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LC TROUBLESHOOTING
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In part I of this series we discussed 

how the peak purity tools commonly 

provided in chromatographic data sys-

tem software could aid in the detection 

of impurities in liquid chromatographic 

analysis (1). Here, we go one step further, 

and explore how a class of chemomet-

ric techniques known as curve resolution 

methods can be used to differentiate 

between a target compound and impu-

rities, and subsequently quantify them, 

even when their peaks are overlapped.

As in the previous installment (1), we 

focus on diode-array detection in liquid 

chromatography (LC–DAD). While mass 

spectrometric detection undoubtedly 

gives more selective information in the 

vast majority of cases, it is clearly a more 

complex detection mode and is prone to 

effects that can hamper quantitation such 

as ionization suppression because of matrix 

effects. The potential for highly precise 

quantitation of low-level impurities using 

DAD data is actually quite good, provided 

the spectra of the impurities have signifi-

cantly different spectroscopic signatures 

as compared to the main peak. The latter 

point is of course an important caveat.

Multivariate Curve Resolution-

Alternating Least Squares

In part I of this series we discussed the 

power of utilizing all of the absorbance 

information provided by a diode-array 

detector at multiple wavelengths to assess 

peak purity (1). Chemometric curve resolu-

tion techniques take this one step further. 

These techniques analyze the matrix of 

absorbance measurements at all wave-

lengths (that is, spectra) at all time points 

across a given time region of the chromato-

gram. Using a regression-based approach 

to determine how the spectra change over 

time, any impurities cannot only be discov-

ered, but also be mathematically resolved 

from the target peak. 

Here we illustrate one of the most popu-

lar curve resolution techniques, known as 

multivariate curve resolution-alternating 

least squares (MCR-ALS) (2–6). The basis for 

this technique is a multicomponent formu-

lation of Beer’s law given as

A
λ 

= ε
λ,XbcX + ε

λ,YbcY [1]

where A
λ
 represents the measured absor-

bance of a mixture solution at wavelength λ, 

b is the detection pathlength, ε
λ,X and ε

λ,Y

represent the molar absorptivities at this 

wavelength for two chemical species X and 

Y, and cX and cY represent the concentra-

tions of these species in the solution. For 

a two-component mixture, if absorbance 

measurements are obtained at two differ-

ent wavelengths, and the molar absorptivi-

ties are known, it is possible to solve for the 

concentrations of the two species, X and Y, 

in the mixture solution via simple algebra. 

If measurements at more than two wave-

lengths are available, least squares regres-

sion is needed to obtain the concentrations. 

It is important to note that the assumption 

that the two (or more) signals are linearly 

additive is only valid in cases where the 

total signal is within the linear range of the 

detector (for example, at signals less than 

about 1500 mAU with DAD).

At this point, we generalize the discus-

sion to a measurement x, and consider this 

as a signal in an LC–DAD chromatogram, 

such that the variable xi,j refers to the absor-

bance at the ith time point and jth wave-

length of the chromatogram. Additionally, 

we consider the possibility that more than 

two chemical species may be present in the 

sample within the chromatographic peak, 

which gives the following expression:

xi,j = ci,1s1,j + ci,2s2,j +...ci,NsN,j  [2]

Here, ci,n refers to the concentration of spe-

cies n at the ith time point in the chromato-

gram, and sn,j refers to the molar absorptiv-

ity-pathlength product for species n at the 

jth wavelength. The full spectrochromato-

gram can be easily understood in terms of 

a matrix product. In matrix notation, equa-

tion 2 is commonly written as

X = CST [3]

where the rows and columns of matrix X

represent the absorbance at each wave-

length and time point, respectively, and the 

superscript T refers to the matrix transpose. 

Peak Purity in Liquid Chromatography, 
Part II: Potential of Curve Resolution Techniques
Is that peak “pure”? How do I know if there might be something hiding under there?

Daniel W. Cook, Sarah C. Rutan, C.J. Venkatramani, and Dwight R. Stoll 



250  LCGC NORTH AMERICA  VOLUME 36 NUMBER 4  APRIL 2018 WWW.CHROMATOGRAPHYONLINE.COM

This concept is illustrated schematically 

in Figure 1. If the molar absorptivities are 

known at all measured wavelengths for 

all species present in the peak, then it is 

straightforward to solve for the resolved 

chromatograms, C, as follows:

C = X(ST)† [4]

where the superscript † indicates the 

pseudo inverse operation. Equation 4 is 

simply a linear regression equation in matrix 

format. The columns of C are the individual 

component chromatograms (that is, each 

compound plus any background contribu-

tions), and the rows of ST are the individual 

component spectra.

While in theory this approach could be 

a means of resolving overlapped chro-

matographic peaks, if there are unknown 

impurities present or uncharacterized 

mobile phase background components 

or species, then we do not have enough 

information to specify the S matrix. The 

MCR-ALS technique then becomes quite 

useful in this regard. Rather than exactly 

specifying S, an initial estimate for S is pro-

vided to the regression. This initial estimate 

can be obtained in a number of different 

ways. Pure variable methods are frequently 

used for this purpose. These methods seek 

to find the N most different spectra from 

the chromatographic data matrix, X, where 

N is the number of components needed 

to describe the measured data. The prin-

ciple is that the most different spectra in 

the matrix are likely to be similar to the 

underlying pure component spectra. The 

caveat is that the number of components 

must be set by the user. Methods have 

been proposed for selecting the correct 

number of components such as scree 

plots; however, the only reliable method is 

evaluation of the results for multiple values 

of N. For a simple impurity screen, running 

MCR-ALS with two and three components 

to start should suffice, as one component 

would represent background, one would 

represent the target analyte, and if a third 

component is necessary, it is most likely 

because of an impurity peak. 

Once this estimate for S is obtained, 

equation 4 is used to solve for the chro-

matographic profile matrix, C. Because the 
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FIGURE 2: (a) Chromatogram of impure peak at 212 nm; (b) representation of this chro-
matogram as a contour plot where the y-axis is the UV-visible absorbance spectrum 
axis and the x-axis is the chromatographic time axis; (c) three most “pure” spectra 
within the spectrochromatogram found at the points circled in (a).
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FIGURE 1: Schematic for resolution of a spectrochromatogram represented by a ma-
trix, X, into two component chromatograms and spectra contained by matrices C and 
S, respectively.
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matrix S is only an approximation, C will only 

be an approximation as well. MCR-ALS can 

be considered an optimization method in 

which these C and S matrices are continu-

ously improved with the goal of accurately 

representing the true underlying chromato-

graphic and spectral profiles of each com-

ponent. The power of MCR-ALS lies in the 

judicious implementation of constraints on 

the C matrix (and in subsequent steps, the 

S matrix as well) during this optimization. 

One frequently applied constraint is non-

negativity, which allows the user to force 

the chromatographic profiles contained in 

C to have only positive values (6,7). Another 

constraint is unimodality, which forces each 

individual species chromatogram to exhibit 

a single peak (7). Many other constraints 

have been developed for MCR-ALS, but 

they are too numerous to describe here. 

Once C is constrained appropriately, the 

spectral matrix is updated via linear regres-

sion using equation 5:

ST
= C†X [5]

Now, constraints can be applied to this S

matrix as well; non-negativity is frequently 

used in this case too. By updating the S and 

C matrices in an alternating fashion (that is, 

equations 4 and 5), interspersed with the 

application of constraints, the final solu-

tions for C and S will contain the pure com-

ponent profiles of the individual chemical 

species within the chromatographic peak.

Application of MCR-ALS

We illustrate this approach using the chro-

matographic peak that was analyzed in part 

I of this series (1). Figure 2a shows the chro-

matographic peak, and Figure 2b shows 

the contour plot of the matrix X. We first 

applied a pure variable method (in this case 

the pure method in the Barcelona MCR-

ALS toolbox, based on the SIMPLISMA 

algorithm [8–10]), and selected the three 

most different spectra within the spectro-

chromatogram. The corresponding time 

points are shown as circles in Figure 2a, and 

the three spectra at these points are shown 

in Figure 2c. It is likely that the spectrum 

shown in green represents a background 

spectrum, because it corresponds to a 

spectrum appearing in the baseline (green 

circle at 9.77 min in Figure 2a). After these 

initial estimate spectra are submitted to 

MCR-ALS, it should allow the algorithm to 

estimate the background contribution to 

the data, as well as the chromatographic 

peaks for each chemical species present 

within the profile.

The results for MCR-ALS analysis of this 

peak using these spectra for initial esti-

mates are shown in Figure 3. Two peak 

shape responses within the chromatogram 

are resolved as shown in Figure 3a. These 

are two of the components contained in 

the matrix C, corresponding to two chemi-

cal species (peaks shown in blue and red), 

and a background contribution from the 

mobile-phase gradient shown in green. 

The normalized spectra contained in matrix 
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S, which correspond to these species or 

contributions, are shown in Figure 3b. Note 

that the non-negativity constraint has been 

applied to the components correspond-

ing to the real chemical species (shown in 

red and blue), while the background com-

ponent (green) was not constrained. This 

flexible application of constraints leads to 

a powerful algorithm for curve resolution.

Quantitation with MCR-ALS

A natural limitation of the MCR-ALS algo-

rithm in this case is that there generally 

are multiple mathematical solutions that 

satisfy equation 3. Constraints are used to 

limit the possible solutions, but this gener-

ally does not provide a unique, chemically 

valid solution, especially when using MCR-

ALS to analyze a single chromatogram, 

as described above. An extension of the 

MCR-ALS technique to analyze multiple 

chromatograms simultaneously is quite 

powerful in this regard, especially for quan-

titative analysis. In this approach, the analyst 

runs a series of calibration sample mixtures 

with varying concentrations of the target 

analytes, and obtains chromatograms for 

test samples with unknown concentrations 

of the target analytes. Because MCR-ALS 

resolves signals resulting from individual 

chemical species, these calibration solutes 

are not required to be individual standards 

and can, in fact, be mixtures of the com-

pounds of interest, minimizing the number 

of calibration samples that need to be ana-

lyzed. These measured spectrochromato-

grams are appended together along the 

time axis to form an augmented matrix X

as follows:

X =

X
c,1

X
c,2

X
c,L

X
u,1

X
u,2

X
u,M

:

:

 [6]

where the Xc are the L calibration chro-

matograms and the Xu are the M unknown 

chromatograms. MCR-ALS is carried out 

similarly to the approach described above. 

The resulting S matrix still consists of the 

N spectra of the pure component species, 

but the resulting C matrix now consists of 

L + M resolved chromatograms for each 

of the N species, appended together simi-

larly as shown in equation 6. The resolved 

chromatograms and spectra for a dataset 

of five calibration standards, C1–C5, and 

one unknown, U1, are shown in Figure 4 

(that is, L = 5; M = 1). The table above the 

figure shows the known concentrations of 

the standard mixtures, and it can be seen 

that the scaled peak intensities in the chro-

matograms (Figure 4a) are proportional to 

these concentrations. By integrating these 

resolved chromatographic peaks, calibra-

tion curves can be constructed, as shown 

in Figure 5.

A clear advantage to handling multiple 

chromatograms simultaneously is that 

calibration information and estimates of 

unknown concentrations can be obtained 

very efficiently. Another advantage is the 

potential to add additional constraints to 

the analysis, which further limits the pos-

sible solutions for C and S. For example, if 

a blank chromatogram is included in the 

data set, the contributions of the chemical 

species for this chromatogram can be set 

to zero forcing the blank to be modeled 

using only the background components. 

Additionally, calibration constraints can be 

added to the analysis, which constrain the 

peak areas for the calibrated samples to 

follow an expected relationship between 

detector signal and concentration (11–13).

Of particular note here is the fact that 

two compounds present in the unknown 

sample have been reliably quantified, 

despite the resolution between the two 

peaks being significantly less than 1, and 

a high degree of similarity between their 

spectra. Here the chromatographic resolu-

tion of the two peaks is approximately 0.6.

Peak Capacity 

Enhancements via MCR-ALS

The performance of the MCR-ALS algo-

rithm is highly dependent on the similarity 

of the spectra of the species contributing to 

the overlapped peak, as well as the signal-

to-noise ratio (S/N) of the peaks. Here the 

similarity of the spectra for the two analytes 

psoralen and angelicin can be expressed 

by the correlation coefficient, which is 0.98 

(see part I for further discussion).

The improvement of effective chromato-

graphic performance can be quantified in 
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FIGURE 3: MCR-ALS results from the chromatogram shown in Figure 1. (a) Resolved pure 
component chromatograms; (b) resolved pure component spectra. The red and blue curves 
represent chemical species and the green curves represent background contributions.
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terms of the peak capacity of the separa-

tion. The peak capacity of a gradient sepa-

ration, nc, can be estimated as follows:

n
c
 =

t
grad

w
b
R

s
’ [7]

where tgrad is the time of the gradient, 

and wb is the average width of the peaks 

at the base. The Rs΄ term is the resolution 

required for effective quantitative analysis 

(14). Typically, chromatographers use an Rs΄

value of 1 when calculating peak capacity. 

Clearly, if peaks can be quantified at a reso-

lution of less than 1 using curve resolution 

as discussed above, then the effective peak 

capacity has been increased. In recent work, 

we have developed a quantitative relation-

ship between peak capacity and the signal-

to-noise ratio of neighboring peaks and 

spectral similarity as measured by correla-

tion coefficient. As an example, if the corre-

lation coefficient between the overlapped 

spectra is 0.89 and S/N is 50, the chromato-

graphic resolution required for quantitation 

is Rs΄ = 0.3. This results in a roughly three-

fold improvement in peak capacity relative 

to conventional use of DAD where the 

only means of separation is that provided 

by the column itself. Clearly, MCR-ALS can 

provide a significant enhancement in chro-

matographic method performance.

Availability of MCR-ALS 

in Software Packages

One hurdle to widespread usage of 

MCR-ALS is the lack of implementation 

of curve resolution options in commercial 

chromatographic data systems. Although 

commercial data systems for spectroscopy 

instruments (for example, infrared) fre-

quently provide MCR-ALS or related curve 

resolution tools within their software, this 

situation is as not common for chromato-

graphic data systems. To the best of our 

knowledge, only Shimadzu has recently 

added this capability to its data system 

software (15). The other option for chroma-

tographers wishing to apply these meth-

ods to their data is to use one of the many 

available MCR-ALS toolboxes available 

for use in the Matlab programming envi-

ronment. Eigenvector Research, Inc. sells 

its PLS Toolbox package, which includes 

MCR-ALS (16). Matlab toolboxes are freely 

available from the Barcelona MCR-ALS 

group (10,17) and the Olivieri group (18), 

with the latter toolbox specifically focused 

on calibration applications. The Olivieri 

and Barcelona MCR-ALS toolboxes are 

also available for users without access to 

Matlab through a stand-alone graphical 

user interface (17,18). There is also an ALS 

package available for the open-source R 

statistical software environment (19).

Because of the lack of integration with 

instrumental software, an extra step is 

required to export the raw spectrochro-

matogram and read it into the third-party 

software packages listed above. Unfortu-

nately, this approach is not always straight-

forward, depending on the instrument 

software. Although a few extra minutes 

may be required to move the data and to 

analyze with the third-party software, it will 

Molex sets the standard for high-purity capillary tubing. By choosing 

from more than 75 standard Polymicro capillary tubing options 

with a wide range of internal diameters and tight tolerances, 

you can customize a complete capillary tubing assembly with 

uncompromising performance. Select standard capillary for CE, GC, 

LC, MS and nano-analysis applications or design capillary to your 

dimensional requirements utilizing our Capillary Configurator.

Discover why Molex is the world leader in capillary tubing — explore 

our solutions.

www.molex.com/a/capillarysolutions

Innovative Solutions 
from Idea to Delivery

Simply Solved   

World-leading Polymicro capillary tubing, 
without compromise 



254  LCGC NORTH AMERICA  VOLUME 36 NUMBER 4  APRIL 2018 WWW.CHROMATOGRAPHYONLINE.COM

often require less time than it would 

take to analyze samples using different 

chromatographic columns or to vary 

other method parameters to resolve 

impurity peaks and increase confidence 

that none are present.

Concluding Remarks

To those of us who have utilized MCR-ALS 

for chromatographic analyses, it is clear 

that this technique adds a powerful tool to 

the chromatographer’s arsenal. While the 

peak purity approaches described in part I 

of this series can identify whether impurities 

are present, MCR-ALS can resolve the pure 

chromatographic profile, allowing quantita-

tion of the target analyte and the impurity if 

standards are available for the compound. 

As mentioned earlier, MCR-ALS does 

require that compound spectra be at least 

slightly different; however, MCR-ALS is able 

to distinguish compounds with even small 

differences in spectra given a large enough 

S/N as shown in Figure 3. 

Here we have limited our discussion to 

impurity analysis in LC–DAD; however, it 

is worth noting that MCR-ALS finds use 

in many other analyses such as metabolo-

mics and environmental analyses as well as 

other instrumental techniques from hyper-

spectral imaging to LC with mass spectro-

metric detection to two-dimensional liquid 

chromatography (3,4,20,21). The latter will 

be the focus of the next installment in this 

series where we will look at how the addi-

tional separation dimension can help in the 

quest to determine peak purity particularly 

when spectrally indistinguishable impuri-

ties are present. 
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