencounter. An effective method such as this for
identifying high probability areas is one that is not currently in wide use or possibly even in
existence. The pervasive use of an online resource or index such as this will hopefully spur an
influx of source samples as well as promote a better understanding of chert distributions and use.
The results of the XRF were promising and as the study matter progresses it is the intent
of the author to not only collect more samples within the area of interest but to expand the area
of interest which will increase utility greatly. It is likely that maximum utility will be realized
when the area of interest becomes large enough to encompass all or most of the chert
encountered in a given regional range. An example of this may be the state of Indiana which will
likely see most of its chert coming from within the state with large quantities also coming from
Ohio, Kentucky, Illinois, and Michigan, and decreasing amounts as you trace farther away from
state borders. The larger the area of interest becomes, the more adept this method will be at
assessing the probable source of an artifacts made of chert. Moreover, the more samples that are
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included as the study progresses the more chert differentiation will be possible. This will come as
an increase in the proportion of complexity characterized by the model, and a decrease in the
radius used for creating buffers and merging source area polygons. This decrease in radius will
lead to an increase in resolution and will solve one of the current limitations of the study which is
the large amount of overlap in source area distributions. It should be mentioned however that
some, often much, overlap is expected and welcomed as chert of different elemental
concentrations can and often do a) occupy the same horizontal geospatial range, and b) occupy
the same vertical displacement. The second of these is as of yet unaccounted for in this method,
however it will be a factor examined in detail in later iterations of this work.
For the work in this study to expand, the same method will have to be employed each
time using the same or iteratively adjusted parameters in order to preserve the current work’s
validity and promote effective model fit. In order to accommodate greater complexity in the
reference sample two methods may be applied. The first is to use a wider range of elements in
the original PCA model. This method will need to be coupled with both an increase in sample
size in order to preserve an effective sample to component ratio as well as an additional x-ray
beam per sampled surface. This additional beam will be accommodated using mining mode if the
same XRF detector is used, ultimately producing four tests per samples that will be averaged to
form a single elemental profile per sample. The second way to accommodate increasing
complexity is to use either more components in the model, which will likely come as a result of
an increase in testable elements, or to develop more bins within the grouping heuristic. As
described earlier, this method produces ik groups meaning that a change in either the number of
bins (k) or the number of components (i) will produce exponentially more possible source
groups. However, this is a sensitive procedure and should be informed comprehensively by the
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reference sample being described. The most important aspects to consider when making these
decisions should be items such as sample n as well as its possible effect on total group size.
The results of the nine variable three component model were very promising showing
that three components were optimal for the model and were well identified with only one
instance of cross loading (Ti) which was interpretable. This model was exceptionally effective
for showing the breadth of interpretability that the method developed for this study offers
concerning how the observed variables (elements) group and how they may continue to
differentiate with more variables and samples. The anticipated elemental groups (components)
were found to be in keeping with initial suspicions. The grouping of elements within the study
were suspected to group along elements with comparable behavior as it relates to items like
atomic size, weight, and common ionic charges. This was suspected as various formational and
diagenetic processes would have had similar effects on elements that behaved similarly due to
comparable atomic properties. All three groups exhibited this however the strongest example
was the association between Strontium and Calcium. These two elements have similar atomic
weight and radii, as well as identical ionic charges, which makes them common substitutes for
one another as well as susceptible to dissolution in comparable conditions, in this case acidic.
The nine variable model also showed that while light transitional metals and heavier transitional
metals are distinctly identifiable components of the source sample’s elemental distribution they
are related in their presence. However, this relation only manifests in a weak to weakly moderate
capacity. It also indicated that no transitional metals, heavy or light, were related to or affected
by the presence of alkali earth metals. This likely indicates that the processes for enrichment or
depletion of light and heavier transitional metals may be related in some capacity whereas the
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process for enrichment or depletion of alkali earth metals is notably different and provides no
effect on transitional element presence.
The seven variable two component model succeeded well in its effort to capture a
comparable series of information whilst maintaining a manageable number of potential source
groups. The nine source groups used effectively captured the distribution of elemental
enrichment within the sample universe. As previously mentioned a limitation of the current
source groups is the large amount of overlap seen which will be mitigated in future
investigations through increased sample size and correspondingly reduced buffer radius.
The source groups created by using the seven variable two component model showed a
considerably diminished quantity of samples falling into source groups with enriched or depleted
amounts of alkali earth metals. This indicates that this elemental suite is likely one that is
particularly susceptible to factors related to enrichment and depletion. This susceptibility makes
it an effective candidate for chert differentiation and will undoubtedly be an item of further
interest in later studies. Transitional metals, though more diffuse in terms of distribution within
source groups showed an abundance of samples that were depleted in this particular elemental
suite. This, like the alkali earth metals, likely shows that transitional metals are similarly
susceptible to depletion factors and therefore also make appropriate candidates for sample
distinction.
Source pattern association was of particular interest in this study. The high propensity for
samples to be not, or less, associated with the components is understandable as “non association”
describes those samples with unexceptional scores on a component. Also of note was the result
that samples were almost twice as likely to be depleted in the elements that form the components
as enriched, and groups 8 (High-Negative, Low) and 9 (High-Negative, High-Negative) were the

90

largest in the study with 22.2 percent and 20.1 percent of the samples respectively. This result is
likely an artifact of the hard “zero” provided by the lower bound of the study parameters
producing what are approximately Poisson distributions. The parameters of this study with its
data that is ratio scale, represents counts over an interval of time, and which cannot show values
below zero (i.e. a hard lower bound of “zero”), commonly produce Poisson distributions because
the probability of observation is much higher closer to the lower bound of the distribution. This
means that with Posson distributed data, with their asymmetrical shape and positive skew, will
often favor non-association or low association which fits with our model expectations. The
inability to have values less than “zero” can often cause large quantities of zero values. This is
because complete non-detection will results in a “zero” and not “missing” data as it may in other
methods. Though this is not a surprising result for the reasons described above, this pattern still
tells an interesting story. The higher quantity of samples that had depleted values as shown by
source pattern in Figure 21 and percentage of association within each component in Figure 22
may demonstrate the elemental purity of some samples. While this study did not test for all
available elements, depleted values of both components could mark a sizable depletion in
impurites which is an important cirteria to consider when grouping chert. Impurities are the
vehicle by which elements other than silicon and oxygen make their way in to chert and the
identification of groups by the criteria of relative depletion shows the versatility and importance
of this approach. In short, when characterizing chert, it is important to look through a relative
lense (i.e. the correlations used in PCA) in order to understand not just what is there, but also
what is missing.
Once the reuslts of the source grouping were uploaded into ArcGIS and the source areas
were created, the geographic distributions could then be interpreted. Though the results of the
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source extents created using ArcGIS are limited in resolution by the number of GPS points taken,
tentative conclusions can still be drawn from the available data and the maps created will be
refined in later iterations of the work. The results indicate a stong northwest to southeast trend in
available chert. This is in keeping with both Mark Cantin’s work, the materials available in IU’s
Reference Material Log, as well as geologic maps of bedrock lithology. These results are an
interesting exercise in archaeological geology, which is the assistance or advancement of
geologic knowledge and understanding through archaeological discovery. This study may lend
unique insights into elemental and potentially mineral enrichment within chert throughout the
area of interest. Furthermore, the change in elemental enrichments and the patterns that emerge
as a result of the source area and Kriging maps may contribute to models of diagenetic or
formational histories of the region. This trend is easily interpretable as a result of the trend of
geologic formations that produce the necessary characteristics for being chert bearing. The
results of this part of the study also indicated that enrichment of alkali earth metals was
concentrated in the central and Southeatern portion of the AOI whereas transitional metals were
found to be more enriched in the Northwestern part of the AOI. This trend was also shown in a
different capacity as a result of the Kriging method employed. These results of differential
enrichment, as interpreted through the prevailing hypothesis of this study, are likely the results of
spatially specific formational or diagenetic events.
The difference in enrichment between alkali earth metals and transitional metals are
likely a result of one of four scenarios 1.) differential formational conditions in samples from the
southeast to the northwest 2.) comparable formational conditions across the AOI with an alkaline
or reducing diagenetic event occuring in the southeast 3.) comparable formational conditions
across the AOI with an acidic or oxygenating diagenetic event occuring in the northwest 4.)
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differential formational conditions with one or several superimposed diagenetic events. Chert
that is found in the exact same spatial location in every capacity can be said to likely have
undergone the exact same formational and diagenetic conditons and thus show comparable
enrichment and depletion in elemental constituents. Conversely it can be said that as chert
samples trace away from one another vertically and horizontally they will likely decrease in
similarity and they are less likely to have been exposed to the same formational and diagenetic
conditions. Due to the fact that vertical displacement was not considered in this sutdy, it is
possible that samples in the same area came out of varying formations and were therefore likely
exposed to differing elemental influences. This is something that will attempt to be addressed in
further interation of this work. However, it may be inferred that if the differential enrichment of
alkaline earth metals and transitional metals was a strictly formational item then we would likely
see no pattern to their geospatial distibution. This is due to the fact that as you trend upwards
vertically in geologic formations you are tracing through time and ultimately changing
formational conditions. If all samples were treated equally as it relates to vertical displacement
then we would expect the probability to decrease that a geospatial pattern would emerge from the
noise of varying formaitonal conditions. If however the pattern were the result of comparable
diagenetic conditions then is is slightly more likely that we would see comparable results across
horizontal expanses. This is because the large scale geologic events that led to the change would
have affected elemental enrichment differentially as it relates to horizontal changes. This leads to
the conclusion that is is slightly more likely, though in no way certain, that the differentiation in
enrichment between alkaline earth metals and transitional metals was a result of different
diagenetic conditons. Possible causes of this pattern are items such as reducing ground water
conditions in the southeast, or an acidic groundwater event in the Northwest. An interesting test
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of this theory would be to examine the karst conditons in the northwestern part of the AOI
looking for an increase in sinkholes and caves which would likely be found if an acidic
diagenetic event had taken place.
This study has been successful in its attempts, which were many and varied. In this study
it has been shown that it is not only possible to source chert using geochemical methods but
initial indications show that the method used effectively differentiates elemental suites both
theoretically as well as geospatially. What’s more is that this differentiation is exceptionally
interpretable theoretically indciating that the source groups that were established are likely
founded on the hypothesized enirchment barriers based on formational and diagenetic
differences. Finally, and most importantly, this study opens the door for the possibility of an
artifact made from chert of an unknown origin to be tested elementally and then assigned to a
geospatial range based on the results of the test. The steps for this process are shown graphically
in Figure 13 on page 55. The steps outlined include testing the new sample (artifact),
standardizing the pertinent elements from the XRF results, multiplying by those scores by the
current model’s component coefficient matrix to receive standardized regression coefficients for
the artifact, applying the .4 cutoff heuristic to determine which source group the sample is most
associated with, and finally checking the premade source extent maps for that source group.
While this method has its limitations its primary contribution is to shift the conversation
surrounding chert sourcing to one of a quantitative nature as opposed to the currently prevailing
qualitative categorization. The shift in this work toward quantitative analytics is long overdue as
the current qualitative categorizations provide little to no consistency in their application.
Numbers, though there is the potential for misuse, provide a massive advantage over qualitative
data in that they mean the same thing to everyone. Each number is the same from all perspectives
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and as such provide a measure of consitency not seen in most qualitative work. While individuals
may disagree with the values chosen for this study in terms of cutoff values, number of source
groups, number of samples etc. the operative piece of this study is since they are discussing a
number, everyone is at least in agreement in terms of what is being discussed. This study set out
to show that geochemical sourcing is not only possible but also a viable method for sourcing
chert. It has done that and provided a new direction for the field to grow.
The method outlined in this study is by design an iterative one. As mentioned above, the
intention of this work is to progressively build a larger reference sample of pre-sourced chert.
More samples, from a progressively larger area will allow for two things. First, it will allow for
greater resolution in both source group creation and the geospatial data. A larger sample will
allow for more elements to be incorporated into the model and for more components to be
derived from those elements and samples. This will ultimately allow for more source groups to
be created and increase the validity of each source group association as more factors will
increase the probability of true association between samples (i.e. we will be basing association
on more than two components). The increase in number of samples will also allow for a decrease
in the buffer radius used for each sample in the creation of the geospatial ranges. This will
provide an increase in resolution for the range of each source group as more samples will be
contributing proportionately less. This can be thought of much like pixels on a screen. The fewer
pixels you have, the larger they must be to fill the screen and create a picture. As you increase
the number of pixels (samples) the amount of space that each one occupies on the screen
decreases and more detailed pictures can be displayed because resolution has increased. The
second thing that a progressive increase in samples would do is provide greater utility for the
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method by expanding outside of the currently limited AOI and better resolution for the
characterized area.
The increase in samples and maintenance of the PCA derived model for this method
would be well served by a dedicated website for sample submission and artifact comparison.
This undoubtedly must be the next phase of this work as the sourcing and testing necessary to
make this model as effective as possible are too large for even a small team of individuals. We
will have to rely on submissions from users, using the sourcing method and lab methods used in
this study, to build the reference database and progressively update the model as new
submissions are made. This website would also provide model details from the GIS high
probability ranges developed in this study for Indiana, or possibly larger areas, which would help
those in the field determine if they should be keeping a close eye out for potential source chert.
Future models may learn to incorporate more quantitative factors based on other chert
properties though these are a long way off of full integration. It is likely that while this model
develops and increases its resolution users will likely supplement their results with qualitative
data. While this is not recommended from a statistical standpoint, and it is the intention of this
method to overcome this existing limitation, it is an understandable approach from the standpoint
of a researcher that has an existing and vested interest in old models. Hybrid models involving
qualitative data will try to be avoided in future work though individual researchers using a
combination of this model and descriptive characteristics as mentioned above may find some
increased utility. It is the hope of this study that we may finally move to a strictly quantitative
approach to chert sourcing and this method provides all necessary elements in order to
accomplish this objective.
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Contribution
For archaeology and other social sciences to contribute to scientific knowledge, it is
necessary to constantly refine and enhance techniques that can provide increasingly objective
measures to cultural materials and phenomena. This study is intended to be an example of one
such refinement. By changing the way in which chert is sourced to an approach that relies on
quantified data, repeatable procedures, and one that removes researcher bias while adding
operational transparency, we are effectively making one of the most common procedures in
prehistoric archaeology as objective and standardized as is currently viable. This is essential, as
the interpretations drawn from the use of this technique are immense. Entire systems of trade,
interaction, and mobility are based on the movement and use of natural resources. As one of the
most ubiquitous, practical, and abundant natural resources for most of human history, chert, and
the understanding of its movement, are crucial to the accurate and reliable interpretation of some
of the biggest questions regarding prehistoric life.
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Appendix A: List of Materials Sent to Landowners
Figure 27: Letter of intent sent to prospective landowners.
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Figure 28: Permission form sent to prospective landowners.
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Appendix B: Histograms of Utilized Variables
Figure 29: Histogram of Calcium

Figure 30: Histogram of Titanium

Figure 31: Histogram of Vanadium
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Figure 32: Histogram of Chromium

Figure 33: Histogram of Manganese

Figure 34: Histogram of Zinc
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Figure 35: Histogram of Strontium

Figure 36: Histogram of Iron

Figure 37: Histogram of Zirconium
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Appendix C: Statistical Tests of Optimal Component Number
Table 11: Component Number Determination by Model.

Component Number Determination Method

7 variables 9 variables

Total Variance Explained

2

2

Scree Plot interpretation

2

2

Parallel Analysis (PA)

3

3

Optimal Coordinates (OC)

3

3

Acceleration Factor (AF)

2

2

Kaisers little jiffy (the eigenvalue greater than 1 rule)

2

3

Reproduced correlations

3

3

Minimum Average Partial Correlation (MAP)

1

1

Very Simple Structure (VSS)

2

3 or 5

MLE Chi square using Principal Axis Factoring.

5

5

C.1-Nine Variable Tests for Appropriate Component Number
Table 12: Total Variance Explained- 2 Components
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Figure 38: Scree plot- 2 components.
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Figure 39: Parallel Analysis-3 Components; Optimal Coordinates- 3 Components; Acceleration Factor- 2 Components; Kaisers
little jiffy- 3 Components.
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Table 13: Reproduced Correlations – 9 components before the reproduced correlations all fall below .05, however the largest
drop in terms of magnitude was from 2 to 3 (from 29 to 20) indicating that 3 Components may be optimal.

Table 14: Minimum Average Partial Correlation (MAP) - 1 Component.

MAP
.072175
.085214
.087989
.117479
.164343
.299204
.474477
1
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Figure 40: Very Simple Structure (VSS) - 5 Components, 3 Components very close.

4
2
3
1

2
3
4
0.6

2
1

2
1
3

2
4
3
1

4
3
2
1

4
3
2
1

7

8

1

0.4

1

0.0

0.2

Very Simple Structure Fit

0.8

1.0

Very Simple Structure

1

2

3

4

5

6

Number of Factors

Table 15: MLE Chi-Square must use PAF- 5 optimal, 3 Sufficient.

Factor Solution
5 factor solutionOptimal
3 factor solutionfound to be sufficient

Chi-Square Value
3.28

Degrees of Freedom
12

p-value
.0701

34.52

12

.000558
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C.2-Seven Variable Tests for Appropriate Component Number

Table 16: Total Variance Explained- 2 Components.

Figure 41: Scree Plot- 2 Components.
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Figure 42: Parallel Analysis- 3 Components; Optimal Coordinates- 3 Components; Acceleration Factor- 2 Components; Kaisers
little jiffy- 2 Components.
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Table 17: Reproduced Correlations- 7 components before the reproduced correlations all fall below .05, however the largest
drop in terms of magnitude was from 2 to 3 (from 19 to 9) indicating that 3 may be optimal.

Table 18: Minimum Average Partial Correlation (MAP) -1 Components.

MAP
.095148
.111289
.141703
.23066
.437518
1
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Figure 43: Very Simple Structure (VSS) - 2 Components.

Table 19: MLE Chi-Square must use PAF- 5 optimal, 2 Sufficient.

Factor Solution
5 factor solutionOptimal
2 factor solutionfound to be sufficient

Chi-Square Value
3.28

Degrees of Freedom
19

p-value
.0701

123.78

19

2.17e-17
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Appendix D: Sample Component Association Full Results
Table 20: Component Associations and Source Groups by Sample.

Sample #
DS1.2
DS1.7
PJJ2.2
PJJ3.1
PJJ8.4
PS5.5
RH1.1
RH1.3
DS10.3
DS11.1
DS5.4
PJJ1.1
PJJ1.2
PJJ1.3
PJJ1.4
PJJ2.1
PJJ3.3
PJJ4.1
PJJ4.3
PJJ4.4
PJJ5.1
PJJ5.2
PJJ6.2
PJJ7.2
PJJ8.5
PS5.7
PS8.3
PS8.4
PS8.5
RO1.2
DS3.3
MH1.1

Component 1
1.251
2.800
2.505
1.432
2.530
.755
.405
1.461
.600
2.655
.451
.839
.513
2.113
.903
.912
1.518
1.846
1.082
.843
1.096
.623
1.444
.544
2.530
1.306
2.097
2.339
.820
3.044
1.697
1.517
119

Component 2
.565
2.023
.920
.547
.769
1.517
10.172
1.830
-.050
.360
-.240
-.244
-.376
.198
-.204
-.157
.059
-.348
-.153
-.189
-.367
-.234
-.322
-.385
.117
.225
.165
.065
.372
.099
-.809
-.902

Source
Group
1
1
1
1
1
1
1
1
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
3
3

PJJ7.3
PS8.1
RO1.1
WJV1.3
WJV1.4
DL4.1
DS1.3
DS10.1
PJJ8.3
PS2.1
PS3.4
PS4.4
PS5.4
PS5.6
PS7.1
PS7.2
PS7.3
RH1.5
DS1.1
DS1.6
DS10.2
DS10.4
DS11.2
DS2.2
DS3.4
DS5.1
DS5.2
DS5.3
DS5.5
DS8.1
DS8.3
PJJ3.2
PJJ7.5
PS1.2
PS1.4
PS2.4
PS4.1

1.597
2.329
1.752
1.407
.893
-.262
-.060
.047
.246
-.220
-.364
.203
-.245
-.075
-.220
.004
.061
.055
-.350
-.052
-.071
-.051
.083
.033
-.306
.307
.199
-.151
.212
-.178
.390
.393
-.390
-.278
-.391
-.020
-.321

-.790
-.822
-.491
-.746
-.795
1.450
.417
.537
.784
.773
.538
.503
.671
.635
.414
1.040
.927
.427
.121
-.154
-.035
-.205
.354
-.112
.141
.043
-.208
-.260
.251
-.073
.163
.066
-.289
.346
.017
.358
.379
120

3
3
3
3
3
4
4
4
4
4
4
4
4
4
4
4
4
4
5
5
5
5
5
5
5
5
5
5
5
5
5
5
5
5
5
5
5

PS4.3
PS4.7
PS5.1
PS8.2
RH1.6
DL2.1
DL2.3
DL2.4
DL3.1
MC1.1
MC1.5
MC1.6
WJV1.5
FH3.2
PS1.1
PS2.2
PS5.3
DL4.4
DS1.4
DS1.5
DS2.1
DS3.2
DS8.2
DS8.4
DS9.1
FH2.3
FH2.4
FH2.5
FH3.3
PJJ4.2
PJJ6.1
PJJ7.1
PJJ7.4
PJJ8.1
PJJ8.2
PS1.3
PS1.5

-.114
-.208
.331
.319
.206
.084
-.340
-.360
-.398
-.203
-.171
-.157
.153
-1.077
-.414
-.403
-.462
-.770
-.556
-.749
-.541
-.470
-.638
-.516
-1.174
-1.324
-1.336
-.854
-1.332
-.666
-.536
-.469
-.495
-.723
-.929
-.559
-.658

.047
-.069
.019
.000
.339
-.792
-.537
-.557
-.714
-.566
-.478
-.540
-.946
1.450
.603
.539
.617
.241
.044
.062
-.323
-.193
-.125
.013
-.384
-.222
.182
-.033
.025
-.303
-.209
-.260
-.374
-.163
.062
.362
-.133
121

5
5
5
5
5
6
6
6
6
6
6
6
6
7
7
7
7
8
8
8
8
8
8
8
8
8
8
8
8
8
8
8
8
8
8
8
8

PS2.3
PS3.1
PS3.2
PS3.3
PS3.5
PS3.6
PS4.2
PS4.5
PS4.6
PS5.2
RH2.2
RH3.3
RH3.4
DL1.1
DL2.2
DL2.5
DL3.2
DL3.3
DL3.4
DL3.5
DL4.2
DL4.3
DS3.1
DS9.2
DS9.3
DS9.4
FH1.1
FH2.1
FH2.2
FH3.1
MC1.2
MC1.3
MC1.4
RH1.2
RH1.4
RH2.1
RH2.3

-.649
-.462
-.512
-.609
-.830
-.730
-.501
-.585
-.603
-.753
-.903
-.740
-.924
-1.118
-.477
-.981
-.469
-1.243
-.957
-1.084
-.494
-.762
-.450
-1.051
-1.108
-1.214
-.742
-.664
-1.299
-.997
-.424
-.429
-.457
-.705
-1.317
-.897
-1.095

.321
.250
.051
-.133
.004
-.323
-.033
.037
.201
-.237
-.361
-.273
-.350
-.798
-.444
-.680
-.532
-.715
-.759
-.723
-.405
-.642
-.419
-.523
-.509
-.503
-.482
-.627
-.504
-.710
-.631
-.617
-.490
-.762
-.659
-.447
-.438
122

8
8
8
8
8
8
8
8
8
8
8
8
8
9
9
9
9
9
9
9
9
9
9
9
9
9
9
9
9
9
9
9
9
9
9
9
9

RH2.4
RH3.1
RH3.2
RO2.1
WJV1.1
WJV1.2

-1.000
-1.135
-.855
-.760
-.657
-.525

-.429
-.471
-.468
-.439
-.752
-.660
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9
9
9
9
9
9

Appendix E: Source Area Maps
Figure 44: Extent of Source Area 1.
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Figure 45: Extent of Source Area 2.
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Figure 46: Extent of Source Area 3.
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Figure 47: Extent of Source Area 4.
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Figure 48: Extent of Source Area 5.
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Figure 49: Extent of Source Area 6.
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Figure 50: Extent of Source Area 7.
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Figure 51: Extent of Source Area 8.

131

Figure 52: Extent of Source Area 9.
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Figure 53: Extent of all Source Areas.
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Appendix F: Kriging Maps
Figure 54: Seven variable two component Alkali Earth Kriging map.
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Figure 55: Seven variable two component Transitional Metals Kriging map.
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Figure 56: Nine variable three component Heavy Transitional Metals Kriging map.
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Figure 57: Nine variable three component Light Transitional Metals Kriging map.
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Figure 58: Nine variable three component Alkali Earth Kriging map.
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Appendix G: GIS Method Maps
Figure 59: Chert bearing or potentially chert bearing bedrock within the AOI.
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Figure 60: Soil slopes greater than 25 percent within the AOI.
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Figure 61: Roads and railways within the AOI.
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Figure 62: Final area for point imputation with final survey points.
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Appendix H: Area of Interest Maps
Figure 63: Area of interest with three point sources and Cantin's chert extents.
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Figure 64: Area of interest with identified potential point sources.
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