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CHEMISTRY VERSUS DATA DISPERSION: IS THERE A
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Given the common use of chemical concentration data to define ceramic groups that aid in the
exploration of ancient technology, trade and provenance, it is important to reflect on how we
collectively establish and define both chemical groups and outliers. In this paper, we argue
that commonly used data analysis procedures, such as principal component analysis and
centred log-ratio principal component analysis favoured in the examination of ceramic chemical data, although rapid and easy, may overlook existing chemical groups and outliers,
especially when the ratio of non-diagnostic to diagnostic elements is high. To evaluate whether
geochemistry is more important than data dispersion in data assessment, we re-examine
chemical concentration data from previously published ceramic, clay and daub samples from
the lower Ohio River Valley. We begin by briefly discussing steps we took to ensure that the
data set reflects geochemical differences, rather than analytical or data transfer errors. Next,
we use bivariate plots, as well as PCA and CLR–PCA, to examine different versions of our
altered data, using varying numbers of element combinations. We propose that the careful
examination of bivariate plots is critical in establishing the elements that should be included
in PCA and other multivariate analyses.
KEYWORDS: SHELL-TEMPERED CERAMICS, POTTERY, INAA, PIXE, MISSISSIPPIAN, OHIO,
NORMALIZATION, OUTLIERS, PCA, CLR–PCA, BIVARIATE PLOTS, DATA ANALYSIS

INTRODUCTION

The chemical analysis of ancient and historic ceramics is relatively common in archaeological
publications. Chemical fingerprints, generated from the elemental concentrations of a reasonable
number of elements in each sample, become the basis on which ceramics are sorted into groups and
on which they are archaeologically assessed (e.g., Perlman et al. 1972; Abascal-M et al. 1974;
Picon and Vichy 1974; Schneider and Hoffmann 1976; Attas et al. 1977; Artzy et al. 1978;
Schneider 1978; Davidson 1981; Allen et al. 1982; Cesana et al. 1983; Olin and Blackman 1987;
Sharon et al. 1987; Mommsen et al. 1988, 2006; Yellin and Gunneweg 1989; Boquet et al. 1992;
Gunneweg et al. 1994; Steponaitis et al. 1996; Mirti et al. 1998; Day et al. 1999; Buxeda i Garrigós
et al. 2003; Blomster et al. 2005; Harrison and Hancock 2005; Kilikoglou et al. 2007; Stark et al.
2007; Hughes 2009).
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Table 1 Ceramic, daub and clay samples analysed in the present study, with descriptions from Shergur et al. (2003)

Region

Group

Site

Material

Number

West (below the confluence)

Blackburn

East (above the confluence)

Cummings

Sherds
Sherds
Sherds

Central (near the confluence)

Murphy

Blackburn
Moore
Alzey
Cummings
Hart
Hooper
Ritz
Murphy

Slack Farm

Slack Farm

Unknown
Central Indiana

Unnamed
Unnamed

14
14
10
4
4
6
4
10
3
2
52
3
2
2
Total 130

Unknown
Central Indiana

Sherds
Daub
Clay
Sherds
Daub
Sherds
Sherds

These fingerprints are often interrogated to address questions about trade and exchange,
technology, communities of practice, and even identity. Thus, it is crucial to reflect on the
procedures that we follow to establish both chemical groups and outliers. What appears ‘different’ is intimately tied to what is defined as ‘similar’ and both depend heavily on the totality of
factors that can influence chemical data, and on the analytical procedures we use. For instance,
the depositional history of the ceramics themselves, the protocol followed in their preparation for
analysis, human analytical errors (e.g., Fluegel 2009) and data transfer (typographical) errors can
all generate samples that appear to be chemically different although they are not. Most importantly, even in cases where real geochemical differences exist, the data exploration method that
we use may fail to recognize them, characterizing samples as similar when they are not.
In this paper, we use, as a case study, elemental analysis data previously published by Shergur
et al. (2003) from a collection of Mississippian ceramic sherds, clays and daub samples from the
lower Ohio River Valley (see Table 1). This small data set includes concentration data for 32
elements from 130 samples, and is a good example of the combination of dual analytical methods
(instrumental neutron activation analysis [INAA] and particle induced X-ray emission [PIXE]).
It also, by chance, presents us with an excellent and challenging case scenario in ceramic data
accumulation and interpretation.
First, we assess the data set for its overall analytical accuracy and provide an altered data set upon
which our interpretations are subsequently based. With respect to data interpretation, we have two
goals. The first is to investigate whether the format of data we select—that is, calcium (Ca)corrected (e.g., Steponaitis and Blackman 1981), scandium (Sc)-normalized (e.g., Topping and
Mackenzie 1988; Dias and Prudêncio 2008) or logarithmically (log10) transformed (e.g., Blomster
et al. 2005)—can affect the identification of patterns in our data set. The second is to establish
whether the data exploration method itself, in this case bivariate plots, principal component
analysis (PCA), or centred log ratio – principal component analysis (CLR–PCA), works as well as
expected in sorting samples into groups. As a by-product of the second goal, we question whether,
in the case of multivariate analytical methods, such as PCA and CLR–PCA, the choice of elements
included in the analysis can bias the results and obscure the presence of patterning.
© University of Oxford, 2011, Archaeometry 53, 6 (2011) 1259–1279
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The data formats and the data-exploration methods used were chosen since they represent
many past and present publications in the archaeometrical ceramic literature. Bivariate plots (e.g.,
Hancock et al. 2008) illustrate the basic geochemical relationships within the data, while PCA
(e.g., Blomster et al. 2005) and CLR–PCA (e.g., Aitchison 1986; Leese et al. 1989; Aitchison
et al. 2002; Pollard et al. 2006) rely on the dispersion of relative elemental concentrations.
We would like to emphasize that it is not our intent to challenge the conclusions of Shergur and
his colleagues. Rather, we, as non-experts, struggle to explain how decisions about analytical
methods impact archaeological interpretations.
ASSESSING AND PREPARING THE DATA FOR ANALYSIS

Analytical data for 130 Late Mississippian ceramic, daub and clay samples from the lower Ohio
River Valley were generated by a combination of PIXE and INAA, and resulted in a paper by
Shergur et al. (2003). The bulk of the material came from 10 sites along the Ohio River, above
and below its confluence with the Wabash River, along with two comparison samples from central
Indiana (see Table 1). The authors, using a shell-corrected data set, found a single, chemically
coherent group of ceramics. They also found that some of the daub and clay samples were
chemically distinct from the ceramics. Since the uncorrected elemental concentration data set
was not available in the Shergur et al. (2003) publication, we obtained and used their shelltemper-corrected data set in our analysis.
Data assessment and alteration process
In the complex analytical process of travelling from spectra, through peak area determinations
and calibrations, to elemental concentration data, there are many chances for even the most
competent analyst to input incorrect information (e.g., Fluegel 2009). In older, often retyped,
papers there is even a possibility of simple typos during the editing and publication of papers and
data sets. Some of these errors occasionally slip through the data assessment net. Furthermore,
not all elements are equally well measured or exist in concentrations in a sample that can be
accurately detected. So, as is well recognized, but not always addressed publicly, these problems
must be confronted first.
Data alterations
Sometimes, a quick visual inspection of chemical concentration values in a data set can reveal
simple typos. For example, the amount of Sc in one of our samples read 170.61 ppm rather than
17.6 ppm, which would group it with the rest of the Sc concentrations that averaged 20 1 4 ppm,
and ranged from a low of 8.9 ppm to a high of 30.6 ppm. The high concentration of Sc is so
radically larger than the typical values of Sc in ceramic data (Hancock, personal observation) that
there is no doubt it is a simple typo. Usually, however, a more systematic examination of the data
set is required. One such approach is briefly outlined below.
Because of the tight geochemical relationships among the 14 rare earth elements (REEs), the
first step in assessing ceramic data, and objectively altering any suspicious concentration datum
in a data set, is to calculate the concentration ratios of lanthanum (La) to the other REEs, then
cerium (Ce) to the remaining REEs, and so on (see Table 2). If a La/Ce (and the La to the other
REEs) ratio in a sample is much different from the La/Ce (and the La to other REEs) ratio in its
neighbouring samples, but the ratios of the other REEs for the same sample are similar to the
© University of Oxford, 2011, Archaeometry 53, 6 (2011) 1259–1279
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Table 2 A synthetic illustration of what the REE ratios become when single La and Ce concentrations are wrong by
factors of about two

La/Ce
La/Nd
La/Sm
La/Eu
La/Tb
La/Yb
La/Lu
Ce/Nd
Ce/Sm
Ce/Eu
Ce/Tb
Ce/Yb
Ce/Lu
Sm/Eu
Sm/Tb
Sm/Yb
Sm/Lu

Sample 1, normal

Sample 2, high La

Sample 3, low Ce

Sample 4, normal

0.45
0.97
5.8
23
27
13
74
2.1
13
50
59
28
164
3.9
4.6
2.2
13

1.05
2.18
13.2
59
103
31
207
2.1
13
56
98
29
197
4.5
7.8
2.3
16

1.23
0.92
6.0
26
35
13
91
0.8
5
21
28
11
74
4.4
5.8
2.2
15

0.53
0.94
5.9
27
43
14
87
1.8
11
51
81
26
164
4.6
7.3
2.3
15

same ratios of the neighbouring samples, then the La concentration must be in error (i.e., a
difference factor of greater than two), and may be corrected to a more suitable value that is
selected by making the data point fit within the scatter of other data in each REE bivariate plot.
The absolute concentration number chosen is not important as long as it generates ‘reasonable’
inter-elemental ratios; that is, a difference factor less than two.
However, if a La/Ce ratio is much different from that of its neighbouring samples and the Ce to
other REE ratios varies in the opposite direction (high when the La/Ce ratio is low, and low when
the La/Ce ratio is high), then it is the Ce concentration that needs to be altered. This process is
repeated for all of the REEs, and then sequentially for the rest of the elements, starting with those
that tend to correlate well with the REEs, such as Sc, Al, Ti, V, Rb, Cs, Th, Fe, Zn and so on.
To check analysed samples in which the data are already accurate, this process may be
conducted much faster using bivariate plots, since each grossly different, concentration datum
will produce a datum point that lies far from the tightly defined correlation envelope (circle or
ellipse). In our case, using inter-element ratios and bivariate plots where necessary, we made
alterations to a number of individual elemental concentrations that led to coarse corrections with
factors of 2 to 30.
To illustrate this process, see Table 2, in which we have taken the altered data and have—
artificially and for the purpose of this example—doubled the La concentration in sample 2, and
have halved the Ce concentration in sample 3. Samples 1 and 4 represent the rest of the data set.
For sample 2, the La/Ce ratio is double ‘normal’, but so are the ratios of La to the other REEs,
implying that the La concentration in sample 2 needs to be adjusted. But, in sample 3, while the
La/Ce ratio is similar to that of sample 2, it is the ratios of Ce to all the other REEs that are low
by a factor of two, implying that the Ce concentration is sample 3 needs to be adjusted.
As a real example of this process, Figure 1 shows a plot of Sm versus La for the original
Shergur et al. (2003) data, in which eight non-fitting data points are circled. Figure 2 shows the
© University of Oxford, 2011, Archaeometry 53, 6 (2011) 1259–1279
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Figure 1 A scattergram of the original data for Sm and La.

Figure 2 A scattergram of the altered data for Sm and La.

plot of Sm versus La after we altered some concentrations following the procedures described
above. As is clear, all but two of the suspect data points from Figure 1 were adjusted. In both of
these figures, sample CW88 is uncontestably different from the rest of the samples, indicating
that it is probably a chemical outlier. Since sample CW56 lies on the dilution line (see below), it
cannot be identified as an outlier.
Although they are an insensitive way of measuring the improvement in the quality of data, means
and standard deviations for the 130 samples were calculated for the rare earth element ratios. The
numbers for the La ratios are presented in Table 3. While the means remained essentially the same,
dispersions about the mean were reduced once the data were altered as outlined above.
Ceramic data dilution corrections: Ca or Sc?
As mentioned earlier, the data presented by Shergur et al. (2003) had been Ca-corrected. The
decision to correct a data set is based on the principle that the sum of the major and minor element
© University of Oxford, 2011, Archaeometry 53, 6 (2011) 1259–1279
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Table 3 Means 1 one standard deviation of selected rare earth element
ratios

La/Ce
La/Nd
La/Sm
La/Eu
La/Tb
La/Yb
La/Lu

Original data

Altered data

0.53 1 0.07
1.1 1 0.4
6.1 1 0.6
31 1 12
43 1 8
14 1 2
91 1 11

0.54 1 0.03
1.1 1 0.2
6.1 1 0.4
28 1 5
42 1 7
14 1 2
92 1 8

oxides in a sample should be close to 100%, since in ceramics made from a sediment paste that
consists of clay mineral(s) and tiny to large grains of silicate minerals, such as quartz and
feldspars, and perhaps organics that should fire out, the silicates may be represented as the sum
of their cationic and anionic oxides (e.g., diopside: CaMgSi2O6 = CaO + MgO + 2SiO2).
However, if a paste also contains limestone or shell fragments, and if the ceramic is not
high-fired, some carbonate may be retained in the ceramic. Hence, the oxide mass balance will
be <100% (e.g., Franklin and Hancock 1979).
The geological or anthropogenic inclusion of extra carbonates (usually Ca and/or Mg), free
silica or minerals high in Si, in a paste that has been used to make ceramics, has the effect of
diluting the concentrations of all of the silicate-related elements, such as the rare earth elements
(REEs), Sc, Al, Ti, V, Rb, Cs, Hf, Th, Fe, Zn and so on. If the diluting component has select
elemental concentrations that are much higher than those present in the paste of the ceramic, then
these trace elements will correlate with the diluent rather than with the silicate matrix (e.g., Sr in
sea shells, Mn in freshwater shells, Na and Mn in limestone, Ba in syenite, Zr and Hf in
zircon-rich quartz). The presence of any sort of dilution is apparent if one plots the concentrations
of two silicate-related elements, since the diluted samples will provide data that sit between the
origin and the clumped data of the undiluted material. So, instead of obtaining a circle or ellipse
of data in a bivariate plot, significantly diluted samples will tend to form a positive correlation
envelope, the width of which correlates somewhat with the fineness (narrower) or coarseness
(wider) of the wares being studied. In reverse, if one finds such an elongated bivariate plot, then
the implication is that one is dealing with differentially diluted, ceramic-making materials.
To try to get back to circles or ellipses of data in bivariate plots, it has long been a practice to
try to remove the data-stretching, carbonate dilution effect using Ca-concentration corrections,
assuming that the bulk of the Ca appears as carbonate in the final ceramics. This is often a good
approximation, especially with shell-tempered ceramics (e.g., Steponaitis and Blackman 1981),
and this is presumably why Shergur et al. (2003) corrected their data for Ca. However, it is not
always the case (e.g., for Halaf pottery, see Franklin and Hancock 1979).
As mentioned above, ceramics may be both carbonate- and silica-diluted. In such cases, a
carbonate correction of the data, while not correcting for the silica dilution, will generate less
elongated correlation envelopes than would have been generated by the original concentration
data, but will leave an elongation caused by silicon-related dilution. For example, consider
Figure 2, showing the Ca-corrected data points for Sm versus La. Since the shell-tempering effect
has already been removed, the diluent that stretches data points towards the origin must be free
© University of Oxford, 2011, Archaeometry 53, 6 (2011) 1259–1279
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silica or silica-rich minerals. To minimize this dilution effect, we normalized the elemental
concentrations to the average Sc concentration (~20 ppm) and calculated the normalized concentrations of all elements using the formula

[ En ]normalized = [ En ] ∗[ Scav min dil ] [ Scn ] ,
where [En] is the concentration of an element in the nth sample; [Scn] is the concentration of Sc
in the nth sample; and [Scav min dil] is the average concentration of Sc of the data set. Note that Sc
was chosen as the normalizing element since it is measured with the best analytical precision by
INAA and also represents silicate minerals in a ceramic matrix.
This approach also depends on a somewhat simplistic assumption, since sometimes the dilution
is caused by a combination of minerals rich in Si (e.g., Stewart et al. 1990) and some elemental
concentrations become over-corrected. If one is trying, however, to remove the effects of assorted
diluents, often, but not always, a Sc-normalization is more appropriate than a carbonate correction.
Shell-temper correction and dolomitic inclusions
Since our data set was already shell-temper-corrected, with the Ca concentrations eliminated, it
was not possible to establish clearly whether or not there were any dolomite {CaMg(CO3)2}or
dolomitic limestone inclusions in any of the samples, especially in the daub samples that were
found by Shergur et al. (2003) to be chemically distinct. Two exceptions—daub sample CW43
(3.05% Mg) and ceramic sample CW99 (2.63% Mg)—were readily distinguishable from the
average Mg concentration of the other samples (0.7 1 0.3%). If dolomite was present in any of the
samples, a distinct possibility given that there is both limestone and dolomite in the study area,
the Mg data would have increased when Shergur et al. (2003) corrected their original data for the
added shell, making any dolomite-rich samples stand out further from the other samples. Thus,
some of the current Ca-corrected Mg concentrations are potentially suspect.
Daub sample CW43 is particularly interesting. In Table 4, we compare select elemental
concentrations from this sample with Group 2a averages, since this is the closest matching
Table 4 Elemental concentration changes for daub sample CW43

Elemental concentrations
Rb (ppm)
Sb (ppm)
Ta (ppm)
Al (%)
Fe (%)
Mg (%)
Si (%)
Cs (ppm)
Mn (ppm)
Sc (ppm)
Th (ppm)
Zn (ppm)
La (ppm)
Ce (ppm)

Original data for CW43

Group 2a, average data

120
0.63
1.00
2.9
11.26
3.05
13.1
2.73
16493
170.6
4.5
542
34.1
42.4

163 1 33
0.78 1 0.20
1.2 1 0.3
11.4 1 1.6
4.3 1 0.9
0.84 1 0.25
30.2 1 2.0
8.3 1 1.6
740 1 350
21.3 1 3.4
15.8 1 2.1
198 1 32
58 1 7
109 1 16
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chemical group, based on Rb, Sb and Ta concentrations (see below). A quick visual inspection of
the difference in elemental concentrations in CW43 compared to the Group 2a average data for
the same elements indicates that it is clearly a gross chemical outlier, and was eliminated from
further grouping consideration, reducing by one the number of sorted samples from which
chemical groups were constructed.

INTERPRETATIONS OF THE ALTERED DATA SET

Bivariate data splitting
Once we made sure we had eliminated potential problems within our data set, we began our
data analyses by considering bivariate plots of elements (e.g., Hancock et al. 2008). It was
immediately apparent that a single clay sample taken near the Murphy site (sample CW88) had
light REE concentrations that were more than 30% higher than the highest REE concentrations
in all of the other samples, resulting in inter-REE ratios that were different from all of the other
samples (see Fig. 2). Based on this specific REE information, this sample was recognized as an
outlier, even though the concentrations of many elements match with those in the rest of the
data set. Because of the differences in the REEs, it was removed from the numerical sample
grouping processes, reducing the number of sorted samples from which chemical groups were
constructed to 128. However, because of the chemical similarities in other elements, it was
retained in all figures.
The most intriguing of the bivariate plots were those involving antimony (Sb), rubidium (Rb)
and tantalum (Ta). The plot of Sb versus Rb revealed two distinct, elongated groups stretching
towards the origin (Fig. 3). The plot of Ta versus Sb (Fig. 4) indicated the presence of three
chemical groups:
Group 1: low Ta, high Sb and low Rb (with lower P and Al, and higher Si).
Group 2a: low Ta, low Sb and high Rb (with higher P and Al, and lower Si).
Group 2b: high Ta, low Sb and low Rb (with higher P and Al, and lower Si).

Figure 3 A scattergram of the altered data for Sb and Rb.
© University of Oxford, 2011, Archaeometry 53, 6 (2011) 1259–1279
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Figure 4 A scattergram of the altered data for Ta and Sb.

Figure 5 A scattergram of the altered data for Ta/Sb versus Rb/Sb

The three chemical groups were confirmed by calculating and plotting inter-element ratios Ta/Sb
versus Rb/Sb (Fig. 5) and 1000*(Ta/Rb) versus 100*(Sb/Rb) (Fig. 6), as suggested by Baxter and
Freestone (2006).
Since the samples in each of the three chemical groups were scattered unevenly throughout
the data set, it may be assumed that the elemental analyses for Ta, Rb and Sb were reliable,
either in absolute or in relative terms, and were not related to any sort of analytical problem
with the batch of samples in which they were run. This implies that the three chemical groups
may be real subgroups within a relatively homogeneous collection of coarse wares.
The fact that variation in the trace elements in our data set (Sb, Rb, Ta) revealed three
groups suggests that there are variable amounts of different minerals in each group. These
© University of Oxford, 2011, Archaeometry 53, 6 (2011) 1259–1279
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Figure 6 A scattergam of the altered data for 1000*(Ta/Rb) versus 100*(Sb/Rb).

different minerals may, in turn, also have different major element chemistries (e.g., Mg, P, Al).
Since there are positive correlations among the trace elements, there might be visible positive
correlations among the major elements. Finally, if there are positive correlations among the
major elements, there must be a major element (e.g., Si) that correlates negatively, acting as the
primary diluent. This is exactly what Table 5 shows, where the average concentrations of
magnesium (Mg), phosphorus (P) and aluminium (Al) tend to behave similarly and oppositely
to those for silicon (Si).
The summary data for the three groups described above are presented in Table 5, where the
order of elements is: major and minor elements listed alphabetically; non-REE trace elements
listed alphabetically; and REEs listed by increasing atomic number.

Principal component analysis
To determine whether the groups we identified using bivariate plots could also be identified when
we considered the influence of multiple elements together, we also conducted PCA on our altered
data set, as well as on the Sc-normalized and the logarithmically transformed (log10) ones. In all
cases, we considered the number of principal components necessary to achieve a cumulative
variance of 390% (see Table 6, in which, for example, 1 vs. 2 is principal component 1 vs.
principal component 2, and is the most discriminating PC).
First, we ran PCAs of our unstandardized data sets using all 32 elements available to us.
Finding no pattern in the resulting plots, we started eliminating elements of similar chemistry,
so that each periodic group was represented by progressively fewer elements. By this procedure, we reduced the number of elements included in our PCAs from 32 to 22, to 11, to six,
and finally to three (see Table 6). When many of the analysed elements were included, PCA
generated minimal group sorting (see Figs 7 and 8). However, when only the three elements
(Rb, Sb and Ta) identified by the bivariate plots as diagnostic were included, then three clear
chemical groups were separated, no matter whether we looked at the altered data (Fig. 9;
Ca-corrected), the Sc-normalized data (Fig. 10) or the log10-transformed data (Fig. 11).
© University of Oxford, 2011, Archaeometry 53, 6 (2011) 1259–1279

9.7 1 1.0
4.0 1 0.7
2.2 1 0.4
0.61 1 0.17
0.42 1 0.12
0.71 1 0.50
32.3 1 1.2
0.54 1 0.06
1990 1 640
12.4 1 4.1
96 1 25
7.5 1 1.3
36 1 10
25 1 6
6.2 1 0.9
800 1 350
41 1 10
141 1 27
1.63 1 0.28
19.0 1 2.1
1.2 1 0.1
14.6 1 1.3
208 1 36
216 1 46
55 1 6
104 1 10
55 1 9
9.1 1 1.1
2.1 1 0.3
1.4 1 0.3
3.9 1 0.4
0.62 1 0.07

10.8 1 1.7
4.1 1 0.8
2.3 1 0.4
0.76 1 0.27
0.42 1 0.13
0.78 1 0.50
30.9 1 2.1
0.58 1 0.09
2110 1 780
13.5 1 4.5
93 1 29
7.8 1 1.6
36 1 11
27 1 7
6.4 1 1.1
750 1 350
42 1 10
151 1 33
1.09 1 0.48
20.1 1 3.5
1.3 1 0.4
15.2 1 2.0
199 1 40
220 1 52
57 1 8
107 1 15
56 1 11
9.4 1 1.4
2.1 1 0.4
1.4 1 0.3
4.0 1 0.6
0.62 1 0.08

Al (%)
Fe (%)
K (%)
Mg (%)
Na (%)
P (%)
Si (%)
Ti (%)
Ba
Co
Cr
Cs
Cu
Ga
Hf
Mn
Ni
Rb
Sb
Sc
Ta
Th
Zn
Zr
La
Ce
Nd
Sm
Eu
Tb
Yb
Lu

*Except for daub sample CW43 and clay sample CW88.

Group 1, 49 samples

All,* 128 samples

Elements
11.4 1 1.7
4.2 1 0.9
2.4 1 0.4
0.85 1 0.28
0.43 1 0.14
0.82 1 0.51
30.1 1 2.1
0.60 1 0.10
2210 1 850
14.1 1 4.7
90 1 32
8.0 1 1.7
37 1 12
28 1 8
6.5 1 1.3
740 1 340
43 1 11
156 1 36
0.77 1 0.21
20.7 1 3.8
1.4 1 0.5
15.5 1 2.3
195 1 41
221 1 55
58 1 9
107 1 18
56 1 12
9.5 1 1.5
2.1 1 0.5
1.4 1 0.2
4.1 1 0.7
0.62 1 0.09

Group 2, 79 samples
11.5 1 1.6
4.2 1 0.9
2.4 1 0.4
0.84 1 0.25
0.44 1 0.15
0.81 1 0.47
30.1 1 2.0
0.59 1 0.07
2280 1 690
14.8 1 4.7
90 1 34
8.3 1 1.5
37 1 12
29 1 8
6.5 1 1.2
740 1 350
43 1 11
165 1 32
0.78 1 0.20
21.3 1 3.4
1.2 1 0.3
15.8 1 2.1
199 1 38
219 1 50
58 1 7
110 1 14
57 1 12
9.6 1 1.2
2.1 1 0.5
1.4 1 0.2
4.2 1 0.6
0.64 1 0.08

Group 2a, 58 samples
11.5 1 1.6
4.1 1 1.0
2.4 1 0.6
0.86 1 0.36
0.39 1 0.10
0.83 1 0.59
30.1 1 2.7
0.62 1 0.16
1900 1 940
12.6 1 4.6
89 1 24
7.4 1 2.1
39 1 12
26 1 5
6.6 1 1.6
730 1 380
43 1 13
134 1 35
0.73 1 0.22
19.1 1 4.6
1.9 1 0.6
14.9 1 2.9
186 1 43
229 1 69
56 1 12
102 1 22
54 1 13
9.4 1 2.2
1.9 1 0.4
1.3 1 0.3
3.9 1 0.9
0.60 1 0.13

Group 2b, 21 samples

Table 5 Altered data sorted by the groups suggested from bivariate plots of Sb, Rb and Ta, and confirmed by inter-element ratio plots
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Table 6 A summary of the diagnostic principal components used for the sorting of data into three groups using PCA
and CLR–PCA

Number of elements used
PCA
Altered data, Ca-corrected
Groups separated
PCs considered
Sc-normalized data
Groups separated
PCs considered
Log10 normalized data
Groups separated
PCs considered
CLR–PCA
Altered data
Groups separated
PCs considered
Elements
32
22
11
6
3

32

22

11

6

3

1 vs. 2
1
15
4 vs. 15
1
17
4 vs. 6
1
15

4 vs. 8
1
12
4 vs. 6
1
13
4 vs. 8
1
12

3 vs. 5
1
7
3 vs. 5
1
7
4 vs. 5
1
7

2 vs. 5
1
5
4 vs. 5
1
5
4 vs. 5
1
5

2 vs. 3
3
3
2 vs. 3
3
3
1 vs. 3
3
3

4 vs. 8
1
18

6 vs. 7
1
13

4 vs. 8
1
7

1 vs. 3
3
4

1 vs. 2
3
3

Al, Ba, Co, Cr, Cs, Cu, Fe, Hf, K, Mg, Mn, Na, Ni, Rb, Sb, Sc, Ta, Th, Zr, La, Ce, Sm,
P, Si, Ti, Ga, Zn, Nd, Eu, Tb, Yb, Lu
Al, Ba, Co, Cr, Cs, Cu, Fe, Hf, K, Mg, Mn, Na, Ni, Rb, Sb, Sc, Ta, Th, Zr, La, Ce, Sm
Al, Co, Fe, Hf, K, Rb, Sb, Ta, Th, La, Sm
Al, Fe, Hf, Rb, Sb, Ta
Rb, Sb, Ta

Groups separated
One group = one dispersed group in which the three chemically defined groups are somewhat, but not clearly,
separated—see Figures 7 and 8
Three groups = three clearly separated groups—see Figures 9 (altered data), 10 (Sc-normalized data) and 11 (log10 data)
of three elements
Corrections added on 27 October 2011 after first publication online on 04 April 2011: The ‘Elements’ of 6 listings has
been corrected to “Al, Fe, Hf, Rb, Sb, Ta” in this version of the article.

Figure 7 A PCA plot using logarithmically transformed (log10) data for 22 elements (see Table 6).
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Figure 8 A PCA plot using logarithmically transformed (log10) data for Al, Fe, Hf, Rb, Sb, and Ta.

Figure 9 A PCA plot using altered data for Rb, Sb and Ta.

Centred log ratio-principal component analysis
When it was found that PCA performed on various formats of the data did not separate groups as
well as expected, centred log ratio – principal component analysis (CLR–PCA) was finally
employed. As described by Aitchison (1986), Leese et al. (1989), Aitchison et al. (2003) and
Pollard et al. (2006), each elemental concentration was first converted to the natural logarithm
of the ratio of the specific elemental concentration to the geometric mean of all elemental
concentrations in the sample. The new data set was then submitted to a PCA.
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Figure 10 A PCA plot using Sc-normalized data for Rb, Sb and Ta.

Figure 11 A PCA plot using logarithmically transformed (log10) data for Rb, Sb and Ta.

Although it was somewhat cumbersome to recalculate the elemental concentrations for each
grouping of elements and then to perform PCA, CLR–PCA performed better than regular PCA,
generating three distinct chemical groups using anywhere from three elements (see Fig. 12) to
seven elements (see Fig. 13). As in the regular PCA, however, CLR–PCA failed to generate clear
groups when more elements were used (see Fig. 14). This finding echoes Baxter and Freestone,
who argue that ‘In pattern-seeking statistical methodologies, the inclusion of variables that are not
structure-carrying can hamper the detection of structure, and these variables are not known in
advance of analysis’ (2006, 524). Unlike Baxter and Freestone (2006), we did not standardize our
data. However, if we can combine their results and ours, it seems that PCA of standardized data
would often be the most reliable in sorting different chemistries, followed by CLR–PCA, followed
finally by regular PCA.
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Figure 12 A CLR–PCA plot using altered data for Rb, Sb and Ta.

Figure 13 A CLR–PCA plot using altered data for Al, Fe, Hf, Th, Rb, Sb and Ta.

Consistently, then, it appears that the addition of more undiagnostic elements in multivariate
analyses can mask the presence of distinct chemical groups, as was further alluded to by Baxter
and Jackson (2001, 254).
ARCHAEOLOGICAL INTERPRETATIONS

Comparisons of group chemistries and the locations of samples
If we can assume that the sample collection from each site is representative of both the chemical
diversity and the frequency of each group, then we can begin to see some interesting patterns
when we consider the three different chemistries in relation to the sub-areas within the study
region (Table 7). For example, it is clear that all regions had access to all materials, but in the
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Figure 14

A CLR–PCA plot using altered data for Al, Fe, Hf, K, Th, Rb, Sb and Ta.
Table 7 Sorting of chemical groups by location

Location

Blackburn
Moore
Alzey
Cummings
Hart
Hooper
Ritz
Murphy
Slack Farm
Unnamed
Unnamed

Sample numbers
Group 1

Group 2a

Group 2b

3
7
2
4
–
–
–
5
24
2
2

7
3
8
–
1
3
2
30

4
4
–
–
3
3
2
4
1

–

–

Sub-area
West
West
East
East
East
East
East
Central
Central
Unknown
Central Indiana

eastern region the most popular materials were those that contributed to the chemistry of group
2a, while groups 1 and 2b were used less frequently. In the west, all groups were equally used,
while in the central region group 2a was again the most popular, followed closely by group 1,
while group 2b was rarely used.
If one looks at individual sites, it seems that all sites in the central and western regions had
access to and/or chose to use all the materials, a pattern that was not true in the east. In Hart,
Hooper and Ritz, the materials of group 1 were not used, while in Alzey group 2b was avoided,
and in Cummings neither 2a nor 2b materials were used.
Since all regions had access to all materials, it is possible that the chemical variations are not
associated with specific geographical areas but, instead, with different sediment horizons at each
location, as was proposed for ceramics from the Liri Valley in Italy (Hancock et al. 1984).
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If the eastern Cummings and Unnamed site samples had behaved akin to the other east
sub-area sites, there might have been a clear geochemical-differentiation interpretation associated
with the Wabash River and the Ohio River and the mixing of their sediments. However, such is
not the case. Perhaps the relatively small numbers of samples from some sites are not representative of the overall diversity of the possible ceramic chemistries to be found at each site, or
perhaps the ceramics were not recovered from where they were produced. Perhaps, as mentioned
above, the found chemical variations are associated with different sediment horizons at each
location.
Chemistries and ware types
Similarly interesting patterning occurs when one tries to associate chemistries with ware types
(Table 8; the ceramic type numbers come from Shergur et al. 2003). For example, the pattern
seems to suggest that to make Kimmswick Plain pans, potters used group 2 materials, while to
make Kimmswick Fabrick Impressed pans, they only used group 1 materials. The sample size at
the moment, unfortunately, is small so that these results are best considered preliminary, pending
the recovery and/or analysis of more material from these sites.
A comparison of chemistry with ware type and find sub-area is presented in Table 9. No simple
interpretation is possible, especially since the sample size breaks down even more. Furthermore,

Table 8 Comparison of chemistry with ware type

Kimmswick Plain pan
Kimmswick Fabric Impressed pan
Mississippi Plain jar
Bell Plain bowl and bottle
C-W Decorated jar
Unknown #1
Unknown #2
Other wares, clays and daubs

Type

Group 1

Group 2a

Group 2b

1
2
3
4
8
16
24

–
8
2
16
7
6
2
8

5
–
15
14
12
6
2
4

2
–
3
3
9
–
1
3

Table 9 Comparison of chemistry with ware type and find sub-area

Kimmswick Plain pan
Kimmswick Fabric Impressed pan
Mississippi Plain jar
Bell Plain bowl and bottle
C-W Decorated jar
Unknown #1
Unknown #2
Other wares, clays and daubs

Type

Group 1*

Group 2a

Group 2b

1
2
3
4
8
16
24

–
4c 2e 2w
2c
8c 3e 5w
3c 3e 1w
6c
2c
4c 2w 2CI

3c 2w
–
4c 6e 5w
7c 5e 2w
8c 3e 1w
6c
2c
3c 1e

1c 1w
3e
2w 1c
2c 3e 4w
–
1e
1e 2w

*c = Central; e = east; w = west; CI = central Indiana.
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any interpretation is complicated by the fact that the location where a sample was found may not
be associated with the place of ceramic production, an argument that applies to all of the above
sorting attempts.

Points arising
The most intriguing question arising from this exercise is whether there is a minimum number of
diagnostic elements that reliably sorts a seemingly geochemically uniform set of ceramic
samples. In many studies of medium- to coarse-ware ceramics, large numbers of elements
(>10–20) may contribute to sorting the data into different groups (e.g., Blomster et al. 2005;
Hancock et al. 2008). On the other hand, in obsidian analysis as few as three or four elements
may unequivocally be used to sort different flows at a single location (e.g., Hancock and Carter
2010). This presumably means that somewhere near, or between, these two extremes would be a
good choice for the minimum number of elements that can realistically sort an apparently
coherent collection of sample chemistries into clearly separate chemical groups.
Nearly as intriguing is the possibility that the inclusion of non-diagnostic elements in a PCA
hinders the resolving of distinct chemical groups in a suite of samples. It appears from the series
of PCAs shown in Figures 8 and 9 that inclusion of numbers of non-diagnostic elements in the
PCA overwhelms the sorting ability of a small number of diagnostic elements. Figures 10–12
show that it is semi-irrelevant, at least in this case, whether one uses Ca-corrected data,
Sc-normalized data or logarithmically transformed (log10) data.
Similar to PCA, but much less affected by non-diagnostic elements than PCA, is CLR–CPA,
in which a 1:1 ratio of diagnostic to non-diagnostic elements is acceptable.
Another finding of this exercise was that the use of simple bivariate plots, although more
time-consuming, is a vital first step in the decision-making process about how many and which
elements should be included in multivariate analyses. Also, the use of simple bivariate plots was
the last step needed to reliably interpret this data set. Although we may not perhaps extrapolate
these findings to other cases of data sorting, they may serve as a cautionary warning to data
interpreters.

CONCLUSIONS

This research is possibly an interesting example of evolution. It began as a simple reassessment
of an already interpreted ceramic data set, using a bivariate splitting approach. The first finding
was that the data set was not as accurate as was desired and, thus, a process had to be developed
to regularize the data. Once this was done, it was found that out of 32 analysed elements, only
three were of primary discriminating value in sorting the samples into three clear chemical
groups, with single daub and clay outliers. This finding confirmed that we had a very special data
set at our disposal, one that was potentially valuable for testing data sorting methods. When PCA
was applied to the corrected data set (in various modes), it was found not to sort the samples into
the newly established groups, unless only the three diagnostic elements were included in the
analysis. Then, when CLR–PCA was applied to the data set, it was found to sort samples better
than PCA, but again only when the ratio of diagnostic to non-diagnostic elements included in the
analysis was small (four undiagnostic elements/three diagnostic elements).
The implication of these latter findings is that unless relatively large numbers of elements act
as diagnostic elements, typical PCA or CLR–PCA data sorting approaches that use large numbers
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of elements may not work as expected. This brings us to the conclusion that chemistry, as
represented by bivariate plots of specific elements, trumps data dispersion, as represented by PCA
and CLR–PCA.
Given their analytical reliability, three of 32 altered element concentrations sorted our ceramic
chemical data into three chemical groups. It is therefore possible that minor differences among
wares of a small geographical region may be uncovered if the geochemical variability of
sediments in the region is suitable, and the appropriate form of data analysis is employed. This
was reinforced by both PCA and bivariate plots, although, in this case, bivariate plots performed
better than PCAs, and even CLR–PCA, that are currently the favoured workhorse in the primary
sorting of archaeometrical data. If this latter finding may be generalized, it implies that the
sub-optimal use of a data sorting approach may result in under- or mis-interpretation of a data set
that has cost much in time and effort to generate.
In this particular data set, the chemical groups found through our analysis may correlate with
different sediment horizons, with appropriate deposits available, or not, to the potters at each
geographical location. Also, REEs indicated one clay outlier (CW88), while daub sample CW43
was also an outlier, given its multiple element concentration mismatches.
It is well known that errors in analytical data may muddy the interpretation waters, but this
issue is not always appropriately addressed. On the other hand, it is not well known that the
correction of elemental concentration data for shell-tempered ceramics, rather than tightening
data distributions, may cause more data scatter than is in the original data if dolomite or dolomitic
limestone is also present in the samples analysed.
Data-correcting procedures, such as the altering of specific element concentrations because they
do not make geochemical sense in a chemically objective manner, or shell-temper (Ca) corrections
or Sc-normalizations, may hide rather than reveal chemical outliers, and thereby alter the
interpretation of the adjusted data set. Archaeologists and archaeometrists might also consider
exploring multiple versions of their data (uncorrected, corrected, normalized, log10 etc.) using
multiple approaches and remain focused, during their interpretations, on their knowledge of
geochemistry, their ceramics, and the geology and archaeology of the region within which they are
working.
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