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[1] The alteration of subseafloor volcanic glass from three locations is qualitatively attributed to biological
(biotic) or chemical (abiotic) reactions on the basis of microscopic morphology of the boundary between
the unaltered and altered glass. Eleven-element composition of fresh basalt glass (sideromelane) and its
alteration products were determined by electron microprobe. Principal component analysis (PCA) using
these eleven elements as input (Na11, Mg12, Al13, Si14, P15, Cl17, K19, Ca20, Ti22, Mn25, and Fe26) extracts
three factors accounting for 80.5% of the variance in the data. These three factors can serve as inputs to a
hierarchical cluster analysis (HCA) algorithm for data-driven discovery of three sample classes. This
autonomous classification agrees with the petrographic microscopic classification in 14 of 15 biotic clay
analyses. From a set of 34 analyses identified microscopically as abiotic clay the autonomous system
identifies 4 with elemental abundance characteristics similar to the biotic clay and 4 similar to unaltered
glass. PCA factors are then used as inputs to train an artificial neural network to produce a Bayesian
probability of correct classification using the classes discovered by HCA. Mean Bayesian probabilities of
correct classification for abiotic clays, biotic clays, and glass were 76.1 ± 8.5%, 64.9 ± 9.0%, and 77.0 ±
7.2%, respectively. Interestingly, in the 9 of 74 cases where visual and elemental analysis disagree, the
Bayesian probability estimate of correct classification using only elemental abundance data is low (60.0 ±
11.7%) compared to analyses where visual and elemental data agree (75.5 ± 7.8%). To our knowledge, this
is the first demonstration of a quantitative method for discrimination of biotic and abiotic alteration of
subocean basalt glass. As such, the techniques make possible the systematic assessment of the impact of
microbial life on subsurface basalts.
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1. Introduction

[2] Evidence of microbial activity in igneous rocks
was first described in an outcrop of hyaloclastite
from an Icelandic subglacial eruption [Thorseth et
al., 1992]. Further evidence of microorganism ac-

tivity in subsurface igneous rocks on land and under
the oceans is now available [Thorseth et al., 1995;
Stevens and McKinley, 1995; Furnes et al., 1996;
Giovannoni et al., 1996; Furnes and Staudigel,
1999]. It now appears that microorganisms may
be active in the majority of volcanic rocks of the
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ocean basins [Fisk et al., 1998; Furnes et al.,
2001]. Most of the microbial activity identified to
date in these igneous rocks has been in volcanic
glass.

[3] Abiotic chemical alteration of volcanic glass
produces smooth alteration fronts [Fisk et al.,
1998, 2003] where glass has been transformed to
hydrous silicates (palagonite, clay, and iron oxy-
hydoxides). In contrast, biologically altered glass
has distinctive pits and tubes which produce an
irregular boundary between glass and palagonite
[Thorseth et al., 1992, 1995; Fisk et al., 1998;
Furnes and Staudigel, 1999; Furnes et al., 2001;
Fisk et al., 2003]. Tubes that penetrate volcanic
glass may be single or branched. Their walls
may be smooth or have an irregular pitted
surface. These tubes can extend up to 200 mm
into the basalt glass, and in some cases contain
cell-like bodies [Fisk et al., 1998]. Multiple
styles of tubes and pits (hereafter referred to as
‘‘microbial textures’’) may occur in close prox-
imity (less than 100 mm from each other). These
microbial textures are usually identified with
either optical microscopy [Fisk et al., 1998;
Furnes and Staudigel, 1999; Furnes et al.,
2001] or electron microscopy [Torsvik et al.,
1998; Fisk et al., 2000]. Areas of suspected
microbial activity that have been identified by
microscopic inspection of petrographic thin sec-
tions can be examined with alternate tests for
microbial presence.

[4] In a previous communication we have applied
deep ultraviolet Raman spectroscopy, electron
microprobe two-dimensional mapping, environ-
mental scanning electron microscopy, in situ
chemical staining for DNA, amino acid analysis,
and DNA extraction to confirm the presence of
microbial life in Mauna Kea vesicular basalt
cores from a depth of 1336–1440 meters below
Hilo airport [Fisk et al., 2003]. All of these
methods produce qualitative biosignatures of
microbial activity. The most commonly
employed of these methods (visible light micros-
copy and electron microscopy) rely on visual

inspection and the rendering of an expert opin-
ion. We now present a quantitative method
capable of providing an automated, unsupervised
discrimination of glass alteration into biotic and
abiotic classes. The technique employs principal
component analysis (PCA) to extract a set of
factors accounting for the majority of the vari-
ance in the elemental abundances of eleven
elements (Na11, Mg12, Al13, Si14, P15, Cl17,
K19, Ca20, Ti22, Mn25, and Fe26) as determined
by electron microprobe analysis of deep sea
basalt glass and alteration products. These factors
are then used as input data first for a hierarchical
analysis (HA) clustering algorithm to perform
unsupervised detection of data clusters. Finally,
the PCA factors and the objectively detected
cluster assignments are used to train a nonlinear
stochastic artificial neural network (ANN) to
predict the Bayesian likelihood of correct classi-
fication. We first describe the samples, discuss
the advantages of using the combination of
multifactor analysis, autonomous clustering, and
neural network techniques to provide a quantita-
tive geobiology metric. These findings are then
discussed in the context of the petrographic
classification.

2. Samples and Methods

2.1. Samples

[5] Basalts were cored by the Ocean Drilling
Program and the Deep Sea Drilling Project from
beneath the ocean floor from three different sites,
two in the Pacific and one in the Atlantic. The
locations, depth, age, and in situ ambient temper-
atures at these sites are given in Table 1. Each
basalt in this study is typical of basalts generated
at mid ocean ridges in terms of chemical com-
position, mineralogy, and lava morphology. The
exterior of the lavas was quenched to siderome-
lane (black basalt glass with an obsidian-like
appearance) as the 1100 to 1200�C magma
erupted into seawater that was less than 10�C.
Some of the volcanic glass remains pristine, and

Table 1. Sampling Site Location, Depth, Temperature, and Age

Site Latitude Longitude Sample ID Water Depth, m dbsf,a m Temp., �C Age, Ma Ref.b

482D 22�47.310N 107�59.510W 11-2, 32 3008 161 140 0.5 1
559A 35�7.450N 40�55.000N 8-1, 5 3754 292 10 15 2
801C 18�58.540N 156�21.590E 17-2, 7 5674 644 25 170 3

a
Depth below seafloor.

b
1, Lewis et al. [1983]; 2, Bougault et al. [1985]; 3, Plank et al. [2000].
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some of it has been chemically modified (altered)
resulting in the formation of secondary clays,
palagonite, and iron oxyhydroxides. These sec-
ondary minerals may be the product of abiotic
chemical alteration of glass or they may form in
association with microbial activity on the surface

of the basalt glass. These two alternatives are
described in the next section.

2.2. Methods

2.2.1. Petrographic Microscope Thin
Section Analysis

[6] The alteration was attributed to biological
(biotic) or chemical (abiotic) reactions based on
the morphology of the boundary between the
unaltered and altered glass [Fisk et al., 1998;
Furnes and Staudigel, 1999; Furnes et al., 2001].
In sample 482D (Figure 1a) all the alteration of the
glass has been attributed to abiotic processes
because the boundary between the unaltered
volcanic glass (lower half of Figure 1a) and the
secondary smectite clay (upper half of Figure 1a) is
smooth [Furnes and Staudigel, 1999; Fisk et al.,
2003]. The high ambient temperature of 140�C
where the sample was collected also suggests that
microbes were not active in this sample when it
was collected. Microbial activity cannot be ruled
out on the basis of temperature alone, because the
upper temperature limit for temporary survival of a
thermophilic microorganism is unknown. (The
current maximum temperature for a growing and
replicating organism in culture is 121�C [Kashefi
and Lovley, 2003]). Using previously established
criteria [Furnes and Staudigel, 1999] we believe
microbes did not participate in the formation of the
smectite shown in Figure 1a.

[7] Sample 559A contains both biotic and abiotic
alteration (Figure 1b). Regions of tubes into glass
and areas of palagonite at the margin of microbially
altered glass were interpreted as biotic alteration
[Furnes and Staudigel, 1999]. Regions of gel
palagonite (analyses 31 to 34) are interpreted as
abiotic. The gel palagonite may have been biolog-
ically produced and then overprinted by reaction
with water flowing through the fracture near anal-
ysis 34, or this material could have been a conse-
quence of abiotic alteration of volcanic glass.

[8] Sample 801C also has secondary clays that are
considered to be abiotic, such as the material that
appears to have filled the fracture in two stages
(Figure 1c). The first stage is a brown smectite on
the fracture walls (analyses 68 and 69), and the
second stage is a greenish smectite in the center of
the fracture (analyses 66 and 67). This sample also
contains biotic alteration at the margin of the
fracture (analysis 70) and in the dark area of dense
tubes (analyses 72 to 75). Analysis 71 is unaltered
volcanic glass.

Figure 1. Photomicrographs of petrographic thin
sections used in this study. (a) A region of sample
482D which was originally entirely volcanic glass. The
lower half remains unaltered glass, while the upper half
is smectite clay. A fracture present in the smectite (light
zone parallel to the glass-clay boundary) was the
starting locus for alteration. Analysis points are keyed
to Table 2. (b) Sample 559A. Points 31 to 34 are abiotic
alteration of glass (palagonite). Points 35 to 39 are in a
region of microbially modified palagonite. Points 40 to
44 are in an area of volcanic glass containing numerous
microbial tubes. (c) Sample 801C. Points 66 to 69 are on
clay filling a fracture through volcanic glass. Point 70 is
a region of microbial alteration of glass on the fracture
edge. Point 71 is unaltered glass. Points 72 to 75 are in a
region of dense opaque tubes at the margin of volcanic
glass. The insert in Figure 1c depicts the fine structure of
biotic alteration. The scale bar is 10 mm.
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2.2.2. Electron Microprobe Thin Section
Analysis

[9] Quantitative, eleven-element, electron micro-
probe analyses (Table 2) were acquired with a
four-spectrometer CAMECA SX-50 at Oregon
State University. Analyses of glass and alteration
products were made with an accelerating voltage of
15 kV and a beam current of 10 nA. Element peak
intensities were counted for 10 seconds except Ti,
and Fe, which were counted for 20 seconds. Back-
grounds on each side of the peak location were
counted half as long as the peak. Well-character-
ized mineral and glass standards were used for
calibration and internal standards [Fisk et al.,
1996]. Elemental abundance of oxygen was not
measured, but all elements except Cl were assumed
to be present as oxides.

2.2.3. Principal Component Analysis

[10] This paper employs a multivariate analysis
technique, principal component analysis (PCA), a
clustering technique, hierarchical cluster analysis
(HCA), and a nonlinear stochastic backpropagation
artificial neural network (ANN) to extract a quan-
titative geobiological signature from elemental
abundances. When initially exploring an extreme
environment with a novel probe, it is desirable to
search for self-organizing patterns in the raw data.
Both unsupervised artificial neural networks
[Kohonen, 1977] and factor analysis techniques
have been applied for this initial qualitative explo-
ration. Previous work in our laboratory has dem-
onstrated the feasibility of using classical linear
factor analysis techniques such as PCA to identify
specific spectral signatures [Storrie-Lombardi et
al., 1994; von Hippel et al., 1994]. For a more
rigorous description of PCA consult Appendix A,
section A1, or Murtagh and Heck [1987, and
references therein].

[11] In the work presented in this paper, the input
vector of raw parameters to the PCA algorithm was
composed of the elemental oxide abundances found
in the basalt samples. These abundance data com-
prise an input vector, Si,l, where i represents n (11)
input parameters for each vector and l indexes the m
(75) training vectors. PCA first finds the mean
vector, DSi,l, calculates the difference between this
mean and each individual vector, estimates the
parameter covariance matrix, Cj,k, and decomposes
this into constituent eigenvalues and normalized
eigenvectors. The decomposition can be restricted
to the first p{x} terms accounting for x percent of the
variance in the data (in this study, p = 3, x > 80%).

Used in this fashion the method yields the optimum
(in a least squares sense) linear reconstruction of the
input signal using the fewest, p, parameters.

2.2.4. Hierarchical Cluster Analysis

[12] Clustering algorithms search for natural groups
of data set members using an unsupervised search
strategy, i.e., the clustering algorithms have no prior
knowledge of the groups suspected by the experi-
menter. Hierarchical cluster analysis (HCA) is a
statistical method for finding such clusters [Murtagh
and Heck, 1987]. Initially each member of the data
set is considered a separate cluster. The algorithm
then combines the clusters by merging nearest
neighbors according to a predefined metric. Com-
bination continues, reducing the number of clusters
at each step until only one cluster is left. HCA can
then be represented as a tree, or dendrogram, where
each step in the clustering process is illustrated by a
branching of the tree. This type of clustering
technique has been widely employed in molecular
biology to produce the canonical genomic
classification system [Woese et al., 1990]. As such,
the methodology has been a central tool for
understanding the diversity and evolution of life in
the subsurface biosphere. A description of the
specific algorithm applied here can be found in
Appendix A, section A2.

[13] In the current experiment, the inputs to the
algorithm are the principal components extracted
by PCA. Such a strategy makes it possible to
combine all the principal components extracted
into a single cluster search algorithm. We empha-
size that algorithms such as PCA and HCA are
exploratory techniques used to generate hypotheses
about a data set rather than test a hypothesis. To
produce a quantitative assessment of the correct-
ness of the proposed classification, we have chosen
to implement a Bayesian probability estimator.

2.2.5. Stochastic Artificial Neural Networks
and Bayesian Probabilities

[14] Bayesian probability theory presents a formal-
ized methodology for establishing the likelihood
that any particular observation can be correctly
included in a specific class of observations [Bayes,
1763]. Suppose there exists a hypothesis, H, pro-
posing that an observation, X, whose class member-
ship is unknown, belongs to a specific class, C. For
classification, we want to determine P(HjX), i.e., the
probability, P, that the hypothesis, H, holds, given
the observation, X. P(HjX) is the a posteriori prob-
ability of H given X. In contrast, P(H) is the a priori
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Table 2. Chemistry of Glass, Abiotic Clay, and Biotic Claya

Sample ID Analysis Petrographic ID Na2O MgO Al2O3 SiO2 P2O5 Cl K2O CaO TiO2 MnO FeO Sum

482D 1 A 0.42 22.33 3.33 52.99 0.01 0.02 0.27 0.59 0.09 0.01 13.21 93.38
482D 2 A 0.64 18.30 8.51 46.97 0.01 0.04 0.35 0.94 0.16 0.10 15.95 92.14
482D 3 A 0.48 18.67 8.32 47.93 0.01 0.04 0.34 0.89 0.08 0.04 15.40 92.35
482D 4 A 0.45 16.32 7.87 43.14 0.02 0.05 0.53 1.13 0.29 0.08 15.69 85.71
482D 5 A 0.89 15.24 8.19 40.02 0.10 0.07 0.58 1.47 0.64 0.09 16.31 83.76
482D 6 A 0.58 17.04 12.73 36.05 0.07 0.04 0.33 0.41 1.63 0.13 19.85 89.01
482D 7 A 0.72 17.26 11.43 39.80 0.05 0.01 0.25 0.39 1.79 0.13 17.71 89.64
482D 8 A 0.31 18.70 8.59 47.64 0.02 0.03 0.36 0.92 0.13 0.06 16.04 92.92
482D 9 A 0.30 18.74 8.64 48.11 0.01 0.02 0.34 0.88 0.08 0.07 15.87 93.21
482D 10 A 0.33 18.50 8.51 47.20 0.02 0.01 0.47 0.81 0.18 0.12 16.54 92.84
482D 11 A 0.44 17.29 11.65 37.98 0.11 0.03 0.32 0.47 2.34 0.15 18.18 89.09
482D 12 A 0.79 18.09 12.44 39.87 0.01 0.03 0.23 0.31 0.78 0.09 18.05 90.78
482D 13 A 0.06 17.21 11.97 40.07 0.00 0.02 0.22 0.44 1.64 0.10 17.73 89.58
482D 14 G 2.49 7.66 14.68 50.21 0.11 0.02 0.08 12.02 1.61 0.22 11.54 100.79
482D 15 G 2.40 7.74 14.55 50.33 0.15 0.01 0.08 11.97 1.68 0.20 11.62 100.85
482D 16 A 0.39 17.10 11.27 39.76 0.00 0.02 0.52 0.44 1.08 0.09 20.01 90.80
482D 17 A 0.13 18.14 11.99 40.15 0.00 0.02 0.28 0.42 0.82 0.14 17.89 90.07
482D 18 A 0.08 17.79 12.31 39.42 0.03 0.02 0.22 0.35 1.68 0.16 17.96 90.12
482D 19 A 0.08 17.88 12.29 39.54 0.03 0.03 0.21 0.38 1.79 0.13 17.91 90.37
482D 20 A 0.06 16.83 11.04 40.94 0.00 0.03 0.24 0.53 1.87 0.18 18.36 90.20
482D 21 G 2.45 7.69 14.45 50.40 0.11 0.03 0.09 11.86 1.69 0.17 11.50 100.55
482D 22 G 2.54 7.64 14.50 50.40 0.12 0.02 0.08 11.94 1.67 0.16 11.69 100.91
482D 23 A 0.60 16.17 9.94 41.87 0.12 0.04 0.71 2.23 0.92 0.08 19.45 92.30
482D 24 A 0.19 17.74 12.39 39.28 0.08 0.01 0.29 0.44 1.83 0.10 18.17 90.59
482D 25 A 0.04 17.17 11.20 40.35 0.00 0.05 0.27 0.42 1.82 0.14 18.67 90.26
482D 26 A 0.05 16.32 11.15 42.58 0.00 0.03 0.29 0.66 1.95 0.17 17.57 90.88
482D 27 G 2.49 7.71 14.47 50.51 0.11 0.02 0.08 11.70 1.66 0.23 11.62 100.78
482D 28 G 2.38 7.47 13.87 48.82 0.14 0.01 0.08 11.59 1.64 0.21 11.30 97.63
482D 29 G 2.53 7.53 14.54 50.33 0.09 0.04 0.05 11.90 1.65 0.17 11.66 100.65
482D 30 G 2.49 7.70 14.71 50.49 0.14 0.02 0.07 11.84 1.67 0.23 11.61 101.07
559A 31 A 3.97 1.17 20.48 32.77 0.56 0.26 1.62 0.96 2.27 0.08 16.62 81.95
559A 32 A 2.48 1.21 21.28 33.83 0.62 0.21 1.19 1.00 2.38 0.10 16.62 82.01
559A 33 A 1.49 1.18 20.75 33.13 0.49 0.23 0.93 1.08 2.40 0.12 16.57 79.73
559A 34 A 0.87 1.19 17.64 36.77 0.40 0.23 1.08 1.11 3.10 0.13 20.01 83.75
559A 35 B 0.97 14.64 16.15 42.85 0.12 0.05 1.54 2.62 1.38 0.17 15.16 96.88
559A 36 B 0.94 2.36 18.58 42.60 0.08 0.12 2.21 1.05 2.68 0.06 18.97 90.98
559A 37 B 0.53 3.30 16.58 42.47 0.03 0.14 2.01 1.05 2.81 0.02 18.51 88.66
559A 38 B 0.44 3.52 16.30 42.41 0.07 0.16 2.13 0.90 2.83 0.02 18.54 88.32
559A 39 B 0.34 3.30 15.70 42.25 0.01 0.13 1.88 0.92 2.77 0.08 18.60 86.94
559A 40 B + G 2.40 7.76 15.02 49.29 0.23 0.04 0.35 10.53 1.67 0.20 10.85 98.55
559A 41 B + G 2.50 8.10 15.02 49.85 0.20 0.02 0.34 10.86 1.63 0.19 10.67 99.54
559A 42 B + G 2.72 8.19 14.96 49.93 0.18 0.03 0.34 10.87 1.64 0.17 10.67 99.83
559A 43 B + G 2.54 7.89 14.85 49.39 0.16 0.02 0.33 10.37 1.73 0.14 11.09 98.73
559A 44 B + G 2.43 7.82 14.93 49.33 0.27 0.02 0.40 10.40 1.70 0.09 11.03 98.65
559A 45 B + G 1.88 6.32 16.43 47.80 0.23 0.06 0.53 8.13 1.75 0.12 11.51 95.63
559A 46 G 2.62 8.23 15.15 50.38 0.23 0.04 0.33 10.79 1.71 0.14 10.62 100.43
559A 47 G 2.59 8.11 15.26 50.04 0.15 0.03 0.31 10.78 1.70 0.19 10.64 99.93
559A 48 G 2.59 8.18 15.17 49.85 0.19 0.02 0.33 10.78 1.63 0.17 10.64 99.68
559A 49 G 2.59 7.82 15.09 49.99 0.16 0.04 0.32 11.00 1.66 0.11 10.54 99.50
801c 50 G 2.69 5.87 12.46 49.32 0.27 0.08 0.16 9.93 2.79 0.25 14.37 98.35
801c 51 G 2.64 5.83 12.31 49.24 0.26 0.08 0.16 9.96 2.74 0.22 14.63 98.26
801c 52 G 2.59 5.84 12.28 49.10 0.23 0.08 0.17 10.06 2.65 0.24 14.47 97.91
801c 53 B 0.74 3.29 13.02 48.47 0.16 0.06 0.47 3.52 3.08 0.05 16.37 89.44
801c 54 B + G 2.29 5.58 12.22 49.26 0.22 0.09 0.26 9.38 2.73 0.21 14.55 96.98
801c 55 B 0.68 2.81 12.53 48.68 0.14 0.06 0.82 2.85 3.34 0.06 17.15 89.30
801c 56 B 0.31 2.97 12.96 45.76 0.12 0.06 0.61 1.49 3.32 0.01 20.56 88.40
801c 57 B 0.24 3.64 12.54 43.03 0.07 0.05 0.53 1.24 2.99 0.02 23.72 88.30
801c 58 A 0.82 5.59 12.03 48.08 0.20 0.03 0.71 6.54 2.66 0.17 14.01 91.02
801c 59 A 1.15 5.55 11.66 47.29 0.22 0.06 0.59 10.09 2.67 0.19 14.06 93.74
801c 60 B + G 2.12 5.18 12.65 49.81 0.24 0.07 0.33 8.59 2.93 0.18 14.38 96.66
801c 61 B + G 1.81 4.66 12.71 49.67 0.20 0.06 0.48 7.28 3.10 0.13 15.26 95.59
801c 62 B 0.20 3.25 12.88 44.85 0.07 0.04 0.72 1.37 3.40 0.03 22.19 89.22
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probability of H, or the likelihood of including any
observation, X, in class C. The posterior probability,
P(HjX), is based on more information (such as the
occurrence of X) than the prior probability, P(H),
which is independent ofX. Bayes theoremprovides a
way of calculating the a posteriori probability,
P(HjX), from P(H), P(X), and P(XjH). Bayes theo-
rem is

P H jXð Þ ¼ P X jHð ÞP Hð Þ=P Xð Þ:

Therefore the probability of H given X is directly
proportional to the product of the probability of X
given H and the probability of H, and is inversely
proportional to the probability of X.

[15] Bayesian theory has been a fundamental tool for
quantifying how experts generate reproducible clas-
sification decisions. Artificial neural networks
(ANNs) are simple optimization algorithms mod-
eled on signal processing characteristics of the
mammalian brain [Kohonen, 1977; Hopfield and
Tank, 1986; Rumelhart et al., 1986; Adorf, 1989;
Hinton, 1991] previously shown to be robust Bayes-
ian estimators [Storrie-Lombardi et al., 1994].
ANNs extract fundamental information from a data
set in a manner similar to PCA and can be used to
generate principal components and compress data
[Lahav et al., 1995]. Both PCA and ANNs can be
used efficiently to first extract significant features
and then use the resulting one dimensional data
arrays for classification. PCA has the advantage
of inherently telling us how much of the data
variance is contributed by the abundance data for
a particular element. However, ANNs are capable
of handling more difficult classification tasks than
PCA including discrimination of classes that are
not linearly separable [Storrie-Lombardi and
Lahav, 1995]. The most powerful feature of
stochastic backpropagation ANNs is their ability

to generate a Bayesian probability estimate of the
correctness of their classification of each individ-
ual analysis [Storrie-Lombardi et al., 1992]. For a
more complete description of the construction of
these algorithms refer to Appendix A, section A3.

[16] In the current study, the inputs to the ANN are
the principal components identified by PCA as
containing >80% of the information available in
the elemental abundance data. The ANNs can then
train against the visual classification of the human
expert (MRF) or against the unsupervised classifi-
cation using PCA and HCA. Once trained, the ANN
is then tested on data it has not previously seen. To
test an entire data set, data are split into two or more
randomly chosen sets. A network trained on one set
is then used to analyze other data. A round-robin
procedure using multiple nets is then employed to
test all data. It has been shown theoretically [Gish,
1990; Richard and Lippmann, 1991] and demon-
strated experimentally [Storrie-Lombardi et al.,
1992] that the jth component of the output vector
will represent the probability for class j given the
input parameters P(Cjjx). The final output of the
ANN nodes will sum to zero Skok �0 ± e, where e
is some level of error generated by the stochastic
nature of the minimization. Summing to zero
identifies the outputs as Bayesian probability
estimates. In this case it is the probability that we
would be correct by including a given observation
in any one of the classes originally identified by the
expert or by HCA.

3. Results

3.1. Microscopic Classification of
Petrographic Thin Sections

[17] Petrographic thin sections from three drill sites
appear in Figure 1. Representative analyses are

Table 2. (continued)

Sample ID Analysis Petrographic ID Na2O MgO Al2O3 SiO2 P2O5 Cl K2O CaO TiO2 MnO FeO Sum

801c 63 B 0.34 4.15 12.99 47.29 0.04 0.05 1.02 1.28 2.03 0.04 20.34 89.79
801c 64 A 0.77 4.83 13.76 50.91 0.05 0.05 1.42 1.12 1.80 0.03 15.11 90.14
801c 66 A 1.24 5.35 11.04 44.94 0.19 0.10 1.65 8.81 2.32 0.19 18.33 94.38
801c 67 A 0.96 5.46 11.22 44.59 0.20 0.11 1.80 7.80 2.20 0.15 19.00 93.75
801c 68 A 1.42 5.56 12.00 47.65 0.24 0.07 0.52 9.76 2.58 0.23 14.05 94.20
801c 69 A 1.48 5.61 11.99 47.97 0.23 0.07 0.60 8.58 2.57 0.22 14.16 93.67
801c 70 B 0.85 2.75 12.76 47.35 0.14 0.11 0.73 2.00 3.18 0.04 17.97 88.11
801c 71 G 2.63 5.83 12.14 49.15 0.25 0.09 0.15 9.72 2.58 0.24 14.44 97.41
801c 72 B 1.28 3.62 10.43 41.90 0.06 0.09 0.71 2.12 3.48 0.04 25.60 89.62
801c 73 B 0.72 3.41 11.87 40.98 0.05 0.06 0.54 1.67 3.25 0.01 26.05 88.87
801c 74 B 0.53 3.45 12.24 40.91 0.04 0.07 0.48 1.38 3.22 0.01 26.19 88.77
801c 75 B 0.43 3.85 12.00 38.62 0.03 0.08 0.40 1.09 3.19 0.05 28.36 88.33

a
Chemistry is in wt.%. G, glass; A, abiotic clay; B, biotic clay.
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marked denoting what appear on visual inspection
to be biotic and abiotic clays as well as glass.
Microscopic examination identifies 34 of 75 anal-
yses as abiotic clay, 16 as biotic clay, 16 as basalt
glass, and 9 as basalt glass containing modest
quantities of biotic clay. Examination of site 482A
revealed a smooth boundary between the unaltered
volcanic glass and the secondary smectite clay
indicative of the absence of biological activity at
this boundary. All regions analyzed here are judged
to be either abiotic clay (for example analysis points
8 to 13 in Figure 1a) or basalt glass (points 14
and 15). Examples of biotic clay are indicated in
sample 559A (analyses 35 to 39, Figure 1b) and
801C (analyses 70, 72–75, Figure 1c). The opaque
biotic alterations in 801C exhibit considerable fine
structure at higher magnification (insert). In
site 559A analyses 40–44 are classified as basalt
glass with modest biotic clay alteration.

3.2. Principal Component Analysis Feature
Extraction

[18] Three PCA factors extracted from the elemen-
tal abundance data account for 80.7% of the
variance. Examination of the three-dimensional
plot (Figure 2) of the three factors reveals that

15 of 16 biotic clay samples (crosses) are easily
distinguished from 30 of the abiotic clays (solid
circles) and all basalt glass (open circles). Samples
of basalt glass thought to contain small to modest
quantities of biotic clay (plus signs) cluster with the
basalt glass. One biotic analysis, 559A-A35, clus-
ters with the abiotic clays. Four abiotic clays
cluster with the basalt glass (801C 58–59, 68–
69) and another four abiotic clays cluster loosely
with the biotic clays (801C 64–67). However, two
of these (64 and 65) were in regions of the sample
where the visual interpretation of biotic versus
abiotic alteration was not straightforward. Elemen-
tal abundance signatures extracted by PCA cluster
in a region midway between basalt glass and biotic
clay samples. Thus the elemental abundance ob-
jective algorithmic analysis again seems to confirm
the visual interpretation of the alteration. Color
encoding in Figures 2, 3, and 4 refers to autono-
mous data clustering produced by PCA/HCA.

3.3. Hierarchical Cluster Analysis of PCA
Factors

[19] The first three PCA components serving as
inputs to an HCA clustering algorithm produce a
dendrogram (Figure 3) that confirms the visual
impression from the 3-D factor plot. The elemental
abundance data produce three major hierarchical
clusters, hereafter referred to as HCA1 (approxi-
mately similar to unaltered basalt glass), HCA2
(�abiotic clays), and HCA3 (�biotic clays). HCA
clusters the putative biotic clays known to contain
significant quantities of glass with the unaltered
basalt glass. The putative biotic clay sample,
559A-35A, clusters with the abiotic clays. Four
abiotic clays (801C 58–59, 68–69) cluster with the
basalt glass and another four abiotic clays cluster
loosely with the biotic clays (801C 64–67). Four
putative abiotic clay samples (559A 31–34) are
classified equidistant from all three classes. Two of
these analyses (64, 65) are particularly interesting
because they are likely to be biotic alteration
overprinted by later reaction with seawater. The
interaction with seawater would be expected to
shift the elemental composition closer to that of
the abiotic clay. In the PCA plot these samples are
clearly in a no-man’s-land and that ambiguity is
reflected in the HCA dendrogram.

3.4. Bayesian Probability Estimates Using
Artificial Neural Networks

[20] To generate a quantitative metric for the prob-
ability that HCA has correctly classified the sam-

Figure 2. Three PCA factors account for 80.7% of the
variance in the elemental abundances. The three factors
cluster 15 of 16 biotic clay samples (crosses),
distinguishing them from abiotic clays (solid circles)
and basalt glass (open circles). Samples of biotic clay
known to contain significant quantities of basalt glass
(plus signs) cluster with the basalt glass. Clusters are
color encoded to denote membership in the three HCA
classes depicted in Figure 3.
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ples using only the elemental abundance data, the
samples were recoded according to the HCA
results rather than using the classification based
on visible morphology. The three PCA factors
previously extracted were used as inputs to a
stochastic backpropagation algorithm. The sample

set was split in half with matched pairs of samples
going into two data sets that were used in round-
robin fashion to train and then test the ANN on
unknowns. The results of testing the output of the
two ANNs were merged for analysis of the full
data set. In this way the algorithm is always tested

Figure 3. The first three PCA components serving as inputs to HCA confirm the visual impression from the 3-D
factor plot (Figure 2). The elemental abundance data produce three major clusters showing significant correlation to
petrographic identification: HCA1 (in red) unaltered basalt glass; HCA2 (in blue) abiotic clay; and HCA3 (in green)
is composed primarily of biotic clay. HCA clusters the putative biotic clays known to contain significant quantities of
glass with the basalt glass cluster. Petrographic identification encoded as in Figure 2: biotic clay (crosses), abiotic
clays (solid circles), basalt glass (open circles), and mixtures of basalt glass and biotic clay (plus signs).
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on data it has not seen during training, but all data
can still be evaluated. The three ANN outputs
nodes produce the Bayesian probability of inclu-
sion into each of the three classes identified by
HCA. Since the probabilities of a Bayesian esti-
mator sum to �1, the results can be plotted as a
ternary diagram (Figure 4). (It is important to note
that the tilde (�) reflects the fact that the ANNs
employed here are stochastic and do not force the
final probability estimates to sum to 1. Checking
the sums of the probabilities provides a method of
determining that ANN training has been sufficient,
but not excessive.) Figure 4 is a ternary diagram
demonstrating that the majority of the samples are
classified with relatively high degree of certainty.
The apex of the triangle represents a 100% Bayes-
ian probability of correct classification in one of
the three classes identified by HCA. A completely
uncertain classification of 33% probability for each
of the classes would be represented by a point in
the center of the triangle. The etiology of the lower
probability classification of some samples and the
disagreement between visual morphological classi-
fication and elemental abundance analysis can be
evaluated by looking at difference in mean abun-
dances for the classes.

[21] The mean elemental abundances for the three
major clusters and the minor clusters falling out-
side their anticipated zones appear in Table 3. As
predicted from the high ambient temperature of
140�C and the microscopic detection of a smooth
boundary between the unaltered volcanic glass and
the secondary smectite clay indicative of the
absence of biological activity at this boundary
(Figure 1a), all of the samples from site 482D
cluster with either abiotic clay or basalt glasses.
The abiotic clay samples from site 801C that
cluster closer to the basalt glass (analyses 58, 59,
68, and 69) show elevations in the levels of Na, P,
Ca, Ti, and Mn and low levels of Mg and Al
compared to the average abiotic clay. These anal-
yses are within fractures in glass which were filled
with smectite clay after the formation of the biotic
alteration. The abiotic clay samples from site 801C
that cluster closer to the biotic clay samples (sam-
ples 64–67) differ from the majority of the abiotic
clay samples with significant (>1 s) elevations in
Na, Al, P, Cl, K, Ca, and Ti and loss of Mg. The
biotic clay samples containing significant quanti-
ties of basalt glass differ from the majority of the
biotic clay samples by alterations in Na Mg, Al, P,
K, Ca, Mn, and Fe. Although abundances for Al,
Si, and P closely approximate those for the average
basalt glass sample, abundances for Na, Mg, Cl, K,
Ca, Ti, and Mg are intermediate between the basalt
glass and biotic clay means.

[22] The single putative biotic clay sample that
does not cluster with the majority of biotic clay
samples (559A 35) exhibits relatively high levels
of Mg and Mn and low abundances of Cl, Ti,
and Fe, similar to the abundances for the abiotic
clays. However, abundances of Na, Al, P, and
Ca more closely resemble the biotic samples.
Table 4 depicts the ANN prediction of the
likelihood that the cluster classification provided
by the clustering algorithm is correct. These
values are the mean ± 1 s Bayesian probability
estimates that the samples clustering in HCA1
(Basalt Glass), HCA2 (Abiotic Clay), and HCA3
(Biotic Clay) classes are correctly classified.
Finally, test-retest evaluation revealed that the
ANN solution was extremely stable with multi-
ple runs varying by <10�4%. Interestingly, in
the 9 of 74 cases where visual and elemental
analysis disagree, the Bayesian probability esti-
mate of correct classification using only elemen-
tal abundance data is low (60.0 ± 11.7%)
compared to analyses where visual and elemen-
tal data agree (75.5 ± 7.8%). This indicates
relative uncertainty on the part of the ANN that

Figure 4. The outputs from three ANN nodes produce
the Bayesian probability of inclusion into each of the
three classes identified by HCA. Since the probabilities
of a Bayesian estimator sum to 1, the results are plotted
as a ternary diagram. Cluster coding as above: HCA1 in
red, HCA2 in blue, and HCA3 in green. Petrographic
identification again encoded as in Figures 2 and 3: biotic
clay (crosses), abiotic clays (solid circles), basalt glass
(open circles), and basalt glass with some biotic clay
(plus signs).
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the elemental abundance data are sufficient for
classification.

4. Discussion

4.1. Microscopic Evaluation of
Petrographic Thin Sections

[23] Initial descriptive evaluation of petrographic
thin section remains the cornerstone of sample
surveys. The human eye functions as an excep-
tionally accurate detector of subtle difference in
shape, contour, and texture [Kohonen, 1977;
Hopfield and Tank, 1986]. The information
extracted is not necessarily identical with that
provided by elemental abundance data, although
significant correlations between the two can be
expected. Slight alterations in elemental abundan-
ces can produce significant alterations in selec-
tive wavelength absorption with the attendant
shifts in perceived color and texture that assist
in visual classification of the samples. The visual
information distinguishing abiotic from biotic
alteration may turn out to be representative of
a more general phenomena best described as
morphological complexity. Recent advances in
the application of compression analysis for de-
tection of differences in biotic and abiotic com-
plexity offers the possibility of one day
quantifying the visual classification of these
samples in a manner analogous to what has been
done here for elemental abundances [Corsetti and

Storrie-Lombardi, 2003; Storrie-Lombardi et al.,
2003, 2004].

4.2. Principal Component Analysis

[24] Multivariate analysis algorithms such as
PCA are particularly useful for organizing the
variables in an experiment into clusters of covar-
iant phenomena. The current work is no excep-
tion. The correlation between the first three PCA
factors and the elemental abundances appear in
Table 5. PC1 exhibits a strong (+) correlation
with Cl, and Al and shows a moderate (�)
correlation with Si abundance. PC2 exhibits
significant (+) correlations with Na, Ca, and
Mn abundances and a strong (�) correlation with

Table 3. Mean Elemental Abundances Determined by Electron Microprobe Analyses of Altered and Unaltered
Glass From Three Subocean Drilling Sitesa

Source x Na2O MgO Al2O3 SiO2 P2O5 Cl K2O CaO TiO2 MnO FeO Sum

Abiotic clay
HCA1 mean (n = 26) 0.364 17.674 10.261 42.347 0.032 0.030 0.346 0.707 1.073 0.107 17.388 90.33

s 0.262 1.388 2.285 4.235 0.038 0.013 0.133 0.452 0.774 0.043 1.618
HCA2 mean (n = 4) 1.708 3.385 15.979 40.936 0.369 0.146 0.906 4.893 2.578 0.155 15.766 86.82

s 1.051 2.347 4.469 7.381 0.170 0.096 0.379 4.251 0.255 0.057 2.125
HCA3 mean (n = 4) 0.914 5.282 12.418 47.760 0.127 0.078 1.557 4.718 1.846 0.101 17.123 91.92

s 0.243 0.309 1.491 3.463 0.078 0.029 0.209 4.161 0.564 0.085 1.840
559A 35 n = 1 0.969 14.637 16.151 42.848 0.121 0.046 1.536 2.622 1.378 0.170 15.159 95.64

Basalt glass
HCA2 mean (n = 16) 2.544 7.303 14.103 49.910 0.169 0.039 0.158 11.114 1.921 0.196 12.055 99.51

s 0.090 0.897 1.131 0.582 0.060 0.026 0.105 0.841 0.461 0.039 1.504

Plus biotic clay mean (n = 9) 2.298 6.833 14.309 49.370 0.213 0.045 0.374 9.600 2.098 0.161 12.223 97.52
s 0.305 1.401 1.428 0.642 0.031 0.026 0.082 1.318 0.625 0.041 1.912

Biotic clay
HCA3 mean (n = 15) 0.571 3.312 13.559 43.837 0.073 0.086 1.017 1.596 3.038 0.036 21.275 88.40

s 0.298 0.452 2.195 3.050 0.046 0.038 0.671 0.748 0.371 0.020 3.814

a
Expected clusters are listed in bold. For example, ‘‘Abiotic Clay-HCA1’’ is the primary cluster for the abiotic clays, while ‘‘Abiotic Clay-

HCA2’’ and ‘‘Abiotic Clay-HCA3’’ are the abiotic clay samples that cluster with basalt glass and biotic clays, respectively. A single biotic sample
clusters with abiotic clay in cluster HCA3.

Table 4. Neural Network Bayesian Probability
Estimates of PCA Cluster Classification for Samples
When Elemental Abundance and Microscopic Quali-
tative Classifications Agreea

Cluster Assignment

Neural Network Output

Abiotic Clay Basalt Glass Biotic Clay

Abiotic clay 76.1% 12.4% 16.7%
Basalt glass 12.2% 77.7% 18.4%
Biotic clay 11.7% 12.2% 64.9%
N 27 29 19

a
Sixty-six of seventy-five samples.
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Fe. PC3 exhibits a strong (+) correlation with Ti
and a moderate (�) correlation with Mg.

4.3. Hierarchical Cluster Analysis

[25] The HCA algorithm employing only elemental
data provides qualitative confirmation that three
distinct classes exist and show a high correlation
with the petrographic identification. We emphasize
that this algorithm employed a completely different
data set (elemental abundances) than the expert
human observer used for petrographic identifica-
tion, i.e., microscopic thin section images. In a very
real sense the PCA-HCA assessment is experimen-
tally ‘‘blind’’ to the results generated by micro-
scopic evaluation.

4.4. Artificial Neural Networks to Estimate
Bayesian Probabilities

[26] Elemental abundances intermediate between
the mean distribution values for more than one
cluster will be classified by a Bayesian estimator
with low probabilities for correct classification.
For example, the biotic clay samples containing
significant quantities of basalt glass exhibit abun-
dances for Al, Si, and P that closely approximate
those for the average basalt glass sample. But
abundances for Na, Mg, Cl, K, Ca, Ti, and Mg
are intermediate between the basalt glass and
biotic clay means. This similarity between the
two classes is properly reflected in the classifi-
cation uncertainty of the ANN. The Bayesian
classification probabilities (BPx) for correct as-
signment to any of the three classes discovered
by HCA for the nine samples of basalt glass
thought to contain biotic clay are BP1 = 41.1%,
BP2 = 33.7%, and BP3 = 23.8%. These indeter-
minate probabilities make it most likely that

these are, indeed, regions of glass exhibiting
early signs of alteration. Definitive determination
of the abiotic or biotic etiology of these changes
would require increased probe sensitivity. In like
fashion, it is noteworthy that even though the
ANNs using elemental abundances are blind to
the petrographic visual classification, in the 9 of
74 cases where visual and elemental analysis
disagree, the Bayesian probability estimate of
correct classification using only elemental abun-
dance data is low (60.0 ± 11.7%) compared to
analyses where visual and elemental data agree
(75.5 ± 7.8%).

4.5. Drill Site Characteristics

[27] Different physical or chemical conditions at
the sites examined in this study are likely to have
contributed to chemical differences in the abiotic
and biotic clays. As indicated in Table 1 the
basalts examined vary in age from 0.5 Ma to
170 Ma and experienced different in situ temper-
atures. Another factor that was not determined at
the drill sites and which may influenced the
secondary clays is the composition of the fluid
that was circulating in the crust. Also biotic
alteration textures or compositions may have been
overprinted by abiotic alteration. Fluids circulat-
ing through ocean crust with a thin sediment
cover will contain more oxygen than where sed-
iment cover is great. Thus young sites may
experience oxidative alteration while older sites
would experience reductive alteration resulting in
different secondary mineral assemblages and com-
positions. The temperature of the fluids may have
a significant effect on clay composition.

[28] The limited data presented here can not
evaluate the impact of site specific characteristics
on the composition of the clays, but one obser-
vation and one additional test suggest that for the
three DSDP/ODP drill sites studied here site
characteristics do not have a significant impact
on our conclusions. The clustering of high tem-
perature (482D) and low temperature abiotic clay
(559A) along PC3 indicate that temperature is
not a critical variable for these two samples. To
test for possible heating effects on elemental
abundances associated with site 482D, our statis-
tical analysis was repeated using only the two
low temperature data sets (559A and 801C). In
this test only a single analysis of putative biotic
alteration (559A 35) clustered slightly nearer to
the abiotic clays than to the biotic, as it did with

Table 5. Correlation Between First Three PCA Factors
and Elemental Abundancesa

PC1 PC2 PC3

Cl 0.662 Na2O 0.826 TiO2 0.825
Al2O3 0.604 CaO 0.802 FeO 0.372
P2O5 0.552 MnO 0.759 SiO2 0.237
K2O 0.489 SiO2 0.495 CaO 0.186
Na2O 0.193 P2O5 0.48 Cl 0.068
MnO 0.001 Al2O3 0.298 K2O 0.065
MgO �0.054 MgO �0.003 Al2O3 0.021
FeO �0.140 Cl �0.16 Na2O 0.008
TiO2 �0.176 TiO2 �0.313 P2O5 �0.012
CaO �0.201 K2O �0.376 MnO �0.134
SiO2 �0.506 FeO �0.924 MgO �0.682

a
Listed from strongest positive to strongest negative correlation.
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the full data set. Including site characteristics into
the statistical analysis can be accomplished in
follow-up studies with a larger set of elemental
data from well characterized ODP and DSDP and
future IODP sites.

5. Conclusions

[29] Microorganisms in subsurface environments
may comprise a significant fraction of the Earth’s
biomass with estimates varying from 5% to 50%
[Parkes et al., 1994; Gold, 1992; Whitman et al.,
1998]. However, the degree and rapidity of their
impact on the subsurface world remains unclear.
The ability to provide quantitative estimates of
chemical and biological alteration of subsurface
basalt is a worthy goal, but previously difficult
to implement. The strategy outlined here is both
easily implemented and utilizes only the most
fundamental features inherent in a data set:
correlations, variance, distributions, and probabil-
ities. The first step in the process, determining
correlation for all variables and then extraction
of the factors accounting for the maximum
variance in the data using principal component
analysis provides both data compression and
optimal extraction of information inherent in
the data. The second step, exploration of the
optimized data using data-driven hierarchical
cluster analysis makes it possible to efficiently
organize information obtained from a previously
unknown environment. This has been particularly
useful in the current study since relatively little
statistical information exists on the elemental
abundance distributions we might anticipate from
altered and unaltered subsurface basalts. Finally,
a very real advantage of using backpropagation
artificial neural networks as Bayesian estimators
is that the algorithms respond to both feature
differences between two elemental abundance
signatures and to class membership distributions.
As larger data sets accumulate providing a more
statistically valid representation of how often we
can expect to see alteration occurring, the ANNs
will adjust their probability estimates to reflect
the second order probabilities encountered in
specific settings. For example, if abiotic alter-
ation is more frequently encountered under cer-
tain conditions such as elevated environmental
temperatures, the temperature variable can be
included in the input vector to the algorithm.
The system will then alter its probabilities to
reflect a previously collected data set rich in
correlations between elevated temperatures and

the elemental abundances associated with abiotic
alteration.

Appendix A

A1. Principal Component Analysis

[30] PCA is a statistical technique for initial explo-
ration of the natural clusters in a data set. Also
known as the Karhunen-Loéve or Hotelling trans-
form, PCA identifies linear combinations of raw
variables (in our case, the oxide weight percents)
accounting for the maximum amount of variance in
a data set. It first finds correlations between all
variables in a data set and calculates a new vari-
able, the first principal component (PC1), account-
ing for as much variance in the data as possible
[Murtagh andHeck, 1987]. The process then repeats
for the remaining variance to determine (PC2), and
so on. Denoting input data as a 1-dimensional
array or vector, Si,l, where i represents n input
variables (in our case, the 11 elemental abundances)
for each sample and l indexes the m number of
samples (m = 75 in this study), PCA first finds
difference, DSi,l, between the mean array, hSi,li and
each sample, Si,l, such that

DSi;l ¼ Si;l � hSi;li:

The DSi,l values describe the deviation from the
mean for each sample and produces a new 11 
 75
matrix characterizing the data set. This enhances
the stability of the PCA decomposition since the
algorithm now uses only the true discriminating
signal, i.e., the changes in the signal from the
mean. Next the algorithm estimates the variable
covariance matrix, Cj,k, for the eleven elements,
where

Cj;k ¼ hDSi;l 
 DSi;li

and j and k are the matrix indices for the eleven
elements.

[31] Finally, PCA iteratively decomposes the Cj,k

matrix into the principal components accounting
for maximum variance and accounting for the
maximum amount of information in the data. The
method is robust to moderate amounts of noise in
the data because the covariance matrix is an
average over many input vectors and the noise is
uncorrelated from one data vector to the next. The
method can be used for data compression and
simplification by choosing the optimal number of
principal components to provide maximum infor-
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mation. The remaining components discarded are
considered to represent residual noise in the data.
In most experiments a practical balance between
data compression and classification accuracy can
be achieved by selecting p principal components
accounting for 75–95% of the information. If the
decomposition is restricted to the first p terms, the
method yields the optimum (in a least squares
sense) linear reconstruction of the input signal
using p parameters.

[32] In the work presented in this paper, the input
vector of raw parameters to the PCA algorithm was
composed of the elemental oxide abundances
found in the basalt samples. These abundance data
comprise an input vector, Si,l, where i represents n
(11) input parameters for each vector and l indexes
the m (75) training vectors. PCA first finds
the mean vector, DSi,l, calculates the difference
between this mean and each individual vector,
estimates the parameter covariance matrix, Cj,k,
and decomposes this into constituent eigenvalues
and normalized eigenvectors. The decomposition
can be restricted to the first p{x} terms accounting
for x percent of the variance in the data (in this
study, p = 3, x > 85%). Used in this fashion the
method yields the optimum (in a least squares
sense) linear reconstruction of the input signal
using the fewest, p, parameters.

A2. Hierarchical Cluster Analysis:
Minimum Variance Technique

[33] There are many ways of determining which
data points are included in a cluster. For example,
in the experiments reported here we might have
chosen the Euclidean distance between the PCA
components derived from the elemental abundan-
ces. However, the central decision of how to
compute the distance between any two data points
depends on the distribution of the data. We employ
the robust minimum variance technique for HCA
as modified by Ward [Murtagh and Heck, 1987].
Ward [1963] proposed a clustering procedure to
form the partitions in a data set by calculating the
minimum information loss associated with the
formation of each new cluster. The information
lost is the error introduced each time we replace the
data describing a point with the group data de-
scribing the cluster as a whole. The information
metric is known as the error sum-of-squares crite-
rion, ESS. To demonstrate the calculation of ESS,
let the 75 PCA vectors derived from our elemental
abundances form a data set, D, be described by a
single variable, x. Then consider a proposed clus-

ter, Cp, for a subset of the observations in D
containing n observations, x1, x2, .xn. Calculate
the mean value xm for these data. Then

ESSCp ¼ S x1 � xmð Þ2þ x2 � xmð Þ2
h

þ: xn � xmð Þ2
i

Consider the result of forming p partitions of a
data set. The absolute minimum information loss
(ESS = 0) occurs if all members of each cluster
exhibit identical values for x, {x1 = x2 =. xn}1, {x1 =
x2 =. xn}2, . {x1 = x2 =. xn}p. In this case the data
have been partitioned or clustered in such a manner
that no information is lost.

[34] In the current experiment, the inputs to the
algorithm are the principal components extracted
by PCA. Such a strategy makes it possible to
combine all the principal components extracted
into a single cluster search algorithm. We empha-
size that algorithms such as PCA and HCA are
exploratory techniques used to generate hypotheses
about a data set rather than test a hypothesis. To
produce a quantitative assessment of the correct-
ness of the proposed classification we have chosen
to implement a Bayesian probability estimator.

A3. Stochastic Artificial Neural Networks

[35] These computational networks consist of two
or more layers of nodes. A node is simply one of
the numbers (in our case this is a PCA component
when it enters the network) that is part of the vector
(in our case the first three PCA components)
describing a data point. The term ‘‘layer’’ refers
to the complete vector. As a minimum there must
be an input layer of data nodes (in the current study
these are the PCA factors extracted from the
elemental abundance data), an output layer (here
these are the Bayesian probability of correct inclu-
sion in the classes objectively identified by HCA:
abiotic clay, basalt glass, and biotic clay), and
weights, W, fully connecting the input and output
nodes. If a nonlinear separation is expected one or
more hidden layers can be inserted either between
the input and output layers, or in parallel (the
original formulation) to extract higher order terms.
If the classes are linearly separable (as is the case in
this study), only the input and output layers and
their connecting weights are needed. In this study
the input layer of nodes receives the principal
component factors extracted by PCA. Each of these
nodes feeds into each node in the next layer. A
node at layer s calculates a linear combination over
the input x,(s � 1) from the previous layer accord-
ing to Ij

s = Siwij
s xi(s�1), where the wij‘s are the i

weights associated with node j. The node then
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constrains its output transforming I using a nonlinear
threshold function of the sigmoid form f(z) = 1/[1 +
e�z] across interval [0, 1], where z = Ij

s. The weights
of an ANN are initial set to random values and are
then adjusted during training to optimally match the
output of the network with the known gold-standard
classification of a human expert or the objective,
data-driven classification by an unsupervised clus-
tering algorithm such as HCA. The weights are
modified by minimizing least squares. The novel
aspect of stochastic backpropagation ANNs is the
manner in which the minimization is performed
using the chain rule (also known as gradient descent)
independently discovered by several investigators
[Werbos, 1974; Parker, 1985; Rumelhart et al.,
1986]. For each observation in the training set the
ANN compares its output vector, o, to the desired
vector, d. The individual components of d are
composed of zeroes for all of the classes defined
by, in this case, HCA, except for the correct
class for the current training observation being
processed by the ANN. Hence we define vector d =
{1 0 0}glass; {0 1 0}abiotic; {0 0 1}biotic. The cost
function for the comparison of vectors o and d is

E ¼ 1=2Sk ok � dkð Þ2;

where the sum is over the vector components. The
cost function averaged over all the training set
samples is minimized with respect to the free
parameters, the weights wij. The weights are
updated backward from the output layer through
one or more hidden layers if present to the input
layer by a small change

Dwij t þ 1ð Þ ¼ L �h dE=dwij

� �
þ aDwij tð Þ

� �
;

where the learning coefficient, h and themomentum,
a, are included simply to control the rate of learning
of the network at each time step, t. The smaller h is,
the smaller step the algorithm takes in its search
space as it looks for an optimal solution. The largera
is the more difficult it is to move the algorithm away
from an earlier preliminary solution. The stochastic
nature of the backpropagation gradient descent
calculation can be achieved by simply modifying
the output by a random noise, L, that is slowly
diminished as learning proceeds. This process
provides a way for the ANN to escape from early,
less than optimal regions of the solution landscape.
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