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ABSTRACT

A REAL-TIME APPROACH TO PROCESS MONITORING OF HEAVY METALS:
SPECTROPHOTOMETRIC CHARACTERIZATION AND APPLICATION OF NOVEL AZO

by
Joseph T. Labeots
The University of Wisconsin-Milwaukee, 2019
Under the Supervision of Professor Joseph H. Aldstadt, 111 and Professor Alan Schwabacher
I will describe studies in developing an on-line system for process monitoring that is
based upon spectrophotometric methods. Heavy metals that are discarded into the environment
may pose severe threats to public health, and are thus heavily regulated. Currently, there is no
reasonably affordable, reliable, real-time monitoring method for heavy metals in water. This lack
of feedback for industrial applications often leads to wasted resources due to massive
overtreatment to avoid costly penalties. Spectrophotometry is a viable analysis option assuming a
suitable sensor molecule is available as seemingly conflicting requirements may occur.
Characterization of the sensor is one of the most important considerations when developing an
analytical method. For this application, the sensor must be well understood in order to accurately
quantify the analyte(s). This involves studying pKa values and binding affinities to fully
understand the responses that are seen. Classic titrimetric methods can be used along with
multivariate analysis to determine these values. The metal response of a library of novel azo dyes
was studies and full characterization is shown on one potential candidate. This characterization
includes defining the working regions of the dye and binding affinities to the metals it
complexes.
Additionally, a partial Least Squares approach can be used to build a predictive model.

This can then simultaneously predict the concentrations of multiple metals in an aqueous sample



with exquisite accuracy. This was shown with commercially available, 4-(2-
Pyridylazo)resorcinol and 4 metals (Cu,Ni,An,Pb). The mean prediction error for replicate
measurements was 0.19 uM (12 ppb) for copper, 0.36 uM (21 ppb) for nickel, 0.26 uM (17 ppb)
for zinc, and is 0.14 uM (29 ppb) for lead, and the corresponding standard deviations were below
10 ppb.

The predictive model that was used in solution studies needed to be adapted for flow
experiments for use in a remote sensor application. To do this, the sensor dyes were attached to a
solid support for use in a flow cell. Flow studies were completed with 2 types of flow systems.
The first, was an industrial style that had large volumes and flow rates run by multiple pumps.
This flow system was shown to have a stable response to low ppb metal concentrations over
several hours. The other flow system used was a sequential injection analysis (SIA) platform.
This setup was particularly useful when identifying factors that needed to be included when
attempting to model binding and quantify metals. Initial results suggest low ppm detection limits
for the monitor being developed with Sequential Injection Analysis (SIA) techniques being

explored for a possible microscale device.
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Chapter 1: Introduction
1.1 Background

Heavy metals have been of great concern for many decades when it comes to human health
and their effects upon ecosystems. There are several heavy metals, such as Fe, Cu, Co, and Zn,
that are nutritionally essential in small quantities.! However, heavy metals tend to form complexes
with N-, O-, and S-containing compounds readily found in the body. For this reason, there has
always been concern with exposure to heavy metal ions. Fe, for example, is needed for proper
growth and development. It is a critical component of cytochromes that play a key role in brain
development.? Thus, Fe is either provided through breastmilk, vitamins, or dietary supplements to
newborns and children and is also necessary for adults but is commonly overlooked as an issue
because it is often provided in a normal, balanced diet. Zn is another metal that is necessary for
cellular processes and is an essential cofactor and plays a key role in neurotransmission®#, gene
expression®, and enzyme regulation.® Cu is a vital component of several metalloenzymes and
deficiencies can result in defects that result in vascular, skeletal central nervous, and cardiovascular
system problems.”® Co is a part of vitamin B-12 and helps the human body make red blood cells.
It also contributes to the Krebs-cycle for producing energy from sugars as a part of the biotin
dependent pathways.® Most individuals get sufficient vitamin B-12 (therefore Co) from their diet
as it is readily found in meats, milk, cheese, eggs, etc. Vegans can sometimes suffer from B-12
deficiency if they do not supplement in their diet. This usually leads to weakness, pale skin, and
nerve problems.!! These four metals highlighted play an important role but many heavy metals are
quite toxic in even small amounts.

In general, the five most “dangerous” metals are As, Cd, Cr, Pb, and Hg because of their



carcinogenic properties even at low levels. Pb, for example, is extremely toxic even in small
quantities, as evidence recently by a major crisis with Pb in drinking water in Flint, MI. Pb often
enters the drinking water through solder and the corrosion of brass components in plumbing, and
acidic and hot water facilitate the release of Pb'?. Short-term and long-term exposure to Pb can
cause abdominal pain, headaches, and weakness among other symptoms. The problem is that Pb
poisoning can occur slowly and be masked by other common ailments. Additionally, it can cross
the placental barrier causing Pb exposure to unborn children. Pb is extremely dangerous to
developing age groups and can affect the behavior and intelligence of these young individuals.*®
The severity of the health effects depends on numerous factors such as the metal and its abundance,
speciation, route and length of exposure, etc.

Some heavy metals are naturally occurring but anthropogenic activities like mining,
industrial discharge, and agricultural use play an important role in their spread within the
environment.** This includes waste or “spent” water emitted from industrial process plants such
as those for Zn plating.®® Currently, there is no reasonably affordable, reliable, real-time
monitoring method for heavy metals in water. This lack of feedback for industrial applications
often leads to wasted resources because of massive overtreatment (e.g., precipitation as hydroxide)
to avoid costly penalties from regulatory agencies. Rather than having the capability to monitor in
real time, periodic “grab” samples are collected, with the analytical results obtained hours, if not
days, later. Therefore, the availability of qualitative and quantitative information for heavy metals
in wastewater, and the subsequent corrective actions to be taken if regulatory limits are exceeded,
are lacking. The current practice is to heavily over-treat the wastewater with binding polymers and
hydroxides to ensure that heavy metal concentrations are below regulatory levels prior to release

to the environment. By development of a “sensing platform” capable of real-time, continuous



monitoring, a reduction in time, money, and other resources would be possible. Additionally, in
the event of a process upset, there could be immediate intervention to reduce human and

environmental exposure to these toxic metals.

1.2 Spectrometric Techniques

The most common techniques for accurate quantitation of heavy metals are inductively
coupled plasma-mass spectrometry (ICP-MS)!¥1” and atomic absorption spectroscopy (AAS)1°,
These methods have great value in the laboratory because they are extremely precise, accurate,
and robust. A typical example of AAS, was reported with an ionic liquid microextraction of Cu,
Ni, and Zn followed by analysis with AAS. The LODs were determined to be 0.79, 0.93, 0.71 ug
L respectively and RSD values ranged from 1.0-2.7%. The method was applied to both
wastewater and alloy samples analyzed for these metals.?® There is also a report of the
simultaneous determination of Cu, Cr, Al, and Mn with AAS which had relative standard
deviations of 1.7, 1.5, 1.6, and 1.5% and limits of detection (LODs) of 0.08, 0.05, 0.06, and 0.06
ug Lt respectively.? In another example, a portable AAS was developed that allowed for analysis
of Co in the field.?? Using 1-(2-pyridylazo)-2-naphthol (PAN) as a chelating agent for extraction,
Co was detected with a LOD of 0.30 ppb under ideal conditions by researchers at Dali University.
The extraction and analysis was also performed on real-world samples with less success.?> PAN
was used in this case as the chelating agent rather than spectrophotometrically like the azo dyes
presented in this work. Despite the impressive figures of merit in these examples, there are many
issues that plague process analysis using sophisticated techniques such as ICP-MS and AAS,
including capital costs, operating costs, instrument size or “footprint”, and the delay in obtaining

analytical information.



Spectrophotometric methods have also commonly been used for heavy metal quantitation
in process streams. Absorbance methods include the use of lipophilic “zincon” as a “one-shot”
sensor for Cu?" using an orange LED source,”® the use of membranes with 4-(2-
pyridylazo)resorcinol (PAR) derivative sites to measure Zn?*>* and many other examples
summarized by Oehme and Wolfbeis.?> Although some research using molecular absorbance
spectroscopy has been done, by and large, fluorescence has been the preferred method as it is
much more sensitive than absorbance-based measurements.?! The fluorophore 1,10-
phenanthroline and its derivatives have great utility as fluorescence probes as they responds to
both cations and anions. It has been shown to be a good probe for metals such as Pb?*, Cu*, Na*,
Hg?*, Ni?*, and Zn?* with responses varying from wavelength shifts to quenching depending on
the analyte.?® It also shows responses to CN-, HoPO4', F, and AcO". A metal analyte of interests
for many decades has been Zn. Zn is ubiquitous in nature and second only to Fe in abundance as
a heavy metal within the human body.?® Small fluorescent Zn probes can be one of two classes:
intensity-based or ratiometric (i.e., shift in excitation or emission wavelength). Early fluorometric
sensors for Zn were quinoline-based until it was found that they formed ternary complexes with
proteins that contain Zn.?2® Thus, labile Zn was not measured but rather the Zn complexes.3>%
Fluorescein derived sensors have now grown in popularity to avoid this issue.?®*¢3” Some common
examples include a popular set of Zn sensors named the “Zinpyr” or ZP family. ZP1-ZP10 are 10
examples of synthesized dyes that have been extensively characterized and tested with the goal of
Zn quantitation within cellular environments.*¢# A few examples of this family of fluorescent
probes are shown in Figure 1.

The biggest issue with fluorescence measurements is the stability of the sensor.*

Fluorescent molecules will typically undergo rapid photobleaching after repeated on-off cycles



that causes a loss in signal.*® For a robust sensing platform capable of being used for extended
periods, fluorescence-based techniques are clearly inadequate. For this reason, absorbance
methods are a better choice for this application because they are inherently more stable.*® However,
absorbance methods have been few in number for process monitoring applications because of their
poor sensitivity in determining ppb-levels of heavy metals. Using dyes that have high ¢ values and

proper method development, practical methods are possible.

1.3 Process Monitoring

Because challenges exist when developing a sensor for process monitoring, a practical
method for real-time quantitation of metals at low levels in process streams is currently
unavailable. Key aspects that must be considered are the sampling technique, concentration, matrix
complexity, response times, and longevity of the sensor.*” The sampling technique is a crucial
consideration, which can vary from in-line, off-line or on-line.*® When performing in-line analysis,
the sensor is placed directly within the process stream so that the sample flows over the surface of
the sensor. For off-line measurements, an aliquot of sample is collected and then taken to a separate
location for analysis. Finally, on-line analysis is more similar to in-line analysis in that the
chemical measurement is done near the process line. The sample is collected from the process
stream and transported to the nearby instrument for measurement. On-line monitoring is typically
used when some type of sample pretreatment is necessary to obtain a reliable response. The
wastewater matrix is complex, and factors such as pH, conductivity, temperature, and turbidity can
complicate matters, so filtering is needed. As mentioned earlier, there are no current affordable
methods for real-time quantitation of metals in process streams. The goal of this project was to

develop a reliable, sensitive, responsive, and rugged on-line process monitoring instrument to
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quantify sub-ppm levels of heavy metals in wastewater over extended periods of time using novel

azo-based metal-binding dyes.

1.4 Azo Dyes in Quantitative Analysis

Azo dyes have been used for many years because of their selective binding of heavy metals
and consequent spectral properties of the dye-metal complex. They are the most popular
chromophore in dye chemistry. They are commonly used in the textile industry®®, as food
colorants®, as pH sensors®!, and in medical/pharmaceutical applications®2. PAN and PAR are two
well-known and commercially available dyes that bind to metals (Figure 2). Work has been done
to determine their acidity constants and investigate the metal complexes formed.>*> Using these
dyes, a library of dyes was created for heavy metal sensing.

The covalent attachment of the dye molecules to a solid support is critical in creating a robust
sensor. PAR possesses a non-ligating hydroxyl group in the para position, which can be utilized
for covalent attachment to the support. However, PAN lacks a non-ligating moiety for this purpose,
so a derivative (PAN-70H) was devised for covalent attachment. Furthermore, PAN-70H exhibits
unique spectral characteristics that differ from the parent molecule, PAN, and therefore was
investigated extensively.

Full characterization of these dyes is essential in developing a sensor. The metal responses
must be carefully explored to identify possible interferences that can hamper the ability to measure
the analyte accurately. Following the previous work on PAR and PAN,>* in this work,
multivariate analysis was used to characterize their complexation with heavy metals. The acid
dissociation constants (pKa values) were evaluated to identify those pH regions where metal

complexation would be optimal. Because the binding site contains an oxygen that can be
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protonated, there is a competition between the proton and the metal ion at low pH. Additionally,
the metal-dye stability constants were calculated in a similar fashion because it is critical to

understand the strength of binding for the metal analytes.

1.5 Sensor Dye Films and Arrays

Using a set of azo dyes that have been developed based on PAN and PAR, the development of
an on-line process monitor for heavy metals was undertaken. These dyes were extensively
characterized to determine their pKa values, binding characteristics, and stability constants for the
metal ion analytes of interest. Thoroughly characterizing the dyes in this manner is the foundation
for developing a robust sensing platform and optimizing it for specific applications. First, to
successfully produce a sensor capable of being robust and reusable, the dyes must be attached to a
solid support. This was accomplished by incorporating the chemosensors into hydrogel polymers
that would, in turn, be covalently attached to glass.’” Some of these dye films have been
continuously tested for 8 months or more and most of them have proved to be robust, sensitive,
selective, and repeatable in their response to specific metals. This is in stark contrast to similar
studies in which the dyes were adversely affected by the process stream within hours.%-6!

Creating specific sensors with high selectivity is difficult because these dyes do not respond
exclusively to a single analyte. Therefore, to quantify individual metals simultaneously, a method
exploiting the spectral selectivity for dyes that bind and respond to multiple metals was needed.
Different metal binding characteristics exist for each dye and specific spectral features can be used
to differentially quantify metals in a mixture. This approach requires full spectra to be obtained

and processed using chemometric (multivariate) analysis.



1.6 Multivariate Analysis Overview

Multivariate analysis is useful when characterizing the spectrophotometric response of dyes
to metal binding.54%%263 A multivariate analysis approach has several benefits in these
applications. First, it is not productive to collect spectral data that will ultimately not be used in
providing information.®* In addition, instrumental noise has less impact on the computed values,
assuming the noise is normally distributed. Moreover, the “model must fit the data at all
wavelengths simultaneously”,% and therefore systematic error, interferences, and unknown
species are revealed when significant deviations are revealed in the reduced spectra. A multivariate
approach is also practical given the wide availability of multi-wavelength instruments, such as
charge-coupled devices (CCD) and photodiode array (PDA) spectrophotometers, and the
computational power of desktop computers. Finally, the multivariate approach can be used with
complex equilibrium models or kinetics models without limitations on the number of chemical
species, include “spectroscopically invisible” species, utilize known spectral profiles, and can be
employed with other spectroscopic techniques.®®

Two distinct multivariate methods were used to analyze the absorption spectra of sensors and
their metal complexes in this work, and these methods can be divided into two categories. A hard
model is based on first principles and relies on the mathematical relationship among variables that
can be derived or measured,®” such as the Beer-Lambert Law for absorbance spectroscopy. A soft
model is based on the variation and correlation in the data.®” Soft models can be used in an
exploratory fashion to determine which variables are significant and relevant for describing a
system or used in a semi-empirical fashion for making predictions with a system. In the work
described herein, the chemical equilibrium of two sensors was investigated using a hard-modelling

approach by performing regression of the spectra with well-defined physicochemical models. A
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soft-modelling approach was used with the sensors to predict the metal ion concentrations in an
aqueous mixture using its absorbance spectrum. Although a hard model would seem more
appropriate for quantification, the open-endedness of a soft-model can cope with noise, random
error, baseline issues, unknown interferences, etc. Both analysis methods will be briefly described

in this section.

1.7 Modeling Equilibrium Constants with Multi-Variate Analysis

Equilibrium constants can be determined from spectroscopic measurements. Consider an
example where a metal (M) binds to a sensor (L) to form a complex (ML) to establish equilibrium.
Also, L and ML have unique absorption profiles whereas M does not absorb light in the region of
interest. A sample of L is titrated with M, and the absorbance spectrum is recorded at each titration
step. Figure 3shows a three-dimensional plot of the absorption data from this example experiment
where the absorption band decreases for L and increases for ML as the sample is titrated with M.
In the univariate or single-wavelength approach, the concentrations of L and ML can be
determined from the two peak absorbance values by applying the Beer-Lambert Law if the molar
absorptivity coefficients, €, and the optical pathlength,[(10J, are known. Subsequently, the
equilibrium constant for the system can be determined by using non-linear regression. A diagram
illustrating this process is shown in Figure 3.

A multivariate approach can be implemented using the entire spectrum by arranging the
data into a matrix where the rows represent wavelength and the columns represent reagent
concentration. This data matrix is the result of the concentration and spectral profile (1 0) of each
species during the experiment according the Beer-Lambert Law, which can also be expressed in

matrix notation as illustrated in Figure 3. The concentration of each species can be determined
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using linear algebra, and the equilibrium constant(s) can be determined with non-linear regression
in the same manner as the univariate case. Several software packages perform this type of analysis
with a variety of measurement techniques, including potentiometry, nuclear magnetic resonance
(NMR), and other spectroscopies,®® A similar analysis can be performed for kinetics measurements
using the kinetics package. For example, Maeder and colleagues have reported theoretical
multivariate approaches in the determination of equilibrium and kinetics parameters from spectral

data 65,66,69

1.8 Quantitative Analysis Using Multi-Variate Analysis

A multivariate approach is also advantageous for quantitative analysis using spectroscopic
data, such as the detection determination of multiple metals in a mixture with a single sensor.
However, the application of multiple linear regression (MLR) with full-spectrum calibration data
is often unsuitable and may yield unsatisfactory results.”®"* First, the spectral data matrix must be
“full rank” in that it must contain more rows than columns. Hence, this matrix must contain more
calibration samples (rows) than wavelength values in the spectrum (columns). Also, the data values
in a column must be independent for MLR, and spectroscopic data is often highly correlated (i.e.,
multi-collinear). Thus, MLR can only be performed at a select number of wavelengths. In addition,
experimental noise can create numerical instabilities, and the results may be sensitive to variations
in the noise.

Partial Least Squares (PLS) analysis, also known as Projection of Latent Structures, is a
multivariate soft-modeling approach used in many disciplines, including the social, natural, and
physical sciences.’”? PLS assumes that a small number of underlying latent variables can relate two

datasets, and the latent variables are not assumed to be independent. In short, PLS creates latent
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variables that maximize the covariance between two datasets for prediction.”’* More importantly,
the latent variables are orthogonal, which solves the multi-collinearity problem. Also, PLS can be
used with datasets that are large, contain noise, and/or have missing values.”®

PLS shares aspects of Principal Component Analysis (PCA) and principal component
regression (PCR), such as dimensionality reduction, but these methods have important distinctions.
PCA decomposes the data matrix (X) to obtain principal components that retain as much of the
variation in X as possible, and PCR seeks principal components from X that best predict the output
matrix (Y).”® PLS seeks vectors that maximize the covariance between X and Y to best predict Y.
These vectors are referred to as latent variables and not principal components. Also, the PLS scores
are rotated relative to the PCA result.”

The specific procedures for performing PLS regression depend upon the algorithm used,
like Nonlinear lterative Partial Least Squares (NIPALS) or SIMPLS’®"’ and various other
methods described in the literature’®’’. A general overview of PLS regression is illustrated in
Figure 4. A set of calibration samples is prepared, and spectra are obtained for the standard and
unknown samples. X is the data matrix containing the calibration spectra where the rows represent
wavelength and the columns represent an index for standard. Y is a factor matrix containing the
concentration values for each target analyte (across the rows) for the corresponding calibration
standard. Typically, the calibration data, X and Y, is mean-centered and scaled to have unit
variance to remove bias from data with different ranges and units, ease computations, and improve
numerical stability.”®"® The data in X and Y are decomposed into the scores (T and U), loadings
(P and Q), and residuals (E and F) respectively. The score and loading coefficients transform the
original data onto a subspace. The algorithm extracts scores in a manner that maximizes the

covariance between X and Y. Regression of the scores (T and U) yields an estimate of the latent
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variable with the regression coefficients B. Then, the latent variable is subtracted from the data
removing its contribution, referred to as deflation.”®° The process is repeated sequentially with
the remaining latent variables until the errors are minimized. Also, another routine can be
employed to select the number of relevant latent variables so the prediction quality is greatest
without overfitting the noise in the data.”® The resulting coefficients (B) can be re-expressed as
regression coefficients B and Po for making direct predictions with new spectral data,” such as
predicting metal ion concentrations in an unknown mixture using a sensor and corresponding

absorbance spectra.

1.9 Partial Least Squares

Partial Least squares (PLS) is a modeling technique for building predictive models, and it has
been applied to a variety of spectroscopic methods. For example, PLS has been used to study heavy
metals in a wide variety of difficult sample matrix, including: activated charcoal using graphite
furnace atomic absorption spectrometry (GF-AAS) and inductively-coupled plasma optical
emission spectrometry (ICP-OES)®!, dental amalgams using potentiometric sensors®, freshwater
sediment with near-infrared (NIR) reflectance spectroscopy®?, and aqueous samples using NIR
transmission spectroscopy.®® Also, PLS has been used to investigate Pb distributions in soils using
AAS 8 and the determination of heavy metals in soil using ICP-OES® and UV-Vis-NIR
spectroscopy.®® Additionally, PLS has been applied to biological samples, including the study of
Cd and Zn in mussels using NMR,®” Cd, Cu, and An in seabream fish using IR and Raman
spectroscopy,®® and Cr in plant leaves using laser-induced breakdown spectroscopy (LIBS).8°

Predictive modeling techniques have been widely used for sensors that measure heavy metal

by UV-Vis absorbance spectrophotometry. These sensors typically exhibit a semi-selective
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binding to metal ions, but also often exhibit a unique spectral response for each metal, which can
be utilized for sensor characterization and the analysis of mixtures using a multivariate analysis
approach. Ghasemi et al, has studied the protonation equilibria of PAR and its complexes with Al,
Cd, Cu, Fe, Ni, and Zn.>*% PAR was used in the simultaneous determination of Cd, Pb, Hg, and
Zn using PLS and principal component regression (PCR), although the work was focused on the
preprocessing of spectral data spectra, such as wavelet transformations and normalizations for
more accurate results.®® Mixtures of Cd, Cu, and Hg were determined using three sensors and
prediction via artificial neural network (ANN).8? PAN was used in the determination of Co, Cu,
and Ni in vitamin tablets and foodstuffs using continuous wavelet transformation (CWT).*° PAN
and PAR were included in an array of seven sensors that identified thirteen metals and quantified
mixtures with five metals using hue-saturation-value (HSV) color values from an image sensor
and prediction with an ANN.%!

Through the power of multivariate data analysis, the individual dyes can be characterized and
applied to quantitating multiple metals simultaneously. In this work, several azo dyes were
investigated for use as heavy metal absorbance sensors. The protonation equilibria, metal binding
affinities, and decomplexation under acidic and alkaline conditions were studied with a
multivariate approach. Also, PAR and QAR were used for the simultaneous determination of
mixtures containing Cu, Pb, Ni, and Zn using PLS. Replicate samples were used to estimate the

accuracy and repeatability this approach for sensing applications.
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1.10 Continuous Flow: Flow Injection Analysis (FIA)

Application of the sensor chemistry to an on-line process monitor requires the development
of a continuous flow-based instrument. Of the approaches used over the past four decades, Flow
Injection Analysis (FIA) has emerged as the preferred technique.®? In FIA, discrete sampling is
achieved through injection of an analyte into a flowing stream. FIA is based upon the principles
of flow dynamics and consequent dispersion of injected zones in a microscale flow manifold. In
simple FIA, microscale volumes of samples and reagents are precisely manipulated through
narrow-bore tubing to a detector. The basic manifold for an FIA instrument is shown in Figure 5.
The components have great flexibility and many different experimental designs can be developed

to fit the application.

FIA is efficient because the methods are typically fast and sampling can be done quickly
(>100 samples per hour is not uncommon).*” Another advantage of FIA is the ability to perform
chemical analyses that are difficult by conventional methods. From injection, sample processing,
and detection, FIA has many experimental options available. The injected sample can be processed
in several ways such as pre-concentration, separation, dilution, or media exchange.*” This makes
FIA an ideal analytical tool for a vast number of applications such as chemical refining,
biotechnology, manufacturing and environmental process monitoring. FIA is based upon the
principles of flow dynamics and consequent dispersion of injected zones in a microscale flow
manifold. In simple FIA systems, microscale volumes of samples and reagents are precisely
manipulated through narrow-bore tubing to a detector. The basic manifold for an FIA instrument
is shown in Figure 5. The components have great flexibility and many different experimental

designs can be developed to fit the application. An example of the application for FIA to multiple
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analytes and methods was shown in the work done by Balconi, et al. in 1990 evaluating detection
methods for ammonia, Cu, hydrazine and other components of water in power-plant cycles.® The
reaction methods previously shown to work were tested in a FIA setup and the ability to field

deploy to power plants was explored.

1.11 Sequential Injection Analysis (SIA)

Sequential Injection Analysis (SIA) is a variation of FIA that was reported in 1990 which
has significant advantages for process monitoring.*”% SIA has simpler componentry than FIA and
the two are sometimes referred to interchangeably. The implementation of flow schemes differs in
that SIA has bi-directional flow, whereas in FIA the flow is uni-directional from the carrier. Figure
5 shows a comparison between FIA and SIA. SIA uses bi-directional flow dynamics to its
advantage in experimental design. Consider the simple example shown in Figure 6 of an analyte
(A) and reagent (R) reacting to form product (P). SIA creates radial and axial dispersion profiles
that can aid in mixing and dilution of the liquids within the tubing. SIA gives some extra flexibility
in reactions and processes that can be carried out. Regardless, the principles and results are still

the same for FIA and SIA.

SIA instruments are simple in design and more versatile than FIA designs. Processes that
can be performed include filtering, preconcentration, separation, and de-gassing.*” The
applications for SIA are also numerous because the design allows for simple modifications to
methods without re-configuring the entire system, as would be necessary in FIA. Comparable to
FIA in performance, results are typically acquired in a short amount of time (15-60 s), with small
