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Note from the CEO

Editorial Advisory Board

Mike Hennessy, Jr.
President & CEO, MJH Life Sciences®

Russ Algar University of British Columbia

T

Fran Adar Horiba Scientific

L. Robert Baker The Ohio State University
he analysis of heavy metals in pharmaceutical products
has been a major concern in recent years. It is equally
critical that herbal remedies undergo the same scrutiny.

Matthew J. Baker University of Strathclyde
Ramon M. Barnes University of Massachusetts

This month’s cover story presents a study of the use of X-ray fluo-

Matthieu Baudelet University of Central Florida

rescence (XRF) for this purpose, comparing the results to those

Rohit Bhargava University of Illinois at Urbana-Champaign

obtained using inductively coupled plasma–mass spectrometry.

Karl S. Booksh University of Delaware

The XRF technique was successful in meeting the required low

Michael S. Bradley Thermo Fisher Scientific

levels of detection.
Leukemia is diagnosed mainly through the analysis of blood

Deborah Bradshaw Consultant

and bone marrow; however, bone marrow tests are very painful

George Chan Lawrence Berkeley National Laboratory

for patients, and in some patients there are no typical blood and

John Coates Coates Consulting LLC

bone marrow changes in the early stages of the disease. In a study

John Cottle University of California Santa Barbara

presented in this issue, researchers used surface-enhanced Raman

Paul J. Gemperline East Carolina University

spectroscopy (SERS) and principal component analysis (PCA)
to analyze the serum of patients with acute leukemia as well as
healthy subjects. This research provides a favorable experimental
basis for diagnosing leukemia with SERS.
The recognition of space targets (spacecraft or other humanmade items in space) is important for both aerospace safety and
national security. When observing a space target, each pixel in a
hyperspectral image may represent a mixture of several different
materials, due to the to the low spatial resolution of ground-based

David Lankin University of Illinois at Chicago, College of Pharmacy
Barbara S. Larsen Larsen Scientific Consulting
Barry K. Lavine Oklahoma State University
Igor K. Lednev University at Albany, State University of New York
Bernhard Lendl Vienna University of Technology (TU Wien)
Ian R. Lewis Kaiser Optical Systems
Howard Mark Mark Electronics

observation equipment. Qingbo Li and colleagues at China’s Bei-

R.D. McDowall McDowall Consulting

hang University have developed a new algorithm for space tar-

Gary McGeorge Bristol-Myers Squibb

get materials identification based on vis-NIR hyperspectral data,

Francis M. Mirabella Jr. Mirabella Practical Consulting Solutions, Inc.

and that work is presented in this issue.
July’s “Atomic Perspectives” column presents the second of
a two-part article on proficiency testing for inorganic trace ele-

Ellen V. Miseo Consultant
Michael L. Myrick University of South Carolina

ments. In “Chemometrics in Spectroscopy,” we continue a series

John W. Olesik The Ohio State University

on different types of data transform algorithms, with a focus on

Yukihiro Ozaki Kwansei Gakuin University

the effect of intercorrelation of the spectral data.

Steven Ray State University of New York at Buffalo

In closing, I’d like to take a moment to recognize Michael Tessalone. This issue marks the final time Mike’s name will be on the
masthead of Spectroscopy, as he is retiring after an impressive

Jim Rydzak Specere Consulting
Jacob T. Shelley Rensselaer Polytechnic Institute

29-year career. Mike started as a sales representative in 1993.

Barry Wise Eigenvector Research Inc.

He quickly moved up to become the publisher of both Spectros-

Jerome Workman Jr. Biotechnology Business Associates

copy and our sister brand LCGC, and ultimately came to lead the

Lu Yang National Research Council Canada

entire Industry Sciences division as the Senior Vice President.
In all his roles, Mike was passionate, hardworking, and innovative. He always found new ways to grow the business, and drove
to make it happen, while leading by example and defending
his teams. It’s hard to imagine our brands without him! We will all
be proud to carry on his legacy.
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ATOMIC PERSPECTIVES

A Look at Inorganic Analyses,
Proficiency Tests,
and Best Practices, Part II
Patricia L. Atkins and Lauren Stainback

The use of proficiency tests (PTs)
in an analytical inorganics laboratory is an essential part of assuring
clients the laboratory is producing
accurate results. In the first part of
this two-part series, we examined
the ways in which contaminants
can alter the results in a detrimental fashion in regard to proficiency
testing and laboratory audits.
In Part II, we examine the actual
planning, running, and reporting
of a PT scheme and the possible
impact of error and contamination.

A

proficiency test (PT)
scheme does not star t
only upon opening the ampule or bot tle to test the sample.
The steps that lead up to the actual testing can play an impor tant
role in the succes s or failure of a
testing scheme. As was discussed
in the previous column, standards,
calibrations, and maintenance are
all important components in reducing error and contamination even
before the fir s t sample is placed
on the instrument. Once the laborator y and all its contributing standard s and e q uipment are read y,
it is time to turn the at tention to
the ac tual PT sample.
Starting a PT
The proper handing and processing
of a PT sample can be critical in passing a PT test. For calendar-based
PTs, one needs to check for shipping
dates and delays, which could affect
the quality of the PT. Upon receipt
of the PT sample, open the package and check its condition. Report
any damage to samples or if they
have been thermally compromised.
The first step after receiving and accepting the PT shipment is to check
all of the handling and safety instruc-

www.spectroscopyonline.com

tions to ensure that the samples are
kept at their optimal conditions.
Some materials may require temperature control whereas others may
have instructions on how to handle
the sample during preparation or
give information regarding the possible range of values for the PT.
Once the PT is in-house, fresh chemicals and standards should be prepared and all calculations should be
rechecked. Check PT instructions for
methods and report results (that is,
online, by phone, or by mail), and the
correc t repor ting formats that are
acceptable (that is, correc t weight
or concentration notations).
Take special note of any sample
preparation procedures or method
notes that are to be employed with that
PT scheme. Any differences between
your normal sample preparation and
the PT preparation and analysis should
be discussed with the quality manager.
Otherwise, all differences in sample
preparation because of the matrix or
material should reveal the deviations or
additions to prepare the sample that
differ from routine preparation.
PT Calculations and Results
Once a PT has been analyzed, the
d a t a i s re p o r te d ba c k to t h e P T
July 2022
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TABLE II: Common elemental contamination sources
Element

Source

Aluminum

Glassware, vapes, cosmetics

Bismuth

Medicine and personal care products

Cadmium

Cigarettes, vapes, pigments, batteries

Cobalt

Medical devices and Jewelry

Copper

Vapes, algaecides, paints
Cosmetics, hair color, jewelry,
dust, tobacco and vapes

Lead
Mercury

Dust and cosmetics

Selenium

Personal care products, shampoos

Zinc

Drugs, personal care products, powdered gloves

provider for analyses and final acce ptance. The PT provid er of ten
has multiple methods for evaluating the data based on the t ype of
PT that is being analy zed and the
governing bodies under which the
PT scheme is intended. Some acc re d i t ation or s t andard s organizations of fer doc umentation and
tables for the repor ting of PT results, whereas other PT results are
entered into programs to create results from programmed algorithms
and statistics.
ISO guidelines (ISO 13528) have
t wo basic methods for the statis tic al evaluation of profic ienc y
tests: the E n -value and the z-score.
An E n -value is most commonly used
in interlaborator y comparisons
where the laboratories report their
uncertainty calculations (equation 3).

En =

Xi – Xref
u2x + u2ref

[3]

Result s with an E n -value bet ween
1 and -1 are considered successful
and in agreement with the refer8 Spectroscopy 37(7)
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ence value s. Re sult s with E n -values greater than one or less than
-1 are consid ered not succe s s f ul
and d is ag re e w i t h t he referenc e
values, which should trigger a
correc tive ac tion.
The z-score can also be conducted within interlaboratory comparisons without an uncertainty calculation, but the z-score assumes
all samples repor ted are from the
same population, batc h, or sam pling; therefore, all samples have
t h e s a m e u n c e r t ai n t y. T h e m o s t
practical of the statistical functions
for chemical and biological analyses is the z-score (equation 4).

Z-score =

Xi – µ
σ

[4]

T h e re s u l t s a re c a l c u la te d a f te r
t h e o u t lie r s a re re m ove d o r a re
o bt ai n e d f ro m ro b u s t s t a t i s t ic s.
Z- s c o re s l e s s t h a n t w o a re c o n sidered succes s f ul and in agree ment with accepted values.
Scores bet ween t wo and three
are con sid ered su s pec t w herea s
scores greater than three are un-

succes s ful and disagree with the
accepted results.
Once scores are compared
agains t the reference values and
are assigned passing or failing
scores, those scores are repor ted
to the laboratories. Scores can either reflect individual scores for individual analysts or they can reflect
the overall laborator y proficienc y.
In many c ase s, one unsucce s s f ul
score does not neces sarily mean
that the entire laborator y fails the
PT scheme. One or more assessed
failures in key practices or tests can
cause a laborator y per formance to
be deemed unsatisfac tor y or multiple failures submit ted in one PT
round. Multiple consecutive failures
for an analysis can also result an unsatisfactory rating. Results of a particular analysis may be deemed suspect if a clear bias or trend towards
unsatisfac tor y results is apparent,
including consistent bias over one
standard deviation above or below
the assigned values. Even if the result s themselves are passing, the
PT result s c an be considered unwww.spectroscopyonline.com

satisfac tor y if there is a clear and
measured bias. All failures or unsatisfac tor y result s should be direc ted towards root cause analysis
and correc tive ac tions as dic tated
by that laboratories’ qualit y management system (QMS).
Corrective Actions
In the event that an analyst or laborator y fails a PT test, there should
be a procedure for a comprehensive review of the processes, preparation, and analyses involved, along
with a plan of ac tion to correc t the
problems found. First, a root cause
analyses is conduc ted to identi f y and d o c um e nt t he pro ble m.
Then, a decision is made whether
t h e p ro b l e m w a s b e c a u s e of a n
er ror or a sy s tematic defec t that
needs to be correc ted. In cases of
error, a full correc tive ac tion may
not be required, but instead, a retraining for that analyst or laborator y. If a root cause analysis finds
deficiencies within a system, then a
corrective action is devised to remedy the issue. A retesting of a correc ted system must be conduc ted
to determine if the correc tion
was successful.
Some of the point s of review
should include the laborator y processes and all internal quality control data. Points to reexamine during a system and procedure review
for a PT failure include:
• Sample s torage and handling —
were all requirements met?
• Preparation—did the preparation
proce s s dif fer bet ween nor mal
samples and the PT samples?
• Instrumentation and equipment—
does the deficiency lie within the
system, and can it be correc ted
with replacement, repair, or recalibration?
• Environment— were all materials
and equipment kept at the correc t temperature?
• Controls—were all the standards,
QC samples, and controls within
e x p i r a t i o n? We re s a m p l e s a n d
www.spectroscopyonline.com

standards prepared fresh or were
new standards opened?
• Calibrations—are all the dilutions
correct and within the correct dynamic range for the system?
• Were all the calculations correc t
and documented including unit
conversions?
• Are there sources of contamination that may have caused the deviation in results?

Sources of Laboratory
Contamination and Error
It is hard to imagine that such tiny
amounts of contamination can dramatic ally c hang e la bor ator y val ues. In most cases, the root of that
contamination can be traced to a
common source. The most common
sources of contamination, in addition to t he prev iou sl y d is c u s s e d
v o l u m e t r i c l a b w a r e , a r e w a t e r,
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reagents, laborator y environment,
and personnel.
Water is one of the mos t basic
yet most essential laborator y comp o n e n t s. T h e re a re ma ny t y p e s,
grades, and intended uses for
w ate r. Infe r ior q uali t y w ate r c a n
cause a host of problems from
c re a t i n g d e p o s i t s i n la b w a re o r
inad ver tently inc reasing a target
element or element concentration
in solution.
T h e a c t ua l t y p e of w a te r p ro duced by a commercial laborator y
w a te r f il t r a t i o n s y s te m c a n v a r y
in pH, solutes, and soluble silica.
Critical analytical processes should
always require a minimum quality of
American Societ y for Testing and
Materials International (ASTM) Type
I water. All trace analysis should be
conduc ted with the highest purit y
water. Analyst s who use cer tified
r e f e r e n c e m a t e r ia l s (C R M s) a n d
per form quantitative analysis need
to use quality water to prevent contaminating their CRMs, standards,
P Ts , a n d s a m p l e s w i t h i n f e r i o r
quality water.
A n ot h e r s o u rc e of c o nt a mina tion are all the chemicals used
in s am ple proce s sing. Ju s t a s in
the c ase of water, there are several t ypes or grades of chemicals,
reagents, acids, and solvents.
Some designations are set for th by
standards set by national or international organizations other types or
grades of material are designated
by individual manufac turers based
on intended use. Some grades are
general laborator y grades with
inte nd e d u s e for no n c r i tic al a p plic ations, whereas other grades
high in purit y and low in contaminant s are designated for more
critical analyses.
F o r e x a m p l e, c o n s i d e r a c i d s ,
which by their ver y nature are oxidizer s and many of the s tronges t
acid s are used in the proces sing
of samples for inorganic analysis.
C o m m o n ac id s in d ig e s t io n a n d
dissolution, such as perchloric acid,
10 Spectroscopy 37(7)
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hydrof luoric acid, sulfuric acid,
hydrochloric acid, and nitric acid,
are commercially available in several grades from general laborator y or reagent grade to high purity trace metal grade. Acid grades
often reflect the number of distillations the acid undergoes for purification before bottling. The more
an acid is distilled, the higher the
purit y of the acid. These high purit y acids have the lowest amount
of elemental contamination but can
become ver y costly.
To re d uce cont amination, i t is
recommended that high purit y
acid s be used to dilute and pre pare standards and samples when
possible. In addition to using pure
acid, it is impor tant that the chemist check the cer tificate of the acid
under analysis to identif y the elemental contamination levels present in the acid.
Laboratory Environment
and Personnel
All laboratories believe they ob ser ve a respec table level of laborator y cleanliness. Most chemist s
recognize there are inherent levels of contamination present in all
laboratories. A common belief is
that the tiny amount s of environmental and laborator y contamination cannot profoundly change the
analy tical results. Spex conduc ted
a test where nitric acid was distilled
in both a clean room and a normal
preparation laborator y. The nitric
acid distilled in the regular laborator y had considerable amounts of
aluminum, c alcium, iron, sodium,
and magnesium contamination not
found to the same degree as in the
clean room.
Laborator y air also can contribute to the contamination of samples
and standards. Common sources of
air and par ticulate matter contamination are from surfaces and building materials. Surface contaminants
c an be found in dus t and rus t on
shelves, equipment, and furniture.

Dust contains many different ear th
elements such as sodium, calcium,
mag ne sium, mangane s e, silicon,
aluminum, and titanium. Dust can
also contain elements from human
ac tivities (Ni, Pb, Zn, Cu, and As).
L a bor ator y per sonnel c an ad d
their own contamination from laboratory coats, makeup, perfume, and
jewelr y. Many other common elements can be brought in as contamination from per sonal c are prod ucts. Even sweat and hair can cause
elevated levels of sodium, calcium,
potassium, lead, magnesium,
and other ions. If a laborator y is
seeing an unusually elevated level
of cadmium or other heav y metals
in t he sam ple s, it could be f rom
cigarettes, pigments, or batteries.
If the levels of lead are out of range,
contamination can be from paint,
cosmetics, and hair dyes (Table II).
Even with clean laboratory practice s in place, er roneous re sult s
can of ten find their way into sample analysis. To eliminate some of
these spurious results, replication of
blanks and sample dilutions can be
employed. The blank results should
be averaged, and the sample run or
PT values can either be minimally selected or averaged. The difference
bet ween the t wo values can then
be plot ted against a cur ve established against two more standards.
A minimum of two standard points
can be used if the chance of contamination is minimal, such as in the
case of rare or uncommon elements.
Additional standard points should
be considered if the potential for
cont amination is hig h with com mon elements, such as aluminum, sodium, and magnesium.
Multiple aliquots of blanks and dilutions can also be employed to further minimize analytical uncertainty.
Limitations of PTs
A s we have disc u s sed, P Ts are a
neces sar y and helpful tool in the
QMS sys tem ar senal of a laborator y; but they do have limitations
www.spectroscopyonline.com

and misuses. In PT schemes where
interlaborator y tes t s are used to
es tablish values, there is of ten a
retrospec tive aspec t to the test s.
These tests take time and have very
time-critical periods for analyses in
order for the results to be included
in the data set. In many cases,
t h e P Ts av aila bl e o nl y in c lu d e a
small subset of analytes or matrices
that a laborator y will analyze on a
routine basis, meaning only those
types of samples or target analytes
are covered by the PT, whereas the
others remain unmonitored.
There are of ten routine samples
or analy se s not ref lec ted by t he
PT schemes either because the PT
available is in a dif ferent sample
format or matrix than the one routinely evaluated. For example, if a
laboratory tests pesticides in plant
extrac ts with alcohol-based matrices (for example, tinctures), but the
PT is pesticide in oil extract or plant
material, then the PT doesn’t completely reflect the state of the preparation routine to that laboratory.
Another problem or limitation of
a PT is that it only indicates when
a problem is present but does not
provide any information in regard
to the root cause of the problem.
PT should not be used as a substitute for q ualit y controls within a
laboratory. Conversely, a successful
PT study result does not indicate
c o m p e te n c e in ot h e r la b o r a to r y
areas of testing.
Final Thoughts
P Ts s e r ve to m ea s ure t he o ng o ing proficienc y of independent
laboratories through interlaborator y comparison of test results for
the same charac terized material.
PT par ticipation is of ten stipulated
by the regulator y authorit y overseeing laboratories operations or
an accrediting body to which laboratories comply, or sometimes both
authorities concurrently. It is best
to c o n sid e r t h e la b o r a to r ie s ac creditation goals and regulatory rewww.spectroscopyonline.com

quirements when determining the
schedule and budget for PTs participation. It is best to per form PTs
at least annually to monitor laborator y per formance during a twelvem o n t h p e r io d. L o ng e r s t re tc h e s
w i t h o u t P Ts p a r t i c i p a t i o n c o u l d
negatively impact timely identification of nonconformance and delay
implementation of effective corrective ac tion. PTs are useful as tools
to verif y continuous improvement,
resolve or monitor effective corrective actions, and demonstrate training and competency for laborator y
analysts. PTs are a multipurpose external quality assessment tool and
should be an integral par t of the
laborator y QMS.
Further Reading
(1) International Organization for
Standardization. (2010). Conformity Assessment – General
Requirements For Proficiency.
(ISO/IEC Standard No. 17043).
(2) International Organization for
Standardization. (2017). General Req uirements For the
Co m p e te n ce o f Te s ti n g a n d
Calibration Laboratories (ISO/
IEC Standard No. 17025).
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CHEMOMETRICS IN SPECTROSCOPY

Data Transforms in
Chemometric Calibrations:
Simple Variations of MLR, Part 1
Howard Mark and Jerome Workman, Jr.

In this column, we begin to examine variations of the multiple linear regression (MLR) algorithm
that confer special properties
on the model the algorithm produces . We also present a critique of the use of derivatives
in calibration models and some
“real world” validation of a topic
we discussed previously.
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A

s promised (or threatened?)
in our previous column on the
topic of data transforms, we examine transformations of spectral data
that have the goal of improving calibration performance. Here, however, not all
transformations are designed to produce
that result specifically, although that often
occurs subject to the algorithm used.
Similarly, although some data transforms
can be applied to the data independently
of the calibration algorithm used to create
the ultimate calibration model, some transforms are more usefully applied before a
particular calibration algorithm is used.
This column is based on the talk given at
the Gold Medal Award session when that
award was presented to your columnists (1).
The need for data transformations
did not develop in isolation. Nobody sat
down one day and mused “Gee, I wonder
if I could change these spectra I collected
from my samples into other spectra, and
what would happen if I did?” In isolation,
such musing is pointless. Rather, the need
or desire to change, or modify the spectra in a set, mainly grew out of the desire
to improve analytical calibration performance and the need to be able to transfer
calibration models between instruments
and have them perform adequately well
on the instrument to which the model
was transferred. A particular need was

for a calibration model to give the same
answer when the same sample was
measured a second time even when the
sample was “repacked” (that is, removed
from the sample holder and then replaced
in it). The typical behavior of samples under
those conditions is presented in Figure 1.
Thus, the question of data transformation is a subset of the questions revolving
around the issues dealing with calibration transfer. We discussed the topic of
calibration transfer previously and listed
the various ways that goal can be (and
has been) discussed by ourselves (2–8) as
well as others. A good sampling of these
methods can be found in the various
“Theory and Application” articles referenced in the literature (9).
The ability to transfer calibrations between instruments certainly requires the
hardware to be compatible, and we previously discussed that requirement as well
(4,5). The reader also needs to consider the
work done by Peter Griffiths (described in
a later column of this subseries), wherein
he explains how to convert spectra measured on an Fourier transform infrared
(FT-IR)-based spectrometer to the equivalent spectra that would be obtained from
a dispersive spectrometer, and vice versa.
However, the long history of calibration
transfer when applied to near-IR (NIR) data
indicated that having the hardware matchwww.spectroscopyonline.com

ing between two instruments is not always
sufficient to ensure that a calibration developed on one instrument will perform
comparably when used in conjunction with
a different instrument, even one of the same
make and model. One reason why that may
occur is explained in our previous column
(10). However, the figure in that previous
column also illustrated a different point—
when the data are highly correlated, the performance of almost any calibration model
can be equivalent despite the wide differences of the actual calibration coefficients.
It even becomes unclear as to whether the
calibrations are “the same” or not. For this
reason, data transforms are sometimes applied so that not only the calibration models perform similarly, but that they will do so
when the models utilize the same (or nearly
the same) calibration coefficients.
To avoid belaboring this issue, we concentrate on various data transformations
that have been developed and applied,
both by ourselves and other scientists.
We avoid including the “derivative”
transform (dnA/dλn), the most common
data transform used in NIR practice for
several reasons. One reason is that this
transform has been extensively discussed,
both by others and by ourselves. We also
avoid extensive discussion of the basic
multiple linear regression (MLR) calibration algorithm for the same reason (11–20).
Several chapters (4–7, 21, and 55–59) in the
eponymous book based on this series of
columns also discusses this derivative
transform extensively (21).
Another reason is that, as the title of this
column indicates, we are concentrating
on data transforms that are used in conjunction with instruments that measure
spectra at a limited number of discrete
wavelengths (that is, interference-filterbased instruments). Derivative transforms
are not suited to such data because the
use of a limited number of discrete wavelengths limits how closely together the
wavelengths can be. Therefore, this occurrence forces the algorithm to violate the
fundamental operation required by the
definition of a “derivative”, that ΔX (in the
denominator of ΔY/ΔX) is zero.
The whole concept of describing “derivatives” in connection with measured

spectroscopic data is fraught with complications. Although never discussed in the
chemometric literature or in the spectroscopic literature, the mathematical definition of a derivative is lim ∆Y .
∆x→0 ∆X

accurate terms “differences” and corresponding “difference equations” (22)
when digitized data is being considered.
The spectroscopic and chemometric communities would do well to follow that lead.

When applied to actual measured data
that are typically digitized values from the
measurement by an instrument, however,
ΔX (or ΔY, for that matter) can never be
zero, and the mathematical operation
of taking the data to the limit of lim can
∆x→0
never actually be performed because in
digitized data, there must always be a
minimum difference of at least one digital bit between two successive numbers.
However, the mathematics community
has examined the issues that arise when
data is digitized. One fundamental issue
that needs to be dealt with is nomenclature: the term “derivative” should not
be used in conjunction with digitized
data. The mathematics community has
replaced the term “derivative” (and
“differential equations”) with the more

Other Problematic
Issues in Using “Derivatives”
One of the first things we learned about
derivatives in calculus I after the basic concept and nomenclature was the property
of the derivative that, if the data is multiplied by any constant, then the derivative of that data is multiplied by the same
constant. In itself, this rule is not a problem because a computer will make the
correct calculation for the data given, but
when a “derivative” data transform is applied to a set of NIR calibration data, then
the common claim that the “derivative”
data transform “corrects for offset and
scale differences between spectra” becomes inaccurate. “Scale” differences
would automatically be included in the
computation of the calibration coefficients.

( )
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A more serious problem arises when
automated search algorithms are used
to select the wavelength and the Δ
(wavelength) representing the intended
“derivative.” Because the underlying
absorbance bands are usually nonlinear
functions of the actual physical properties they are intended to represent,
the application of linear mathematical
algorithms introduced errors into the results obtained. These errors would typically be small, but we never really know in
any particular case how severe this effect
would be. For example, we would like to
think that doubling the Δ (wavelength)
would double the computed “derivative”
(or at least the numerator term, especially
in those software packages that do not
perform the division by ΔX), but this outcome rarely occurs. We examined this situation in the past and presented the results
(12–16), which showed that the accumulation of errors included the creation of artifacts (artificial spectral features that do not
represent any actual physical phenomena).
Computing a calibration model based
on “derivative” (actually difference) values produced a model that is effectively
the same as a restricted version of MLR
that is no longer a true least squares
model that would be obtained from the
original spectral data. Let us see how this
comes about: Let Si represent the various original spectral readings, and the
corresponding model C = b 0 + b1S1 +
b2S2 + b3S3 + b4S4. If, instead of computing a model based on the original data
values, we convert the original spectral
data to their differences (D1 = S2 − S1,
D2 = S4 − S3), the resulting model for the
differences becomes:
C = b5D1 + b6D2

[1]

Because D1 and D2 are the differences of
the original spectra data, this equation is
actually equal to:
C = b0 + b5(S2 - S1) + b6(S4 - S3)

[2]

or, upon expanding the parenthesized
terms:
C = b0 + b5S2 + -b5S1 + b6S4 + -b6S3 [3]
16 Spectroscopy 37(7)
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Therefore, the calibration model expressed by equation 3 can be seen to
have the same nominal form as a true least
squares model, but it is not a true least
squares model because the coefficients
of S1 and S3 are restricted to being the
negatives of the coefficients of S2 and S4.
Therefore, they do not attain their true least
squares values. Thus, we can expect that a
model based on differences would be less
accurate than a true least squares model;
therefore, one would be better off to perform MLR on the original spectral data.
A common template followed by many
modern applications papers is to collect
data, perform calibration and validation
calculations with and without the application of a hypothesized “repack correction”
algorithm, compute the standard error of
predictions (SEPs) corresponding to the two
sets of calculations, and, if the SEP corresponding to the use of the repack correction algorithm is smaller than the SEP obtained without that “correction,” conclude
that the “correction” is in fact performing its
intended function. There are several problems with this scenario, any of which could
negate the validity of the procedure.
SEP is indeed an important statistic for
evaluating calibration performance, but
it is being misused and misinterpreted
when applied to the individual pieces of
variance that contribute to the total error
(such as the repack error). Because repack
represents only a small fraction of the total
error, true changes in the value of the error
because the application of a “correction”
procedure can be easily overwhelmed by
changes in other (larger) error sources in
the overall procedure, which can lead to
false conclusions regarding the role of the
correction procedure.
A better approach is to collect appropriate data and use the statistical procedure of
analysis of variance (ANOVA) to directly calculate the contribution of repack variation
(error) to the Total Error Sum of Squares of
the calibration process, which can be done
without and with the use of the correction
procedure. The ANOVA would then directly
provide values for the repack error that can
legitimately be compared. However, this
comparison is not a simple “is A > B?”
comparison. Because this procedure in-

volves the comparison of variances, a statistical F-test is necessary to properly compare the variances and determine if the
procedure using the “repack correction”
provides a statistically significant decrease
in the repack error compared to the value
obtained without the correction.
A still better approach is similar to the
one above, but instead of calculating the
contribution to the total error of the calibration, it is only necessary to determine
the change in the readings when a sample
is repacked. These changes can be averaged over the samples in the sample set
(watch out for the signs of the changes for
each sample!) again, with and without the
correction procedure. This procedure is
preferred because it can be performed
using the statistical t-test rather than an
F-test. Again, no conclusion can be drawn
unless the reduction in the amount of repack variation is statistically significant.
We’ve decided to not discuss the most
popular and common data transform and
(arguably) one of the most common calibration algorithms. We will find out what that
calibration algorithm is beginning in our
next session, where we will start to examine
alternate data transform methodologies including an algorithm that will make an MLR
model based on data with special characteristics immune to the effect of repack.
Variations on the Algorithm
For starters, even though we did not
discuss the MLR algorithm itself, there
are a large number of algorithms based
on variations of the MLR algorithm.
These variations give the resulting calibration model special properties in addition
to the least squared error property that the
basic MLR algorithm provides. In the following discussions, Ai,j is the absorbance
of ith ingredient at the jth wavelength,
C is the concentration of the analyte, and b
represents the calibration coefficient.
Variation #1 of the MLR
Algorithm: b0 = 0
Where and how and why does this arise?
Statisticians have examined this case in
detail, a good example discussion can be
examined in chapter 19 of reference (23),
dealing with mixture designs of experiwww.spectroscopyonline.com
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FIGURE 1: Overlayed spectra showing the variations because
of repack or particle size effect. The samples in this case were
ground wheat. As shown here, variations because of particle
size effect can typically be larger than the spectral variations
related to changes in the composition of the samples.

ments, particularly on pages 409–414. Mathematically, this forces
the model to pass through the origin of the coordinate system.
The authors point out that, because the sum of the ingredients in a
mixture always equals 1 (unity), the dimensionality of the data from a
mixture is always at least one fewer than the number of ingredients.
Because of this rule, one cannot simply model the response variable (the constituent in an MLR model) using the compositions or,
equivalently, an optical measurement representing those ingredi-

ent compositions, which is because of the fact that σ (ingredients)
= 1 creates a perfect intercorrelation between the ingredients.
Therefore, attempts to perform MLR on such data will inevitably
result in a divide-by-zero error when performing the matrix inversion
operation during the calibration.
One obvious way to break the intercorrelation between the
ingredients is to leave one of the variables out of the calculations.
This strategy will succeed (unless the data contains some other
correlations between two or more of the remaining ingredients),
but has some drawbacks:
• The calculations cease to be objective. Particularly at the beginning of a study, there are no objective ways available for guidance as to which ingredient (or ingredients) to omit, and then
the choice of which ingredient to leave out of the calculations
becomes subjective.
• The ingredient removed from the calculations may be a key predictor variable, so that removing its contributions to the data set
will result in suboptimal results.
• To avoid the issue raised by the previous point (b), it will become
necessary to perform trial calibrations, wherein each of the ingredients is successively removed from the data set, which would
require increasing the amount of computation by a factor of at
least m, where m is the number of ingredients in the mixture.
Draper and Smith (23) present an extensive discussion of this
situation and propose that instead of removing any of the variables
representing the ingredients from the calculations, the mathemat-
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ics of the least square approach should
be modified to remove the constant term
from the model; that is, instead of the model
being expressed as:
C = b0 + b1 A1 + b2 A2 + b3 A3 + ....

[4]

the model becomes:
C = b1 A1 + b2 A2 + b3 A3 + ...

[5]

This change was not completely original
to Draper and Smith but represents the
consensus of the statistical community at
that time.
Note that equation 5 is not simply equation 4 with the b0 term erased. It certainly
looks like that, but the difference can be
better appreciated by considering the normal equations from the two different approaches. The normal equations resulting
from equation 4 (standard MLR) is:

[ ]

∑C
b3∑A3
b0 b1∑A1
∑A1C
b0 b1∑A21 b3∑A3A1
=
∑A2C
b0 b1∑A1A2 b3∑A3A2
∑A3C
b0 b1∑A1A3 b3∑A32

[6]

In shorthand matrix notation, solving equation 6 for the values of the coefficients is
expressed by the equation:
[b] = [ATC] [ATA]-1

[7]

while the normal equations resulting from
equation 5 (missing b0) is

[ ][

∑A1C
b1∑A12 b2∑A2A1 b3∑A3A1
∑A2C
b1∑A1A2 b2∑A22 b3∑A3A2
=
∑A3C
b1∑A1A3 b2∑A2A3 b3∑A32

]

[8]

Interestingly, solving equation 8 for the coefficients results in the same matrix equation:
[b] = [ATC] [ATA]-1

[9]

as for the previous conditions. The differences come from the construction of
the equations (and matrices) themselves,
to start with.
Equations 7 and 9 both come from
performing the same operations on their
respective models: they compute differences between the actual and predicted
values from the model, sum the squares
of the differences, then take derivatives
18 Spectroscopy 37(7)

July 2022

with respect to each variable, and set the
derivatives equal to zero. However, by eliminating the constant term, the matrix on the
right-hand side of equation 8 loses an entire
row and column compared to equation 6.
Thus, even though what remains is the same
as in equation 6, there is a whole group of
computations that are not performed
when the matrix is inverted, which affects
all the subsequent results. Thus, the result
of eliminating these computations cannot
be replaced simply by eliminating b0 from
equation 1. The reason is that including the
otherwise omitted computation results in
different values for all the coefficients other
than b0, in addition to b0 itself.
The formation and properties of least
squares models without b0 is discussed
extensively in the statistics literature (23) as
well as in the NIR literature (see Chapter 12
in (24)), a book on which some of this discussion is based). Here, we present it simply as another alternative way to calibrate
NIR spectrometers. We think it is one of the
many explorations performed by the early
NIR practitioners and, although ignored, is
worthy of further examination by the NIR
community like in the case of several of the
algorithms we examined here. In our next
column on this topic, we will present and
discuss another “simple” variation of MLR
by adding the requirement that bi = 0.
Validation of Linearity
Several years back, we wrote a series of
columns examining classical least squares
(CLS) analysis of liquid mixtures, culminating in a study where we demonstrated that
volume fractions were the proper units in
which to measure concentrations to use
when calibrating spectroscopic instruments
used for quantitative analysis of liquids (25).
These results were also published in the formal literature (26) as well as Chapters 90–100
and 107–111 in the eponymous book (21).
In these publications, we also conjectured
that the use of volume fractions as the measure of “concentration” was also the solution
to the “mystery” of the nonlinearity of Beer’s
law. It has been well-known since the time
that August Beer declared that absorbance
was proportional to concentration that the
relationship was true only for low concentrations of a solute (and correspondingly low

values of absorbance), and that departures
from that proportionality were observed
when the concentration exceeded a defined threshold (which depended on the
solute). Our conjecture, which was based
on the additional fact that the various units
that chemists used to express concentration (molarity, molality, weight fraction, mg/
mL) are not all linearly related to each other,
was that the same effect (use of an incorrect
measure for “concentration”) was also the
cause of the nonlinearity observed when
various solutions were measured spectroscopically, and that use of volume fractions
as the concentration measure should correct the nonlinearity observed in this situation as well. This conjecture was investigated
by a group of European scientists (27), who
confirmed that expressing “concentration”
as volume fractions provided a graph with
a linear relationship between concentration and absorbance, and other measures
of concentration resulted in a nonlinear
relationship. Additionally, Thomas Meyerhofer has studied and published extensively
concerning the optical behavior of liquid
mixtures, with a view to relating that behavior, and the linearity of the relationships to
underlying fundamental physical properties
(index of refraction, polarizability) of the ingredients as well as extensive previous work
(28–30; in reference [30], Meyerhofer demonstrates that Beer's Law follows from the
fundamental physics when concentrations
are expressed as volume fractions).
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Comparative Study of Heavy Metals
Analysis in Mongolian Medicines
Based on High Sensitivity X-ray
Fluorescence Spectroscopy and ICP-MS
Ling Gao, Donghua Di, Xiaojing Liu, and Fei Teng

The contents of Pb, Hg, As, Cr, Fe, Cu,
Ba, and Cd in five traditional Mongolian
medicines (Garidi-5, Susi-7, Yihe-12, Zadi5, and Alatanaru-5) were determined by
X-ray fluorescence (XRF) spectroscopy.
The results were compared with those
obtained by inductively coupled plasma–
mass spectrometry (ICP-MS). According to the fundamental parameter (FP)
approach in XRF, the response signal
value was converted into the element
content value using computer software.
The method was stable and fast, not requiring pretreatment processes. When
the content of metal elements was
below 2.0 mg/kg, the relative standard
deviation (RSD) of the precision test was
between 5.49–20.0%. When the content was above 2.0 mg/kg, the RSD of
the precision test was less than 4.96%.
The limits of quantitation (LOQ) of As, Cd,
and Pb were all below 0.1 ppm, the limits
of quantitation of Cr, Cu, Ba, and Hg were
below 1 ppm, and the limit of quantitation
of Fe was 1.525 ppm. The standard addition method was used in the accuracy
test, and the recoveries of the other seven
elements were all within 85–130% except
Hg. Because Hg was easy to volatilize,
the recoveries were low but above 68.4%.
20 Spectroscopy 37(7)
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M

ongolian medicine is the
crystallization of Mongolian traditional nomadic culture, which
was created, accumulated, and selected by the Mongolian people in the
long-term practice of fighting against
nature and disease for thousands of
years. As one of the four major minorit y medicine systems in China,
Mongolian medicine has an unique
style (1). Garidi-5, Susi-7, Yihehari-12,
Zadi-5, and Alatanaru-5 are commonly used in Mongolian medicine.
Garidi-5 (2) comes from what is known
as the “Four Medical Classics.” It is
composed of musk, processed Radix
aconiti kusnezoffii, Rhizoma calami,
Aucklandia (Saussurea), and Terminalia chebula. Susi-7 (3) also comes from
the “Four Medical Classics,” which
is comprised of bear gall, Forsythia,
Processed wood turtle seed, Ophiopogon japonicus, Rhizoma cyperi,
Akebia, and Salvia miltiorrhiza. Yihehari-12 (4) is comprised of 12 herbs,
including black ice flakes, Digda, Elecampane (Inula helenium), Carthami
flos, Picrorhizae rhizoma, toosendan
fruit, myrobalan (Prunus cerasifera),
jasmine (Jasminum officinale), Gyp-

sum fibrosum, Rhizoma nardostachyos
(Nardostachys jatamansi), beef gall
powder, and calculus bovis (dried cattle gallstones). Zadi-5 (5) comes from
the classic work Selected Edition of
Mongolian Medicine. It is comprised
of nutmeg, I. helenium, Aucklandia
(Saussurea), Choerospondiatis fructus, and Piper longum. Alatanaru-5 (6)
comes from the classic works of Mongolian medicine, such as Selected
Ed itio n of M o ng olia n M e d ici n e,
Encyclopedia of Mongolian Medicine,
and Study of Mongolian Medicine
Prescriptions. It is comprised of myrobalan (P. cerasifera), pomegranate
(Punica granatum), gac (Momordica
cochinchinensis), trogopterori faces
extract powder, and black ice flakes.
Mongolian medicine is good at using
animal medicine, mineral medicine,
or animal medicine and plant medicine after calcination and processing, such as black ice flakes, trogopterori faces, Gypsum fibrosum, beef
gall powder, bear gall, processed R.
aconiti kusnezoffii, and processed
wood turtle seed. These factors increase the chance of introducing
heavy metal elements harmful to the
www.spectroscopyonline.com
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ALT-5

GRD-5

ZD-5

YH-12

SS-7

FIGURE 1: Boric acid edge pressing of Mongolian medicine powder (sample
designation shown).
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FIGURE 2: Energy spectrum of each element under different energy conditions: (a) low-energy, (b) mid-energy, and (c) high-energy.
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human body into drugs. In recent
years, the development of Mongolian medicine has been affected by
many aspects, including the low quality standard of Mongolian medicine,
and its safety and effectiveness can
not be guaranteed scientifically and
systematically (7). The detection and
quantitative analysis of heavy metals
in Mongolian medicine is an important guarantee for medication safety.
In modern Mongolian medicine produc tion and processing, because
of the production technology, processing technology, origin environment, and other factors, the heavy
metal content is easy to exceed the
standard. This study showed the difference bet ween the XRF method
and induc tively coupled plasma –
mass spectrometry (ICP-MS), with the
results revealing that XRF spectroscopy was fast, accurate, and simple,
making it the more effective method
in controlling the limit of heavy metal
elements in Mongolian medicine.
In recent year s, as more precision scientific instruments are used
in the q ualit y re searc h of dr ug s,
new methods for determining
heav y metal content emerge. The
most commonly used methods are
ICP-MS (8 –11) and atomic absorption s pec t romet r y ( A A S) (12–14).
However, ICP-MS requires that the
must be digested first, which may
lead to incomplete digestion and
error, and the digestion conditions
need to be accurately controlled,
so the operation is dif ficult. A AS
cannot carr y out multielement
analysis at the same time, and the
light source must be changed when
determining specific element s,
which greatly reduces the efficiency
of analysis. The X-ray fluorescence
( XRF ) method is f avored by analysts because of its nondestructive
analysis, simple sample preparation,
environmental friendliness, and fast
analysis speed. It has a broad applic ation pros pec t in the qualit y
control of heav y metals in ethnic
medicine. In this s tud y, we used
www.spectroscopyonline.com
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three excitation conditions were used
for the test. The test conditions are
shown in Table I.

TABLE I: Test conditions for different energy levels
Test Conditions

Voltage

Elements
Determined

Power

Low-energy

15 keV

5w

Cr, Fe

Mid-energy

30 keV

10 w

Cu, As, Pb, Hg

High-energy

70 keV

12 w

Cd, Ba

high sensitive XRF combined with a
fundamental parameter (FP) method
to analy ze eight heav y metal elements, such as lead, mercury, arsenic, chromium, iron, copper, barium,
and c ad mium in f i ve t r ad i tional
Mongolian medicine prescriptions,
including Garidi-5 (GRD-5), Susi-7
(SS-7), Yihe-12 (YH-12), Zadi-5 (ZD-5)
and Alatanaru-5 (ALT-5). The results
were compared with those obtained
by ICP-MS, and the applicability and
feasibility of XRF method was verified.
Materials and Methods
Instruments and Reagents
A Phecda-He XRF spectrometer (Beijing Ancoren Technology Co, Ltd),
an A ngilent 79 0 0 ICP- MS ins tr ument (Agilent Technology Co., Ltd),
a MARS6 microwave digester (CEM),
a Milli-Q Ultrapure water machine
(Millipore), and a tablet machine

(Tianjin Keqi Hi Tech Co., Ltd) were
used for this study. Boric acid was
also used as the analytical reagent.
X-ray Fluorescence (XRF) Method
Sample Preparation
The Boric acid edge pressing method
was used by measuring approximately 4 g of the Mongolian medicine
sample powder (all fine powder passing through 60 mesh sieve) into the
grinding tool and pressing the tablet
with the boric acid edging method.
The pres sure was set at 20 MPa,
the pressure holding time was 60 s,
and the sample diameter was 30 mm.
Figure 1 shows what the Mongolian
sample powder looked like after sample preparation was completed.
Test Conditions
Because the excitation energy of
dif ferent element s was dif ferent,

ICP-MS
Preparation of Standard Solution
The appropriate amount of arsenic, lead, copper, iron, cadmium,
chromium, barium, and mercury reference materials were prepared in a
series of standard solutions of 0.10,
0.50, 1.00, 2.50, 5.00, 10.0, 25.0, 50.0,
and 100.0 ng/mL, respectively.
Sample Preparation
The sample preparation method
was per formed as follows: 0.1 g of
the sample was weighed accurately
before 5 mL of nitric acid and 1 mL
of hydrogen peroxide was added.
The solution was allowed to soak
overnight before being digested according to the following digestion
procedure: it was heated for 6 min,
then held for 5 min at a temperature
of 110 °C, heated for 6 min, held for
5 min at a temperature of 140 °C,
heated for 6 min, held for 5 min at
a temperature of 180 °C, heated for
15 min, and finally held for 10 min at
a temperature of 210 °C .

TABLE II: Table of precision for test results
Measured Value (mg/kg)

Sample
ALT-5
ZD-5
GRD-5
SS-7
YH-12

Pb

Hg

As

Cr

Fe

Cu

Ba

Cd

Ave.

3.567

0.500

2.903

16.44

9076.7

11.81

134.1

0.126

RSD

2.72%

14.4%

2.31%

3.89%

0.08%

3.05%

0.27%

19.0%

Ave.

0.280

0.723

0.359

0.867

410.7

12.79

23.37

0.157

RSD

17.3%

16.1%

10.8%

18.1%

0.19%

2.67%

0.96%

11.3%

Ave.

0.562

2.198

0.709

11.53

1516.2

29.67

26.58

0.242

RSD

9.17%

2.80%

5.49%

4.20%

0.11%

1.99%

1.02%

9.02%

Ave.

0.43

0.834

0.387

1.909

801.7

8.539

13.60

0.138

RSD

20.0%

10.8%

16.9%

11.5%

0.19%

1.02%

1.21%

15.7%

Ave.

3.146

2.069

4.890

32.19

9624

81.57

139.3

0.229

RSD

4.96%

10.4%

3.00%

3.76%

0.14%

0.63%

0.34%

19.0%

TABLE III: Limits of detection (LOD) and quantification (LOQ) of heavy metals
Cr (ppm)

Fe (ppm)

Cu (ppm)

LOD

0.154

0.508

0.099

0.013

LOQ

0.462

1.525

0.297

0.039

www.spectroscopyonline.com

As (ppm)

Cd (ppm)

Ba (ppm)

Hg (ppm)

Pb (ppm)

0.017

0.146

0.045

0.025

0.051

0.439

0.135

0.075
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TABLE IV: Accuracy test results
Content Value (mg/kg)

Sample

Pb

Hg

As

Cr

Fe

Cu

Ba

Cd

5.374

1.210

4.928

22.60

10536

21.61

216.9

0.315

2

5.810

1.203

4.746

21.54

10525

23.11

217.2

0.333

3

5.506

1.137

4.774

20.55

10575

19.45

217.8

0.313

1
Test value after
adding standard sample
ALT-5

Average value

5.563

1.183

4.82

21.56

10545

21.39

217.3

0.32

Original value

3.567

0.500

2.90

16.44

9077

11.81

134.1

0.126

Amount of standard sample added

2.000

0.800

2.00

10.00

1000

10.00

100.0

0.200

Recovery (%)
Test value after
adding standard sample
ZD-5

99.9

76.7

97.0

70.3

105.2

96.4

87.5

95.8

1

0.759

0.952

0.950

2.180

792.7

22.20

36.35

0.273

2

0.895

0.988

0.855

2.010

790.8

21.50

36.16

0.289

3

0.755

1.067

0.828

1.778

791.8

26.90

36.14

0.213

0.803

1.002

0.878

1.989

791.8

23.53

36.22

0.258

Average value
Original value

0.297

0.706

0.359

0.867

410.7

12.79

23.37

0.157

Amount of standard sample added

0.500

0.500

0.500

1.000

300.0

10.00

10.00

0.100

Recovery (%)
Test value after
adding reference material
GRD-5

102.2

71.1

105.2

114.1

119.7

105.8

112.2

100.6

1

1.427

4.557

1.870

18.03

2252

66.56

36.51

0.323

2

1.629

4.367

1.890

21.86

2257

66.53

37.85

0.333

3

1.675

4.463

1.510

17.97

2254

66.79

34.96

0.300

Average value

1.577

4.462

1.757

19.29

2254

66.63

36.44

0.319

Original value

0.562

2.204

0.709

11.53

1516

29.67

26.58

0.242

Amount of standard sample added

1.000

2.000

1.000

10.00

1000

40.00

10.00

0.100

Recovery (%)

102.7

111.7

106.8

80.5

82.7

89.7

99.5

90.4

Test value after
adding standard sample

1

1.088

1.080

0.987

3.361

1483

18.70

22.93

0.209

2

0.988

1.069

0.921

3.657

1484

17.00

23.43

0.246

3

1.049

1.062

1.000

3.895

1482

18.70

22.87

0.269

Average value

1.042

1.070

0.969

3.638

1483

18.13

23.08

0.241

Original value

0.430

0.834

0.387

1.909

801.7

8.54

13.60

0.130

Amount of standard sample added

0.500

0.500

0.500

2.000

600.0

10.00

10.00

0.100

Recovery (%)

126.1

68.4

121.4

85.8

110.1

95.2

96.2

108.6

SS-7

Test value after
adding reference material
YH-12

1

5.153

4.418

7.776

56.32

10569

125.5

236.6

0.289

2

5.167

4.406

7.617

56.90

10580

125.3

236.5

0.275

3

5.278

4.252

7.597

57.47

10583

125.3

236.8

0.299

Average value

5.199

4.359

7.663

56.90

10577

125.4

236.6

0.288

Original value

3.146

2.069

4.890

32.19

9624

81.57

139.3

0.229

Amount of standard sample added

2.000

2.000

2.000

30.00

1000

40.00

100.0

0.100

Recovery (%)

101.7

114.0

115.8

83.6

99.5

104.7

98.1

82.0

When determining iron, 1.0 mL of
the above solution was absorbed
and placed in a 10 0 mL volumetric
flask before being diluted with water.
The volume was fixed to the scale,
shaken, and then precisely absorbed
24 Spectroscopy 37(7)
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1.0 mL of the solution, which was
then placed in a 10 mL volumetric
flask. The solution was then diluted
with water before being shaken,
af ter which then there was a wait
for determination.

Test Conditions
The testing conditions were as follows: the sample lif ting rate was
0.4 mL/min. The radio frequency (RF)
power was 1550 W. The atomization chamber temperature was 2 °C.
www.spectroscopyonline.com
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TABLE V: Results of element standard curve and linear range
Standard Curve

Linear
Range
(ng/mL)

Precision
(RSD)

Accuracy
(Recovery)

Cr

Y = 17462X -917.34, r = 0.9999

0.1–100.0

2.67%

110.5%

Fe

Y = 14065X +6741.9, r = 0.9993

0.1–100.0

2.66%

103.4%

Cu

Y = 18397X -2398.7, r = 0.9999

0.1–100.0

2.12%

91.2%

Element

As

Y = 2196.3X -791.78, r = 0.9996

0.1–100.0

2.27%

124.1%

Cd

Y = 3989.8X -1153.5, r = 0.9999

0.1–100.0

2.41%

87.2%

Ba

Y = 3626.4X -391.79, r = 0.9996

0.1–100.0

1.70%

104.3%

Pb

Y = 25276X -2677, r = 0.9996

0.1–100.0

2.57%

124.5%

Hg

Y = 8275.5X -12737, r = 0.9990

0.1–100.0

2.29%

129.4%

The helium velocity in collision reaction tank was 0.4 mL/min. The internal standard was a virtual reality system comprised of scandium, indium,
lithium, and bismuth. The acquisition
mode was a combination of quantitative and rapid scanning.
Results and Discussion
Basic Parameter Method
The basic parameter method is a
comprehensive calculation of the
X-ray generation, monochromation,
sample excitation, and detector reception process. From the X-ray generation, the filtering of the primary
X-ray, and the interaction between
the X-ray and the sample (fluorescence effect and scattering effect)
to the response of X-ray detec tor,
there were several parameters, such
as X-ray parameters, monochromatic

parameters, optical path parameters,
interaction parameters between elements in the sample, and detector
parameters. The core content of the
basic parameter method is to calculate the whole process from the X-ray
incident to the sample at a certain
incident angle to the X-ray emission from the sample at a cer tain
exit angle to obtain accurate X-ray
energy spectrum.
The single energy X-ray incident on
the sample (uniform sample or multilayer coating sample) excites the
primary and secondary fluorescence
X-ray and scattering X-ray produced
by the elements in the sample. According to the principle of X-ray and
substance interaction and the basic
parameter database of X-ray and
substance interaction, the monochromatic X-ray incident on the sample

can be calculated. The continuous
spec trum of incident X-ray can be
divided into many fractions according to the energy, and each fraction
can be calculated as monochromatic
X-rays, namely numerical integration.
Because of the need for numerical integration of the continuous spectrum,
the amount of calculation for multiple
iterations is large when quantifying
unknown samples. Therefore, by optimizing the program design, the calculation time is significantly shortened.
According to the parameters of
each step, the theoretical calculation spectrum of the whole process
of X-ray generation and reception is
calculated. The element content (and
coating thickness) of the unknown
sample is taken as the unknown parameters. The calculated spectrum is
fitted with the actual spectrum collected by the detector, and the error
between the calculated spectrum and
the measured spectrum is minimized
through iteration. During the fitting
process, the content of each element
changes continuously. When the fitting is complete, the content of each
element does not change, which is
the quantitative value. The obtained
parameters are used as the element
content (or coating thickness) of the
unknown sample.
In the process of testing, the spectra
of each element under different energy
conditions are shown in Figure 2.

TABLE VI: Comparison of results between XRF method and ICP-MS method (mg/kg)

ALT-5
ZD-5
GRD-5
SS-7
YH-12

Pb

Hg

As

Cr

Fe

Cu

Ba

Cd

XRF

4.039

0.993

2.841

15.98

6290.0

13.69

125.22

0.153

ICP-MS

3.267

1.079

2.624

15.29

6259.6

15.60

135.11

0.148

XRF

1.393

0.825

0.311

1.393

309.9

11.49

28.49

0.124*

ICP-MS

1.426

0.947

0.320

1.426

311.9

10.20

26.68

0.210*

XRF

0.569

2.004

0.638

11.55

1005.0

26.94

24.92

0.154

ICP-MS

0.611

2.464

0.552

13.39

1015.3

28.81

24.62

0.149

XRF

0.469

0.631

0.341

1.649

613.3

7.760

15.46

0.092

ICP-MS

0.452

0.734

0.313

1.620

670.4

8.844

18.67

0.077

XRF

3.59

3.05*

5.22

29.98

6786.2

89.05

144.4

0.146

ICP-MS

3.40

1.35*

4.60

32.95

6376.9

88.85

167.7

0.105

* The difference between the two methods is statistically significant
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Precision Test
To conduc t the precision test, the
right amount of Mongolian medicine
powder was taken and the sample
was pressed according to the “boric
acid edge pressing method,” before
testing it on the XRF spectrometer.
Each sample was determined six
times. The results after fitting by the
basic parameter method are shown
in Table II. The results show that the
precision was between 5.49–20.0%
when the content of the metal elements was less than 2.0 mg/kg, and
less than 4.96% when the content
was more than 2.0 mg/kg. The precision of this method can meet the
analysis requirements.
LOD and LOQ
There were two methods for determining the LOD and LOQ—the background method and the repeated
method. The LOD is usually determined by repeated determination.
The LOD was c alc ulated as LOD
= 3×. For the RSD of the blank signal, the LOQ was calculated as LOQ
= 10×. The RSD of the blank signal
was calculated as the RSD of 11 repeated determinations of the blank
sample. The results were shown in
Table III. The results showed that the
high sensitive XRF method had a low
LOQ for heavy metals, which could
meet the requirements of limit control analysis of heavy metals in drug
quality standards.
Accuracy Test
Mongolian medicine samples with
known contents of heavy metal elements were taken. Eight types of
element reference materials were
added to the samples, and the results
were tested on a XRF spectrometer.
The recovery rate was calculated by
which the accuracy of the method was
expressed. The results are shown in
Table IV. Because mercury was easy
to volatilize, the recover y rate was
less than 70% but more than 68.4%.
The recovery rates of the other seven
e l e m e n t s w e re w i t h i n 8 5 –13 0 % .
26 Spectroscopy 37(7)
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The results show that the accuracy of
the method is optimal.
Methodology Test of ICP-MS
According to the tes t conditions
under “1.3.3,” the response values
of each metal element series standard solution were determined one
at a time, and the standard curve of
each element was fitted by the least
square method. The results are shown
in Table V. The results revealed that
there was a good linear relationship bet ween the response value
and the concentration of eight metal
elements, including arsenic, lead,
copper, iron, cadmium, chromium,
barium, and mercury. The RSD of the
intermediate concentration standard
solution was less than 2.67% af ter
repeated determination was performed five times, which showed
that the precision of the method was
optimal. The digestion solution with
the known content was then taken,
and an appropriate amount of each
element standard material solution
was added. The recovery rate of the
method was calculated, which was
between 85–130%, and that indicated
that the accuracy of the method was
good. In addition, the stability of the
sample was also investigated. When
the digested solution was placed
at room temperature for 24 hr, the
response value did not change significantly, which indicated that the
d ig e s te d s olu t io n w a s s t a ble at
room temperature.
Comparison of XRF
and ICP-MS Results
The contents of eight heavy metals
in Mongolian medicine were determined by ICP-MS method. The results were compared with those by
XRF method, and the differences between the two methods were tested.
The results are shown in Table VI.
In addition, the results of cadmium
in Zadi-5 and mercur y in Yihe -12
are significantly different in the two
methods; the other results were in the
acceptable range. The results showed

that both methods could determine
the contents of the eight metal elements in question accurately. On the
premise of ensuring the accuracy and
precision of the determination, the
XRF method is more rapid, simple,
and nondestruc tive than ICP-MS,
which makes it the more ideal method
for analyzing heavy metals.
Conclusion
XRF spectroscopy has been widely
used in the field of inorganic analysis,
such as art identification, archaeology, agricultural product safety, environment, energy, mineral exploration,
and electronic materials (15–20). In recent years, the XRF method has been
widely used in analyzing and evaluating elements in traditional Chinese
medicine because of its fast, convenient, and online analysis (21–25).
In the past decade, the breakthrough
of several core technologies has led
to the rapid development of energy
dispersive XRF (ED-XRF) spec troscopy, including silicon drift detector
(SDD) technology with a high resolution and count rate. Monochromatic
focusing excitation technology can
greatly reduce the background interference and improve the intensity
of the elemental fluorescence signal.
Newer X-ray tubes can greatly improve the focal spot size, radiation
flux, and stability. The breakthrough
and development of these core hardware technologies extended the ability of XRF to analyze elements from
the previous major elements to trace
elements, and meet the requirements
of many heavy metal detection limit
specified in the quality standards of
traditional Chinese medicines.
A single wavelength excitation EDXRF spectrometer uses hyperboloid
curved crystal focusing technology,
a high-resolution detector, a micro
focal spot end window X-ray tube,
and other core technologies. In this
study, this technology was first applied to the analysis of metal elements in ethnic compound pharmaceutical preparations. The detection
www.spectroscopyonline.com
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limit and quantitation limit reached
sub-ppm levels, and the quantitation
limits of arsenic, cadmium, mercury,
and lead—the most stringent drug
limit— reached 0.039, 0.051, 0.135,
and 0.075 mg/kg levels.
Traditional Chinese medicine and
ethnic medicines have the characteristics of wide distribution and variety. For XRF quantitative analysis
of trace heav y metal elements, in
addition to the detec tion limits of
the hardware, a software quantitative algorithm also has challenges.
If the traditional influence coef ficient method is used to make the
standard curve, it cannot deal with
the fac t that the matrix of various
types of traditional Chinese medicine is inconsistent, and quantitative
deviation caused by the matrix effect is bound to exist. In this experiment, the complete basic parameter
method was used to investigate the
quantitative accuracy and its adaptability. Based on the theoretical calculation of XRF from the generation
of X-ray tube to the detection of detector, the basic parameter method
eliminates the influence of matrix effec ts and the absorption enhancement ef fec t bet ween element s.
The systematic error correction can
be carried out by a small number
of standard samples to achieve the
pur pose of quantif ying unk now n
elements and adapting to all types
of samples. With the increasing demand for sensitive, trace, real-time
and efficient information data, highsensitivit y XRF spec troscopy with
its unique advantages will occupy
an important position in the quality
control and the research and development of Mongolian medicines.
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Simulation of an Algorithm for
Space Target Materials Identification
Based on vis-NIR Hyperspectral Data
Qingbo Li, Ruiguang Zhao, and Xingjin Miao

Space target recognition is of great
importance for maintaining aerospace
safety and national security. When observing a space target, owing to the
low spatial resolution of ground-based
observation equipment, each pixel in a
hyperspectral image might represent a
mixture of several different materials.
Hyperspectral unmixing is a process
used to extract the endmembers and
their corresponding abundances from
hyperspectral data. Unfortunately,
most existing methods cannot make full
use of the available spatial information
data. The paper proposes a new local
manifold sparse regularized unmixing
model based on similarity regularized nonnegative matrix factorization
(SRNMF). To exploit the spatial information of the vis-NIR (approximately
400–2500 nm) hyperspectral image
of a space target, image segmentation
is introduced to generate similar local
regions. These local regions are generated adaptively, and pixels within each
region have similar abundance sparseness. Simulation experiments validated
the high efficiency and precision of
the proposed algorithm, which should
also be suitable for other spectral
analysis applications.

28 Spectroscopy 37(7)
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A

space target in the aerospace
field usually refers to a manmade spacecraft or item of space
debris orbiting the earth outside the
limit of the atmosphere (1). With the
rapid development of modern science and technolog y, increasing
numbers of satellites are being sent
into space, and Earth’s orbital space
is becoming increasingly crowded.
Therefore, the study of space objects
is becoming of greater important.
Owing to the spatial distance limitation, a ground-based observer cannot identify a space target through
direct observation of local information. However, dif ferences in the
ref lec tion spec tra of the various
materials comprising the sur face
composition of a space target provide unique spectral information that
allows identification of space targets
(2). Spectral analysis can be used to
analyze the composition of space
objects and the proportions of the
different constituent space materials, allowing identification of space
targets. With the rapid development
of satellite and remote sensing technology, hyperspectral imaging has received increased attention because
its numerous spectral bands can provide greater information for spectral

analysis (3). However, owing to spatial
resolution limitations, mixed pixels
are commonly found in hyperspectral
images, the existence of which can
markedly affect the results of spectral analysis. Therefore, the goal of
hyperspectral unmixing is to decompose mixed pixels into the constituent materials, called endmembers,
and to determine their corresponding fractional abundances (4,5). Most
existing hyperspec tral separation
methods are based on linear mixed
models that assume mixed pixels are
linear combinations of endmembers.
In general, conventional algorithms
for hyperspectral unmixing involve
two steps—endmember extraction
and mixed - pixel d ecomposition.
Common endmember extraction algorithms include vertex component
analysis (VCA). After endmember extraction, relevant abundance maps
are usually obtained using fully constrained least squares (FCLS) analysis.
Nonnegative matrix factorization
(NMF) is a statistical method typically
used for hyperspectral unmixing. The
NMF approach decomposes a data matrix into two low-rank matrices with nonnegative constraints. However, it should
be noted that standard NMF methods
might not guarantee solution uniquewww.spectroscopyonline.com
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ness; thus, the decomposition result usually depends on the
initialization (6). Constraints on endmembers and abundances
have been exploited and used in NMF applications. Minimum
volume constrained NMF (MVCNMF) (7) exploits the convex
geometry information of mixed pixels and adds a volume constraint to NMF. In the case of low signal noise, although the
performance of the MVCNMF algorithm is superior, MVCNMF
cannot handle large data sets because of the large amount of
computational overhead. Recently, owing to the sparse distribution of spatial materials, sparse constraints have been added
to NMF to generate unique solutions that lead to improved
results, such as L1 sparsity NMF (8) and L1/2 sparsity NMF (9).
In this paper, the SRNMF unmixing model is proposed, incorporating a spatial group sparsity regularizer and a sparse measure function regularizer into an
NMF-based unmixing process. Thus, the SRNMF is able
to explore the spatial information and the sparse structure of hyperspec tral images. In addition, because of
the high similarity between neighboring pixels in the
hyperspectral data, simple linear hierarchical clustering
(SLIC) is used to describe the similarity. The SLIC can
obtain a number of meaningful homogeneous regions
of the spectra that are spatially adjacent to each other.
The paper considers the sparse spatial distribution of
the target material and the spatial information, and introduces sparse regularizers to represent the spatial
information. Integration of both the spatial struc ture
information and the sparse proper ties means SRNMF
can obtain improved unmixing results in comparison
with other popular unmixing algorithms.

where N represents the noise matrix, S represents the
fractional abundances of the endmembers in the scene,
and A is an L × M matrix containing M endmembers.
Additionally, according to the definition of “abundance,”
all abundance values should be nonnegative, and the
summation of the abundance values for one pixel must
equal one. Therefore, the following two physical constraints must be fulfilled: abundance sum-to-one cons traint ( A SC) ∑ Sjn = 1 and abundance nonnegative
j
constraint (ANC) S jn >0 (11).

Related Work
A Linear Mixed Model
The linear mixed model, as a straightforward and efficient
way to represent mixed pixels, assumes that the spectral
response of a pixel is a linear combination of all the pure
spectral signatures (endmembers) present in the pixel (10).
Mathematically, if we let Y = [y 1, y 2 ...y N] ϵ Ʀ L×N denote a
hyperspectral data matrix that consists of N pixels with L
bands, then the linear mixed model for each pixel can be
written as follows:

min f (A,S) = ||Y–A,S||F2 , s.t.A ≥ 0,S ≥ 0

where M is the number of endmember signatures in the
scene, yj = [y 1j , y 2j ...y Lj ] T ϵ Ʀ L is the measured value of the
reflectance at spectral band j, sj = [s1j , s 2j ...s Mj ] ϵ Ʀ M is the
abundance vector of yj , and εj represents the error term
for spectral band i.
As each pixel in a scene is assumed to share the same
set of endmembers A, the hyperspectral data Y comprising N pixels can be written as follows:

Y=AS+N
www.spectroscopyonline.com

[2]

w here ǁ·ǁ F is the Fro benius nor m d eﬁned as ǁY ǁ F =
( ∑ij |y ij | 2 )1/2 , and all elements in A and S are unknown
and nonnegative. Although equation 3 is convex with
respect to both A and S separately, it is nonconvex for
both variables in combination (14). The gradient-based
alternating nonnegative least squares (ANLS) method
(14,15) was used to solve the above problem; when one
of the matrices was updated, the other remains fixed.
The computation breaks down the optimization problem
into two subproblems:
Ak+1← arg min ||Y – AkS k||F2 , = max (0, Ak – αk

Sk+1← arg min ||Y – Ak+1S k||F2 , = max (0, Sk – βk

fA(A k , S k))

[4]

fS(A k+1 , S k))

[5]

where the positive parameters α k and β k are step sizes.
The gradient used at each sub-iteration can be calculated
as follows (16):
Δ

[1]

[3]

Δ

i=1

A,S

Δ

M

yj = ∑ sijαi + εj = Asj + εj

Nonnegative Matrix Factorization
NMF decomposes a set of highly dimensional data into
two nonnegative matrices, and it ﬁnds “basis vectors”
by which the original data are approximated through
linear combination (12,13). Additionally, NMF can satisfy
the nonnegative requirements of both the endmember
matrix and the abundance matrix of hyperspectral data,
and its representation is similar to that of hybrid pixel decomposition based on the spectral linear mixed model.
Moreover, it has good anti-noise performance, and so it is
used widely in hyperspectral unmixing applications.
Given the observation matrix Y = [y 1, y 2 ...y N ] ϵ Ʀ L×N ,
the objec tive of NMF is to determine t wo matrices:
A ϵ Ʀ L×M and S ϵ Ʀ M×N, in which all elements are nonnegative and Y ≈AS holds true, where M is a positive number
(M < min[L,N}).
To solve the problem, the paper deﬁnes cost functions
constructed to quantify the quality of the approximation,
which leads to the following optimization problem:

fA (AkSk) = (AkSk – Y)(Sk)T
July 2022
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TABLE I: Local manifold sparse regularized nonnegative
matrix factorization
Algorithm 1 SRNMF algorithm
Input: Y=[y1, y2 ... yN]ЄR LxN, λ , β, m, w, and ws
1. Split the hyperspectral image into P space groups
according to the improved SLIC.
2. Initialize A based on VCA and initialize S based
on FCLS.
3. Calculate the confidence index ci by cj =

1
DjP

4. Repeat steps 5–7 until convergence:
5. Update by equation (18).
6. Update S by equations (20) and (21).
7. Update A by equations (19) and (22).
8. Return A and S.

fA (AkSk) = (AkSk – Y)(Sk)T

[7]

Δ

The gradient descent method first finds the gradient,
selects the appropriate step size, and finds the optimal
solution in a step-by-step process along the direction of
the gradient descent; it also uses the negative gradient
direction as the search direction. The closer to the target
value, the smaller the iterative step size and the slower
the forward speed. Therefore, the most important stage
in the method is the selection of the iterative step size.
The gradient descent method does not find an exact optimal solution after a finite number of iterations, but it will
infinitely approach the optimal solution at a slower speed.
Proposed NMF with Sparse
Constraints for Hyperspectral Unmixing
As mentioned above, an NMF-based hyperspectral unmixing algorithm automatically estimates the number of endmembers and their relative abundances. Moreover, it is applicable to situations where there is little prior information
in the scene. However, it fails to take into consideration
the sparse prior information on abundances and manifold
structures hidden within hyperspectral data, which are essential for the hyperspectral unmixing problem. Owing to
the spatial autocorrelation property of space target material distribution, the inclusion of spatial information into
the spectral unmixing process can improve the accuracy of
both endmember extraction and abundance estimation.
Here, the paper considers the sparse spatial distribution
of the target material and spatial information, introduces
sparse regularizers to represent the spatial information,
and describes the process of unmixing mixed pixels of
space targets.
To integrate the sparse prior information on abundance
and spatial structure into the hyperspectral unmixing process,
the SLIC (17) image segmentation algorithm can be used
30 Spectroscopy 37(7)
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to divide a hyperspectral image into different spatial
groups. SLIC is an adaptive k-means super-pixel generation method, which is simple in structure, fast in operation, and contains few parameters. Here, an improved SLIC
algorithm is put forward as part of the hyperspectral unmixing process.
The main steps of the process are as follows.
(1) Initialize the cluster center and distribute the seed
points evenly within the image, according to the set
number of super-pixels.
(2) Reselect the seed point in the neighborhood corresponding to the seed point. Calculate the gradient
value of all seed points in the neighborhood, and set
the minimum gradient value as the new seed point.
This process helps avoid the seed point falling on the
contour boundary of the gradient, which affects the
subsequent clustering effect. The paper introduces
a regular hexagonal grid to select the corresponding
neighborhood (18).
(3) In the region of 2w × 2w, calculate the distance from
the pixel to the seed point; for example, the cluster center, where w is the desired super-pixel size
(that is, the width of the regular hexagon). Then, perform
the generation using the k-mean algorithm until the
algorithm converges or reaches a set number of iterations. It should be noted that the original spectral characteristics are used directly in the clustering
process, minimizing the loss of spectral information.
For hyperspectral images with L bands, the cluster
center of the i-th super-pixel is deﬁned as follows:
Ci = [x1i, ..., xLi, mi, ni] ϵ

[8]

L+2

where xi = [x1i, ..., xLi]T is the mean spectral reflectance of the
i-th super-pixel, and [m i, ni ]T represents the spatial coordinates of the i-th cluster center. The distance calculation
formula is as follows:

||xj – xi ||2
wx = e
σ
dx = wxcos-1(

xjTxi
|| xj||2||xi ||2

[9]

)

dmn = (mi – mj)2 + (ni – nj)2

Dj = dx2 + (

dmn 2 2
) ws
w

[10]

[11]
[12]

where d x denotes the spectral distance, d mn denotes the
spatial distance, w x is the weight of the spectral similarity
measure (xj is the distance weight to the cluster center;
the closer to the center cell location, the greater the
weight), D j computes the distance between pixel xj and
www.spectroscopyonline.com
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the cluster center (which is normalized according to the
width of the hexagon w), and w s can be 0.3, which denotes
the importance of spectral similarity and spatial similarity.
Here, w controls the average size of the super-pixels and
the total number of space groups P. In this paper, w was
considered as 5.
(4) Merge outliers. The area of the connected component
is judged according to the 4-neighbor or 8-neighbor
connection; if the area is too small, it is classified into
the nearest label.
As the hyperspectral image is cut into different space
groups, the paper introduces the sparse regularity of the
combined space group structure based on the sparse
NMF. For a given set of hyperspectral data Yr = [Y1,...,YP ]
ϵ Ʀ L×N, where P is the number of super-pixels and the submatrix YP ϵ Ʀ L×n p , the abundance matrix is divided into
P groups as S r = (S1,..., S P ) ϵ Ʀ M×N . Owing to the spatial
structure characteristics, each space group has the same
endmembers, corresponding to a similar abundance matrix. Therefore, the final objective function is as follows:
min f (A,Sr) = 1 ∑||YP – ASP||F2 + λ∑ ∑cj ||sj – sp||2 – β∑ ∑ (sj – 1 )2
2 P=1
m
P=1 sjϵ p
P=1 sjϵ p
P

P

P

A≥0,Sr≥0

[13]

1 )2 i s a m ea s u re m e nt
w h e re f u n c t io n g(Sr) = ∑ ∑ (sj – m
P=1 sjϵ p
of s par sene s s(19), m d enote s the number of end members, λ and β denote the regularization terms
that weight the reconstruc tion error and the space
group sparseness and the abundance, respec tively,
SP = [s1,...sn p] ϵ Ʀ M×np denotes the abundance matrix of spa1
tial group p, cj = D P denotes the degree of local similarity
j
between pixels and cluster center pixels, sP = [sP[1],..., sP[M]]T
is the average abundance sparseness constraint (that is,
groups for which the corresponding abundance matrix
structure is similar), and m is the number of endmembers.
The corresponding endmember and abundance values
are solved by block coordinate descent, which can approximate the objective function for one variable block at
a time, while the other variable blocks remain unchanged.
For the proposed objec tive func tion (equation 13),
the optimization consists of three main subproblems in
the iteration: (1) updating sP ; (2) updating the abundance
matrix S P ; and (3) updating the endmember matrix A.
Then, each subquestion is solved using the ANLS algorithm, for which the update rules for each abundance group
SP and endmember matrix A are introduced as follows:
P

The ASC should be added in the learning of the abundances.
Therefore, the paper introduces an effective method used
in FCLS (20), where the endmember matrix A and each
spatial group YP are augmented before the learning of the
abundance matrix, for example:
~

YP =

[ δ1Y ] A = [ δ1A ]
P

T
np

~

P

T
M

[16]

where δ is a positive value used to balance the estimate
accuracy and additivity constraint.
As the endmember matrix A changes, sP changes in
each step of the generation. For each of p = 1, 2, ..., P, sP
can be calculated as follows:
sP← arg min 1 || yp – AsP||F2 + λ||sp||12 s.t. sp ≥ 0, 1TsP =1
sP 2

[17]

where y p is the mean spectral vector of the p-th supersP[M]]T is the average abundance vector,
pixel, sP = [sP[1],...,
1
M np
and ||sP|| 12 = ∑ ∑ (sijP)2 .
i=1 j=1
According to the multiplication update rule, the following formula can be obtained:

A ← A×( y p spT)/(Asp spT)
λ -1
sp ← sp ×( ATy p)/( ATAsp + sp 2 )
2

[18]

CAPABILITIES
BEYOND RAMAN...
Photoluminescence
Microscopy
Time-Resolved
Measurements
Fluorescence
Lifetime
Imaging (FLIM)

P
P
P
SP← arg min f (A,SP) = 1 ∑||YP – ASP||F2 + λ∑ ∑cj ||sj – sp||2 – β∑ ∑ (sj – 1 )2
2 P=1
m
P=1 sjϵ p
P=1 sjϵ p
SP≥0

[14]

P
A ← arg min f (A,Sr) = 1 ∑||Yr – ASr||F2
2 P=1
A≥0

www.spectroscopyonline.com
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where BP =

[

c1

cnp
,
......,
||s1 – s ||2
||snp– sp||2
p

]

[21]

~
SP = max (0,SP – σk fSP(A,SP )
Δ

endmember 2

endmember 4

endmember 3

endmember 5

endmember 7

A = max (0, A – wk fA(A,Sr )
Δ

endmember 1

where w k = w 0 βt k , β ϵ (0,1), step size is selected based on
the Armijo rule (21), and tk is the first nonnegative integer
t that satisfies the sufficient decreasing condition.
The procedure of the proposed SRNMF is described
in Table I.

endmember 6

endmember 8

endmember 9

FIGURE 1: Abundance maps of the simulated data set 1
when endmember number is 9.

Kaolinite KGa-1
Dumortierite
Nontronite
Alunite
Sphene
Pyrobelite
Halloysite
Muscovite
Kaolinite CM9

0.9
0.8
Reflectance

0.7

[22]

Experiments
The paper designed a series of experiments to evaluate the performance of the proposed SRNMF algorithm.
Both MVCNMF and VCA-FCLS are used for comparison
with the proposed method. To evaluate the unmixing results, the following two performance metrics were adopted:
the spectral angle distance (SAD) and the root mean square
error (RMSE). The SAD, which is used to evaluate the performance of endmember estimation, is the angle distance
between an estimated endmember and its corresponding truth. The SAD for the p-th endmember is deﬁned
as follows (22):

SADP= arccos (

Aˆ pTAp

|| Aˆ p|| || Ap||

)

[23]
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FIGURE 2: Spectra of nine endmembers for the simulated data set 2 (kaolinite KGa-1, dumortierite, nontronite,
alunite, sphene, pyrobelite, halloysite, muscovite, and kaolinite CM9).

As the endmember matrix has no constraints, the gradient of A is easy to solve. The update rules for the endmembers are as follows:

fA(A,S r) = (AS r – Yr)S rT

[19]

Δ

and the abundance update rules are as follows:
~
~ ~
~
Sr : fSP(A,SP ) = AT (ASP – YP) + λBp (SP – sp) – 2β (SP– 1 )
m

[20]

Δ

Based on the above derivation, we can obtain the final
update rule as follows:
32 Spectroscopy 37(7)
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where Â p is the corresponding estimated result, and A p
denotes the truth of one endmember. The smaller the
SAD value, the closer the extracted endmember spectrum
is to the real spectrum.
The RMSE, which is used to evaluate the performance
between the estimated abundance S p and the corresponding truth Ŝ p, is given by the following (23):

RMSEP= (

1
1
|Sp – Sˆ p|)2
N

[24]

where N is the number of pixels in the hyperspec tral
image, and smaller values of the RMSE correspond to
better performance.
The volume of data in a real hyperspectral image is
large, and the calculation is time-consuming. Characteristic s of endmember t ypes are complex and variable, and specific information of abundance is unknown.
However, a synthetic analog hyperspectral image has only
a small amount of data, and rapid calculation speed; furthermore, both the endmember numbers and their abundances are known. Therefore, the performance of the
proposed algorithm was assessed based on tests using
synthesized analog image data.
www.spectroscopyonline.com
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FIGURE 3: Abundance maps of nine endmembers for the Simulated Data Set
2 (kaolinite KGa-1, dumortierite, nontronite, alunite, sphene, pyrobelite, halloysite, muscovite, and kaolinite CM9).
TABLE II: Detection results of the three algorithms of the Simulated Data Set 1
S/N
15dB

20dB

25dB

30dB

35dB

40dB

Method

SAD

VCA-FCLS

0.0285

0.2515

MVCNMF

0.1144

0.4210

SRNMF

0.0357

0.2267

VCA-FCLS

0.0206

0.1677

MVCNMF

0.0473

0.2432

SRNMF

0.0152

0.1391

VCA-FCLS

0.0189

0.1232

MVCNMF

0.0186

0.1457

SRNMF

0.0127

0.1037

VCA-FCLS

0.0176

0.1022

MVCNMF

0.0174

0.1049

SRNMF

0.0115

0.0868

VCA-FCLS

0.0122

0.1322

MVCNMF

0.0153

0.0900

SRNMF

0.0109

0.0770

VCA-FCLS

0.0168

0.0912

MVCNMF

0.0126

0.0532

SRNMF

0.0105

0.0744

Simulated Data Set 1
To be re pre sent ative for evaluation, the synthetic data should have
34 Spectroscopy 37(7)

RMSE

July 2022

charac teristics similar to a real hyperspectral image, and the generation of abundances should conform

to the characteristics of real images,
such as in terms of local dominance
and distinc t contour. To generate
the synthetic data, the paper selec ted some true mineral spec tra
f rom t he U.S. Geologic al Sur vey
digital spec tral librar y, while the
cor re s p ond ing a bundanc e ma p s
were generated in accordance
w i t h a s p h e r ic a l Ga u s s ia n f ie l d .
T h e d a t a w e re g e n e r a te d u s i n g
a linear mixed model with M randomly selec ted signatures as endmember s and with ASC imposed
in each simulated pixel. In this experiment, M was varied from 5 –11,
with an inter val of 2. The first simulated data set (DC1), which comprised 224 spec tral channels and
64 × 64 pixels, was generated using
the Hyperspectral Imagery Synthesis toolbox in Matlab (ht tp://w w w.
ehu.es/ccwintco/index.php/Hyperspectral_Imagery_Synthesis _tools_
for_MATL AB). This allows the user
to choose appropriate parameters
for the simulation procedure, such
as the spatial dimensions, distribution of abundances, and number
of endmembers M, which provides
the user considerable ﬂexibility and
choice. A synthetic image was produced without the existence of pure
pixels. The ground-truth abundance
maps of DC1 for the case with nine
endmembers are shown in Figure 1.
To evaluate the performance of resistance to noise, zero-mean white
Gaussian noise was added to the
synthetic data.
Simulated Data Set 2
A second set of simulated data (DC2)
was built comprising 221 spec tral
c h a n n e l s a n d 10 0 × 10 0 p i xe l s .
It used nine endmembers selected
f rom t he U.S. Geologic al Sur vey
spectral library. Figure 2 shows the
s pec tr al and Fig ure 3 show s the
abundance maps for the nine endmembers: kaolinite KGa-1, dumortierite, nontronite, alunite, sphene,
pyrobelite, halloysite, muscovite,
a n d k a o l i n i t e C M 9. U n d e r n o n www.spectroscopyonline.com
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TABLE III: Detection results of the three algorithms of the Simulated Data Set 2
M
5

7

9

11

Methods

SAD

RMSE

VCA-FCLS

0.0512

0.1859

MVCNMF

0.0540

0.1907

SRNMF

0.0452

0.1311

VCA-FCLS

0.0741

0.5973

MVCNMF

0.0822

0.4432

SRNMF

0.0550

0.5209

VCA-FCLS

0.2110

0.5333

MVCNMF

0.1342

0.6265

SRNMF

0.0911

0.5014

VCA-FCLS

0.1498

0.7246

MVCNMF

0.1237

0.6783

SRNMF

0.0929

0.5772

negative and additive constraints,
k-means clustering (24) and Gaussian filtering were used to generate the corresponding abundance
maps. The generation process adopted was same as that of Hendrix
and associates (25), which can be
described as follows:
(1) use the fractal method to create
a 100 × 100 hyperspectral scene
(2) d i v i d e t h e g e n e r a t e d s c e n e
into several clusters using the
k-means algorithm
(3) a s s ig n a s p e c t r u m s ig n a t u r e
to eac h c lu s ter according to
the rules.
(4) Ultimately, the DC2 data set had
the following characteristics;
(5) T he simulate d imag e d id not
contain completely pure pixels,
and all the simulated pixels in
an area were mixed.
(6) Pixels near the edge of an area
were more mixed than pixels at
the center of the area.
(7) If the simulation area was sufficiently large, the pixel at the
center could exhibit final purity
of 9 9% of the final members.
After generating DC2, the scene
was again contaminated with
both white and correlated noise.
All experimental results analyzed
in this paper are the averages of
2 0 randomized trials. This paper
www.spectroscopyonline.com

used VCA-FCLS as the default initialization for all the NMF- based
methods. In addition, the tunable
parameters of the comparison algorithm were consistent with the
original reference.
Experiment 1
In Experiment 1, the DC2 data set
was polluted with Gaussian white
noise and Poisson noise with different noise levels, where the signal-to-noise ratio (S/N) was varied
from 15 – 40 dB with an inter val of
5 dB, and where the relevant parameters were assigned as follows:
w = 5, m = 9, w s = 0.5, λ = 0.3,
and β = 0.2. The number of endmembers was known in advance for all
the algorithms.
It can be seen from Table II that
the proposed SRNMF compared favorably with the other algorithms in
terms of the SAD and RMSE values
in most S/N cases. All the tested
algorithms obtained RMSE values lower than the abundance of
0.5 and the endmember angle errors were all <0.2. Meanwhile, all
algorithms showed a decrease in
unmixing accuracy as the signal-tonoise ratio (S/N) decreased. For a
value of S/N ≤ 35 dB, the spec tral
element error and abundance RMSE
corresponding to the SRNMF algo-

rithm were found superior to the
other algorithms.
Experiment 2
In a hyperspec tral image scene of
the ac tual space target, the number of endmembers is complex and
variable, and the number of different endmembers might have some
uncertain effects on the algorithm.
The paper conduc ted experiment
2 using the DC1 data set to verif y
the applicabilit y of the proposed
met hod w it h regard to dif ferent
numbers of endmembers. This experiment was conducted under the
condition of 20 dB Gaussian white
noise, and the number of endmembers M was varied from 5 to 11.
As shown in Table III, the performance generally decreased as the
number of endmembers increased.
For a relatively small value of M,
the overall unmixing precision of all
tested algorithms was similar; however, the SRNMF algorithm was clearly
superior as the value of M increased.
Conclusions
This paper proposed an improved local
manifold SRNMF algorithm for pixel
unmixing in relation to space targets.
The proposed SRNMF algorithm does
not require a pure pixel hypothesis,
makes full use of the internal structural
information of hyperspectral data, and
is more robust than other algorithms
to the effects of noise. An improved
SLIC segmentation method can divide hyperspectral images into different local homogeneous regions.
In addition, the local sparse structure of combined spatial information
can describe the local distribution of
the endmembers of space targets.
Experimental results obtained using
simulated data conﬁrmed the potential of the proposed algorithm.
Moreover, the method could provide
accurate results for spectral unmixing
in cases with little prior information and
low S/N ratios. The proposed algorithm
has wide-ranging prospects in the field
of space object recognition.
● Continued on Page 42
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Analysis of Serum from Acute
Leukemia Patients Using SurfaceEnhanced Raman Spectroscopy (SERS)
Hongwen Han, Jingjing Gong, and Yannan Tian

I n t h i s p a p e r, we s h ow s u r f a ce enhanced Raman spec troscopy
(SERS) of serum from acute leukemia and analyze the SERS through
the multivariate statistical method
of principal component analys i s ( P C A) . F i r s t , t h e c h a n g e s i n
th e stru c tu re of p rotein s , lipid s ,
carbohydrates , and other sub sta nces in th e se ru m of patie nt s
with acute leukemia are analyzed
f ro m t h e m o l e cu l a r p e r s p e c tive .
T h e r e s u l t s s h owe d t h a t t h e o rdered structure of the protein main
chain and the side chain conformation was weakened, the main chain
structure was almost broken, and
the protein became loose and disordered. In addition , the content
of esters , amino acids , glycopro te i n s , a n d c a r b o hyd ra te - r e l a te d
s u b s t a n c e s d e c r e a s e s , i n d i c a ting a change in the environment .
Finally, the PCA method was used to
analyze the SERS signal of the serum
of healthy people and patients with
acute leukemia to accurately distinguish the t wo serum samples .
The above conclusions can provide a
favorable experimental basis for diagnosing leukemia and the study of
the biochemical mechanism involved.
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eukemia is a malignant
tumor of the hematopoietic
system. It is characterized by the
neoplastic proliferation of a certain
type of leukemia cells in the bone
marrow or other hematopoietic tissues, which can infiltrate various organs and tissues in the body and impair the function of various organs,
producing corresponding symptoms
and signs. Currently, leukemia is diagnosed mainly through blood and
bone marrow, but the bone marrow
examination brings great pain to the
patient (1,2). In some patients with
acute leukemia, there are no typical
blood and bone marrow changes in
the early stage, but there are abnormal blood images. During this
period, comprehensive clinical and
la b o r a to r y ex a m i na t io n s c a n n ot
confirm the diagnosis of leukemia.
Sur face-enhanced Raman spectroscopy (SERS) is superior for identif ying the molecular composition
of complex materials because the
enhancement of Raman intensities
as much as 10 9 –10 16 times by molecules adsorbed onto the nanostructured metal sur face c an pos sibly
detec t ver y small amount s of the
substances (3 –5). Therefore, it has
become one of the best tech-

niq u e s i n a s s ay s i ng l e m o l e c ul e
a n d b i m o l e c u l a r s p e c t r o s c o p y.
The study of Raman spec troscopy
on ser um has received ex tensive
at tention in the field of pathobio l o g y (6 – 8 ). H o w e ve r, t h e re a re
few ar tic le s u sing SERS to s t ud y
t h e s e r u m of l e u ke mia pa t ie nt s.
Here, SERS is used to pro be the
serum from acute leukemia.
Materials and Method
Source of Specimens
The experimental serum were selected from 20 healthy volunteers as
the control group, and 20 patients
w h o w e re d iag n o s e d w i t h ac u te
leukemia by the Peo ple’s Hos pital as the other group. The serum
was mixed with the silver colloidal
nanopar ticle s according to a 2:1
propor tion and placed in a quar tz
glass capillary for Raman measurement. The Raman spectra were collec ted with a confocal Raman microspec trometer (Renishaw) in the
range of 400 –1800 cm -1, with a nearinfrared (NIR) 780 nm laser whose
power was maintained at 25 mW and
a spec tral resolution of less than
2 cm -1. Spec trometer scans, data
c olle c tion, and pro c e s sing we re
controlled by a personal computer.
www.spectroscopyonline.com
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Preparation of Silver
Colloid Nanoparticles
Here, the silver colloidal nanoparticles were synthesized by a deoxidizing method using trisodium citrate
and silver nitrate. The configuration
of the silver glue is charac terized
by a sc anning probe mic roscope
(9–11). The atomic force microscopy
(AFM) morphology of the silver glue
is shown in Figure 1. It can be seen
that the par ticles were distributed
in a relatively aggregated uniform
size and exist in the form of nearly
spherical nanopar ticles. The average size of the particles was in the
range of 30 –50 nm.

FIGURE 1: AFM morphology of silver colloidal nanoparticles.

Research on “Hot Spots” of
Silver Colloid Nanoparticles
D u r i n g t h e i r s t u d y o f t h e S ER S
mechanism, Nie and others found
the “hot spot” phenomenon in the
SERS experiment—that is, in SERS,
there were some aggregation points
of silver nanopar ticles. The Raman

scat tering intensit y of the sample
adsorbed on it was abnormally enhanced, w hic h is c alled the “hot
spot” (12,13). The combination of the
silver colloidal and serum under the
microscope are presented in Figure
2. It can be seen that the aggregation of multiple silver nanoparticles

is shown in the marked par t of the
graph, which meets the conditions
for forming a “hot spot.”
Experimental Results
and Discussion
The mean SERS of serum from the
acute leukemia group and control
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FIGURE 2: The combination of silver gel and serum image under a microscope
(with close-up insert).
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FIGURE 3: (a) SERS of normal human serum and (b) SERS of the acute leukemia patient serum.

group are presented in Figure 3. The
major contribution to these bands is
from proteins, lipids, and carbohydrates. The ratio of relative intensity
can be used to analyze the characteristics of biomacromolecules after the
group and chemical bond changed and
be defined as (14,15):
ΔI =

I’n - I’m
I’m

[1]

Here, I’n and I’m are representative
for the relative intensity of the peak
from the acute leukemia group and
control group, respec tively. By selec ting the intensit y of 725±1 cm -1
38 Spectroscopy 37(7)
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as the main criterion, the relative intensity of the peak, I’n , is defined as:
I’n =

In
I725

[2]

In equation 2, In represents the absolute
intensity of the serum Raman peak of patients with acute leukemia. I’m is defined as

I’m =

Im
I725

[3]

In equation 3, I m represents the absolute intensity of the Raman peak
of healthy human serum.
The bands at 14 45, 1333, 10 9 9,
1016, and 725 cm -1, which are char-

ac terized by lipids, carbohydrates,
tryptophan, asparagine, and protein
side chain CS bonds, look similar to
one another (16–18), but some peaks
show differences in intensity and in
the Raman shif t (see Figure 3 and
Table I for more details).
The spec tral line of the protein
backbone conformation changes significantly: 528 cm -1 in the Raman peak
of healthy human serum belongs
to the disulfide bond in the protein
structure. The characteristic spectrum
of stretching vibration disappears in
the serum of patients with acute leukemia. The spectral line contributed
by amide VI in the serum of acute
leukemia patients shifted from the
normal 591 cm -1 to 567 cm -1, and the
relative intensity was reduced by 37%.
T he Raman c har ac ter is tic p eak s
953 cm -1 and 1375 cm -1 contributed
by the protein backbone C-C bond
and amide III (19,20), respec tively,
increased by 51% and 54% in the patient’s serum, indicating that the protein backbone structure is almost broken and ordered.
The change in the protein side
chain was also obvious: the spectrum line 635 cm -1 in the serum of
heal t hy peo ple belong ed to t he
t wis ted confor mation of the C-S
bond of the protein side chain, and
it shif ted to 631 cm -1 in the serum
of patient s with ac u te leukemia,
with the relative intensity being reduced by 48%. The line of the indole ring of tryptophan shifted from
1617 cm -1 to 1583 cm -1 in the serum
of patient s with ac u te leukemia,
and the relative intensit y was re duced by 27%. The charac teristic
peaks of 810 cm -1, 887 cm -1, 1071 cm -1,
and 1362 cm -1 contributed by aspartic
acid, amino acid C-N (21,22), and tryptophan in healthy human serum disappeared in acute leukemia patients.
It can be seen that the amino acid
content in the metabolites of acute
leukemia patients was reduced. The
spatial structure of the protein side
chain was destroyed, and the protein
became loose and disordered.
www.spectroscopyonline.com
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TABLE I: Assignment of the main Raman peaks of leukemia patients and normal people
Control
Raman Shift
(cm -1)

Acute Leukemia
Raman Shift
(cm -1)

∆I
(The Average Value)

1617±2

1583±3

-0.27

Trp, Tyr

1445±3

1445±2

0.17

δ(CH2,CH3)

1362±2

Assignment

-0.73

Trp

1375±3

0.51

Amide-III

1333±2

1333±2

-0.15

C(6)-H2, CPheH3COH

1204±4

1233±2

-0.35

Trp, Phe

1133±2

1133±4

-0.52

Man, γ(C-N)

1099±2

1099±3

1071±3
1016±1

-0.18

Man, γ(C-N)

-0.63

γ(C-N )

0.15

Trp

0.54

γ(C-C)

-0.81

Trp

1016±1
953±2

887±3
810±2

-0.85

Asn

725±1

0.11

γ(C-S)

643±3

0.59

Tyr

635±2

631±3

-0.48

γ(C-S)

591±3

567±2

-0.37

Amide-VI

528±4

-0.79

γ(S-S)

494±3

-0.91

Man

725±1

Key: γ–Stretching Vibration; Phe–Phenylalanine; δ–Bending Vibration; Tyr–Tyrosine; Trp–Tryptophan; Man–D-Mannos; Asn–Asparaginase

T he D - manno s e s pec t r um line
at 494 cm -1 in c ar bohydrates disappeared in the serum of patients
with acute leukemia, and the relative intensit y of the charac teristic
peak at 1133 cm -1 was reduced by
53%, indicating that the serum of
patient s with acute leukemia was
related to glycoproteins and c arbohydrates.
Principal Components
Analysis (PCA)
To improve the sensitivity of Raman
s p e c t ro s c o p y, w e e s t a b l i s h e d a
PC A re sult. Principal com ponent
analysis is a statistical method of
dimensionality reduction. It uses an
orthogonal transformation to transfor m t he or iginal r and om vec tor
whose components are related to
a new random vec tor whose components are not related. The idea
of PCA is to use fewer comprehenwww.spectroscopyonline.com

TABLE II: The eigenvalues and reliability of the first three principal components
PCA

PC1

PC2

PC3

Eigenvalues

2.75

2.06

1.64

Cumulative
Reliability

64.3﹪

81.5﹪

90.9﹪

sive variables. To replace the original variables simultaneously, it is
required that these comprehensive
variables reflec t the information of
the original variables as much as
possible, and they are not related
to each other (23). Then, the new
matrix is transformed into a diagonal matrix, which is geometrically
expressed as transforming the
original coordinate sys tem into a
new orthogonal coordinate system.
T h e n e w o r t h o g o na l c o o rd i na te
system points to the p -or thogonal
directions where the sample points
are most dispersed before reducing the multidimensional variable

system. This dimensional processing allow s the sys tem to be conver ted into a low-dimensional variable system with a higher precision;
b y c o n s t r u c t i n g a n a p p r o p r ia t e
value function, the low-dimensional
system is fur ther transformed into
a o n e - d i m e n s i o n a l (1D) s y s t e m .
Af ter using PCA, we can selec t the
first t wo principal components, or
a couple of them, and draw the distribution of n samples on a two-dimensional (2D) plane based on the
scores of the principal components,
w hic h c a n b e v i s uall y s e e n f ro m
the graph. Doing so helps to find
out the position of each sample in
July 2022
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Derivative Raman intensity (a.u.)

(2) Find the cor relation coef ficient matrix for the s tandardized
matrix Z
15000

R = [rij]pxp =

10000
5000
0

(a)
(b)

(3) Solve the characteristic equation of the sample correlation matrix R as
[9]
|R – λI | = 0
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FIGURE 4: Mean SERS spectra of serum from (a) healthy and (b) acute leukemia are processed by baseline correction, second-order derivative, and area
normalization.

So we have the p matrix root of
the matrix R and get a charac teristic root to determine the principal
component. Determine the value of
m as the following equation

rij =

1
PC3

∑ mj=1 λi
∑ pj=1 λj

≥ 0.85

[10]

S o t h a t t h e u t ili z a t i o n r a te of
information reaches over 85%,
the following system of equations
are solved

2
0

Rb = λjb

-1
-2
-3
6

[7]

∑ zki zkj
Therefore, rij = n – 1 , i, j = 1,2, ..., p [8]

-5000
-10000

zTz
n–1

4

2

0

PC2

-2 -4

-2

0
PC1

2

4

6

Acute leukemia
Healthy volunteer

FIGURE 5: Three-dimensional (3D) mapping of PCA from the acute leukemia
group, and healthy volunteer group. Shown are the discrimination results of
PCA from healthy volunteer group (o) and acute leukemia group ( ). They can
be separated completely.

the principal component and then
classify the sample, finding outliers far
away from most sample points from
the graph (24).
The calculation steps of PCA are
as follows (25,26):
(1) C o l l e c t i o n o f t h e o r i g i n a l
index data p -dimensional random
vec tor x = (x1 , x 2 ,...,x p ) T, n samples
are

xi = (xi1, xi2, ..., xip)T, i = 1,2,3...n
40 Spectroscopy 37(7)
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[4]

where n > p. Cons truc t a sample
a r r ay a nd p e r for m t he follow ing
s t andardized tr ans for mations on
the sample array elements:
zij =

xij– xj
sj , i = 1,2,..., n, j = 1,2,..., p [5]

∑ ni=1 xij
∑ ni=1 (xij – xj)2
2
,
s
=
j
n
n–1
[6]
Calculate the normalized matrix
as Z.
Therefore, xj =

[11]

So we can get the unit eigenvector b0j
(4) Conver t standardized indicator variables into main components

Uij = ziT bj0 , j = 1,2,..., m

[12]

U 1 is c alled first principal component, U 2 is called second principal component, and so for th. U p is
called the p (principal component).
(5) Per form a weighted summation on the m principal component s to o bt ain the final evalua tion value, and the weight is the
variance contribution rate of each
principal component.
To i m p r o v e t h e s e n s i t i v i t y o f
Raman spec trum recognition, we
performed background subtraction,
s mo ot hing, d e r i v ation, a nd a rea
normalization of the original spect r u m d a t a a s s h ow n in F ig u re 4.
We selected the region of 400~1800
cm -1 in the Raman peak concentrawww.spectroscopyonline.com
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tion to do multivariate s tatis tic al
analy sis, and we used Matlab 7.0
sof t ware to do the PCA analysis.
PCA was per formed on 19 vibration modes shared by 20 acute leukemia patient serum and 20 healthy
human serum. The component s
whose cumulative variance contribution rate was greater than 85%
w e re s e l e c te d a s t h e main c o m ponents to achieve the extrac tion
of s p e c t r a l f e a t u r e i n f o r m a t i o n.
T he f ir s t t hre e pr inc ipal com p o n e n t s c a n b e u s e d to re p re s e n t
the main information on the original s pec t r um. T he c har ac ter is tic
value s and c umulati ve relia bili t y
of t he pr inc ipal com ponent s are
shown in Table II.
Figure 5 is a three-dimensional
(3D) projection diagram of the main
c o m p o n e n t s 1, 2, a n d 3 . A s c a n
be seen f rom Fig ure 5, “O” re p resents the serum of patients with
a c u te l e u ke mia, a n d “ ☆ ” re p re sents the serum of healthy people.
From the graph, we can intuit i ve l y s e e t h e s e r u m of p a t ie n t s
w i t h ac u te leukemia and heal t hy
p e o ple. T h e v i b r a t io n p ea k s f all
in dif ferent inter vals, so that the
samples can be classified and
processed. The distribution of the
main components of the serum of
p a t i e n t s w i t h a c u t e l e u ke m i a i s
relatively scattered compared with
healthy people. It may be because
of the changes in cer tain components in the serum of patients with
ac u te le uke mia t ha t t h e inte r nal
m a t e r ia l d i s t r i b u t i o n i s u n e v e n .
It can be seen that the PCA
method can accurately distinguish
the ser um of ac u te leukemia pa tients from healthy human serum.
Conclusion
Through the comparative analysis
of the SERS of the t wo serum, the
d i f fe re n c e in Ra ma n sig nal s b e t ween the serum of patient s with
leukemia and the serum of normal
people was obtained. The result s
show that the protein, lipid, and
www.spectroscopyonline.com

carbohydrate content in the serum
of leukemia patient s d e c rea s e d.
The ordered struc ture of proteins
in the serum of patients with acute
le uke mia c ha ng e s, a nd t he c o n tent of amino acids, glycoproteins,
and carbohydrate-related subs t ance s in t he s er um d e c rea s e s.
Af ter PCA analysis, the serum
of p a t ie n t s w i t h a c u te l e u ke m ia
c a n b e a c c u r a te l y d i s t ing ui s h e d
f ro m t h e s e r u m of h ea l t hy p e o p l e. T h e s e c o n c l u s i o n s p r o v i d e
a favorable experimental basis
for the diagnosis of leukemia
and the study of the biochemical
mechanism involved.
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Raman spectrometers

Four-in-one XRF pellet die

Metrohm USA, Inc.,

REFLEX Analytical Corporation,

Metrohm’s Raman spectrometers are designed
to deliver insights about
reaction dynamics,
blending, and other processes. According to the
company, the spectrometers provide qualitative
and quantitative chemical
information, and are easy to integrate into production
or in situ experiments.
Riverview, FL.
www.metrohm.com

Ridgewood, NJ.
www.reflexusa.com

Diamond ATR accessory

Particle analysis module

The IRIS diamond
attenuated total reflection
(ATR) accessory from PIKE
is designed for infrared
(IR) sampling for powders,
gels, liquids, solids,
and more. According
to the company, the
accessory is suitable for
research, QA/QC,
and sample identification.

Renishaw’s particle
analysis software module
for its inVia confocal
Raman microscope is
designed to automate
the microscope so that
it can identify particles
on images, and then
chemically analyze them
using Raman spectroscopy. According to the company, the
software provides chemical information on each particle and
its morphology statistics.
Renishaw, West Dundee, IL.
www.renishaw.com

PIKE Technologies,
Madison, WI.
www.piketech.com
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