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Figure 1
Chemometric
fingerprints are used
to detect surface
discharge, character-
ize an aquifer's profile
and determine the
extent of stratigraphic
leakage (11).
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Scientists involved in environmental studies adated to the properties of interest in the system.
faced with many different analytical tasks, such @onvenient and powerful multivariate methods
assembling baseline studies, evaluating the cdmve proven useful in managing and analyzing
tributing influence of chemical discharge to comthese types of complex problems.

plex natural systems, and modeling biologic% -
. N or example, envision a chromatogram or spec-
response. Industrial scientists are concerned WFh

the mechanics of recycling materials and mainraI profile of a sediment extract as a fingerprint of

g - .. the constituents in the sample. The pattern repre-

taining process control systems that minimize : L .

> . ents the varying amounts of the individual chemi-
pollution. Governmental control agencies, suc L . . )

. . . cals present. The variation contained in the signa-

as the EPA, are interested in detecting the pres- . .

o . Ure patterns of these samples from multiple sites

ence of specific environmental agents, as well as

. . can reveal chemical relationships which can be
assessing environmental damage from humaH L
sources Characteristic of known natural phenomena or

identified pollution sources.

Chemometrics is a multivariate mathemati-
cal and statistical approach to the analysis
and interpretation of analytical data. Pattern
recognition methods have been used in
chemometrics to reveal and evaluate com-
plex relationships in a wide variety of envi-
ronmental applications. These methods have
contributed to the systematic understanding
of sedimenttrace metal and organic concen-
trations arising from natural and anthropo-
genic sources. Chemometrics is also useful
in evaluating biological response to natural
or toxic factors, and can identify the source
of the contamination. Common uses of this

technique are to:

Sometimes the problem is simply the enumera-« identify factors that are combinations of mea-
tion of the presence or absence of constituents, surable variables;

whether natural or introduced. Other concerns
deal with the influence that environmental factors
will have on systemic response. In-field monitors
and laboratory instrumentation may not directly < assess spatial distribution of environmental
measure these influence factors. Therefore, we factors or perturbations; and

are forced to make measurements of an indirect,
set of variables which may be only weakly corre-

illustrate groups or cluster associations
among samples;

predict a property of interest (such as bio-
logical response to chemical perturbation).




Figure 2

Polluted versus non-
polluted environmen-
tal samples can be
reliably classified
along with determin-
ing the source of
contamination (15).

© 1995 Infometrix, Inc.

Environmental Applications The idea behind chemometric analysis is that you
can effectively attribute a source to an environ-

This overview describes a series of applications ental contaminant without the need to find spe-
which chemometrics software has contributed &ific marker compounds. By evaluating all of the
the understanding of complex environmental sy§ata at once, complex data can be reduced to a set
tems. The examples cited can be duplicated usifginterpretable patterns without makiagpriori
Pirouetté multivariate modeling software andassumptions about the cause of the perturbation.

automated for routine analysis using InStep™.Not only does chemometrics supply an effective
key to interpretation, the analysis yields predic-

tive models that can be used successfully on a
Distribution of natural or toxic chemicals (1-3)routine basis.

Atmospheric and Sediment Processes

Source identification, regional influence (4-6)Water Management

Abatement and control (7, 8) Pollution assessment and control (9-11)

Pollution modeling is generally pointed toward Nutrient sources and dynamics (12,13)

the identification of m_an-made sources of chemi- Trophic studies (14)

cals. By understanding the spatial and temporal

variation of these pollutants, control measures c#eVitably, the vast majority of the waste gener-
be applied to bring levels into compliance witited by man finds its way into surface and subsur-
environmental standards. Multivariate chemometace water. Industrial and municipal effluent is
ric modeling techniques can help in situationgumped into bodies of water directly and the
where the emission of chemicals is added &®Pntaminants dispersed in the air or in sediments
natural sources of these same materials. The prélyentually is partitioned into the water table,

lem becomes one of discriminating the relativi@kes, rivers and seas. Tracking the migration of
contributions of natural and human influence. Water pollution and assessing enrichment or scav-

) . enging ratios is often far more complicated than in
Chemometrics can be used to discern Strucmredﬂnospheric or sediment studies. The complica-

a dataset as a whole, even when individual M&gs, stems both from the extreme diversity of

surements show only slight degrees of correla rces and from the complexity of effects as the
tion. The most common use of the technology is {Q,, materials are introduced

apportion the sources of pollution. In atmospheric

studies, the relative impact of nature (such as tAehighly useful aspect of chemometric modeling
suspension of sea salt, or impact of forest firel§) that data used to generate patterns is not re-
can be contrasted with suspended road dust, algticted to a single instrument source. Rather, the
motive emissions, and specific industrial contritechnology allows the combination of data from a
butions. Similarly, sediment studies can confirariety of instrument systems as well as wet

the presence of chemicals in excess of what wouiiemistry, biology and general descriptive data.
be expected to occur naturally. An offshoot of the analysis is that, when a model

is generated, you have the opportunity to assess

the contributing value of individual pieces of your

a s database relative to the inherent information con-
. tentit brings to the problem. This can lead to more

Coastal sites efficient data collection methods in future studies.

Biological Response Modeling

- Near industrial

sampling sites Ecology and toxicity (15-18)

PC2

Predicting species growth (19)

Impact on health, tissue analysis (20-22)

While the modeling of pollution assists the evalu-
ation and control of chemical factors in the envi-
ronment, biological response modeling transforms

PC1




Figure 3

Species growth
patterns can be
predicted based on
the dynamics and the
nutrient parameters of
lake systems.
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tem for monitoring the quality of a product or raw
320 material. Most instruments sold are general pur-
' pose devices designed to generate data, but will
not supply the desired information directly. A
spectrophotometer can give a spectrum of a piece
of plastic, but it does not specify whether it is
PVC, PET, etc. Chemometrics software acts as an
. intermediary, interpreting the spectrum in this
200 case, to provide the exact information desired.
200 260 320 There is no need to build (and pay development
Measured Fish Length costs for) a specific sensor system, when a general
purpose instrument can be rapidly turned into a
source of highly specific quality control informa-
these abstracted variables into potential healtion through a chemometric calibration process.
consequences. Chemometrics can allow a more
effic_ient detailing of the influer_lces of natgr_al an ummary
foreign factors on the well being of specific bio-

logical systems. Furthermore, vital correlationgnyironmental scientists are charged with col-
among secondary factors may exist and Rgcting and evaluating complex, inexplicit data to
underappreciated without using this approach. ynderstand and solve concrete problems. Chemo-
Biological response to environmental Contamimet.ric.s isa disc_ipline Which utilizes mL!ItivariaFe
nants is an extremely complex process. MultivStatistical techniques, directly correlating varia-
riate classification and calibration methods aréons in natural or toxic materials to their environ-
particularly well-suited to extracting predictivemental response. Patterns in the physical and
information from a set of measurements that indghemical data are modeled, and the models can be
vidually may show only a small correlation to théoutinely applied to future data in order to predict
property of interest. Through the use of multivacomparative consequences.

riate models, we can be more effective in chartinghemometrics software, such as Pirouette, is de-
relationships b_etween species dlve_r5|ty or_growg]gned to recognize patterns in virtually any type
patterns and climatological or pollution variablesyf myltidimensional analytical data. Chemomet-
Chemometric assessments have also been usefdg can be used to speed methods development
correlate environmental factors to specific humagnd make routine the use of statistical models for

Predicted
Length

health concerns. data analysis. Specifically, the application of
Industrial Maintenance and Process chemometrics to environmental analysis can re-
Control sultin:

Sorting of recycled material (23) + Detection of pollution contributions from a

o complex mixture of sources;
Optimizing plant effluent (24, 25) . ]
« Assessment of geographical or atmospheric
Assess and control hazardous waste (26, 27)  (istributions and influences:

Industry is often portrayed as the perpetrator of . prediction of biological response to pertur-
pollution arising from the manufacturing process.  pation:

In contrast to the popular image, most industrial ) ) . )
plants engage in a continuous, serious effort to* Understanding the interplay of influential
reduce waste (a non-economic by-product). The factors which cannot be directly measured;
benefits are clear for a manufacturer to remain in. optimization of processes for controlling
compliance with regulatory agencies and to pro-  pjant waste or recycling; and

vide an increase in manufacturing efficiency. ] ) -

The primary advantage of the chemometric ap-* Im.proyement in the interpretability of ana-
proach in industrial settings is the relative ease of IYtical instrument data.

implementing a highly-focused instrument sys-
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