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Abstract

We developed a multivariate curve resolution (MCR) calculation combined with the mapping of
cosine similarity (cos-s) for multiple mixture spectra of chemicals. The cos-s map was obtained by
calculating the similarities of the variation of the signal intensities at each scanning parameter, such
as the wavelength. The cos-s map was utilized for the initial estimation of the spectra for pure
chemicals and also for the restriction of the iterative least-square calculation of MCR. These
calculations were performed without arbitrary parameters by introducing the soft clustering to the
cos-s map. The chemically meaningful initial estimation could prevent the convergence at an
incorrect local minimum, which frequently happens for the wrong initial estimation of spectra far
away from the real answer. Herein, we demonstrated the robustness of this calculation method by
applying it for UV/Vis spectra and XRD patterns of multiple unknown chemical mixtures, whose
shapes were totally different (broad overlapped peaks and multiple complicated peaks). Pure
spectra/patterns were recovered as >84% consistency with the reference spectra, and <6% accuracy

of the concentration ratios was demonstrated.

Keywords: multivariate curve resolution, initial estimation, cosine similarity, fuzzy c-means, non-
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Introduction

Multivariate curve resolution (MCR) has been extended for various applications of the
separation of spectral data of chemical mixtures.! In analytical chemistry, much effort is devoted to
the separation of chemicals to purify a single species for qualitative and quantitative determination.
However, if we could obtain this information only from the spectra of chemical mixtures,
tremendously chemical processes will be reduced for the analyses. This is the main reason why the
MCR has been studied and developed in the field of analytical chemistry.

Two-dimensional correlation spectroscopy (2D-COS) is also an active research field to assign
peaks and study their correlation in the spectra of chemical mixtures from 2D synchronous and
asynchronous spectra obtained by applying a perturbation such as a temperature and concentration
change.>* The temperature dependent mixture spectra were used for demonstration of the
identification of different protein moieties.” The correlation between the functional groups could be
analyzed by applying temperature for polymer blend films.® 2D synchronous spectra obtained by
changing temperature could reveal minor spectral differences for mixture of olive oils.” Recently, 2D
asynchronous spectra can be used for the identification of the implicit isolated peaks from severely
overlapped peaks and could successfully analyze bilinear data from mixture spectra.?

In MCR, spectral data of chemical mixtures as a number matrix is decomposed into a matrix of
the spectra of pure chemicals (S) and a matrix of the concentration ratios (C) in the mixtures. This
calculation accuracy has been drastically improved after the introduction of the alternating least
square method (MCR-ALS).>!9 The C and S matrixes are iteratively optimized sequentially, and also
various restraints can be included in each iteration, such as non-negativity, limitation of
concentrations, number of species,!! area correlation,'> etc. This chemically informative
reconstruction of C and S is an advantage over the traditional methods such as the principal
component analysis (PCA) and the partial least square (PLS).

In analytical chemistry, it was initially applied for the chromatography data,!3-1> and extended
for the chromatographic spectral data,!>!¢ and for many other analytical data such as UV/Vis,!"-19
NIR,?2! X-ray absorption.??> Recently, an inhomogeneous sample surface was scanned combined
with microscopic technique, and the mixture spectra were used for the component analysis,
especially for biological applications using Raman spectroscopy.?>-2¢ For other utilities, it has been
utilized for the data reduction for hyperspectral imaging data and for denoising for 2D-NMR data.?’
Furthermore, MCR was combined with deep learning and improved for the component analysis of
the gas chromatography-mass spectrometry data.??

Still, there are several problems for MCR when the spectra include strong background,?
several unidentified components,3? rotational ambiguities,?! and unprecedented initial estimations.??

In the initial estimation, the spectra for pure chemicals are conventionally obtained by the singular
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value decomposition (SVD). However, it is sometimes far from the real answer, and the iteration
calculation often stops at the local minimum. To overcome this problem, there have been several
efforts to improve the initial estimation, and one of the methods is called PURE used in
SIMPLISMA, 3334 where pure data points for each species are used for the prediction of the pure
spectra. There are several other methods to solve the drawback of PURE that needs a pure
component in the data, such as independent component analysis (ICA) 33 and orthogonal projection
approach (OPA).3® We also have developed the categorization of the spectral components by using
the cosine similarity (cos-s) of the peak intensity correlation in the previous paper.’’ The cos-s
estimation could provide a reasonable initial estimation, and the following MCR process could refine
the spectra and obtain the concentration profile with high reliability. This reasonable initial
estimation can reduce the uncertainty of the matrix decomposition, which solved the problem of
rotational ambiguity.3® This method was applied for NMR spectra.

In principle, this calculation can be applied to any mixture spectra measured by different
analytical methods without any prior information about the sample system. However, in practice,
there are several difficult cases where this calculation cannot be applied as it is. One of the difficult
cases is for the spectra with overlapped multiple broad peaks such as absorption spectra. In the initial
estimation, the overlapped peaks must be separated at each wavelength for different chemical
species, and the accuracy is lowered compared with the peak-isolated spectra like NMR. The other
problem is the misclassification for the spectra with strong background or low signal-to-noise (SN)
ratio. In this case, it is necessary to use multiple threshold parameters for better categorization, but
these parameters are adjusted depending on analytical methods.

To overcome these problems, we have developed a new, improved initial estimation and
optimization method with reasonable assignments of overlapped peaks without adjustable
parameters by employing the similarity map and soft clustering. The similarity map visualizes the
internal correlation of the whole region of spectral data, and this map is basically same as the 2D
synchronous spectra used in 2D-COS except that the spectral intensities are normalized in the cosine
similarity, and can provide the coincidental intensity changes of signal pairs in the sampling.>® And
each peak region can be automatically assigned without manual assignments, meaning that no
parameter tuning was necessary by utilizing the clustering for the similarity map. The highly-
trustable initial estimation was also utilized for the restraints in the iterative MCR optimization.
Hereinafter we call the cos-s map estimation and the following MCR calculation as cos-s map MCR.
This calculation could extract the pure spectra and their concentration profiles with high accuracy
without adjustable parameters by users and does not need any prior information. We selected two
general problems of chemical mixtures, which can be solved by other initial estimation methods;
UV/Vis absorption spectra and X-ray diffraction (XRD) patterns. In this paper, we applied our

calculation techinige to two distinct general problemsand showed the robustness and versatility of
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this calculation technique for the mixture spectra.
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Theory and method

Assuming that multiple spectra for mixture samples with different compositions are obtained, the
spectrum for the i'" mixture is represented as Sy; (j: parameter for the spectrum such as wavelength).
We processed the spectral data matrix in Scheme 1; (a): data pre-processing and initial estimation of
pure spectra by cos-s mapping, (b): iterative calculation of pure spectra and concentration ratios by
MCR.

In Scheme 1(a), the background was removed by a built-in function of MATLAB (R2020a)
named msbackadj, which regresses the background to the multiple shifted windows using spline
approximation. It is used only when the background level was similar to the signal level. When
spectra have isosbestic points, observed for UV/Vis absorption spectra, random numbers (0.5-1.5)
were multiplied to the mixture spectrum to provide the dispersion at the isosbestic points
intentionally. The signal variation is necessary for the peak intensity assignment for the overlapped
peaks. Next, the peak shifts due to the equipment and sampling errors were removed by the icoshift
algorithm.*° These pre-processing calculations for mixture spectra were general methods for spectral
analyses, and they are effective for the MCR optimization because the intensities of the original data
are directly proportional to the finally obtained concentrations and spectra. Even after application of
icoshift, peak distortion or peak splitting could cause non-proportionality of the peak intensity.3” To
solve this, each spectrum was convoluted by a Gaussian function with a width less than 5% of the
total window size. When no-signal regions of the spectra exceed 50 %, such as NMR and XRD
patterns, no-signal regions were removed to reduce the data points.

The pre-processed spectra were centered by their average spectra for all the mixture samples
(8)) to extract the variation for different samples as shown in Eqn. (1)

Sij =Sy —5j (1,
where s;; reflects the spectral intensity variation for each mixture spectrum.

From the similarity of the spectral intensity trend for different mixture samples, the spectral
regions for pure chemicals were decided, and those for the overlapped regions were separated, as
shown in Scheme 1(a). Cosine similarity was used to understand the spectral intensity tendency
quantitatively and was calculated as:

f( ) (cos6) Sj, " S), X sii,Si, (=1 1 ) @)
S$i,Si,)=(coSU)j=j.j, = = ~ I1=1.n,j=1.m
122 J=Jui2 |S/1| |5/z| s 151-,-12 Z:’: 15i1'22 J 4

where n and m represent the total sample number and the number of discrete data-points in a

spectrum. This calculation provides the correlation matrix indicating the correlation between the
spectral intensities for the two wavelengths, j; and j, in the direction of the sample number. The size
of the correlation matrix is m X m, converted into a heat map, and this two-dimensional correlation

map is called a similarity map. This is the normalized version of the 2D synchronous spectrum in
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2D-COS, providing information on the coincidental intensity changes of pairs of peaks.3® From the
analysis of the similarity map, the spectral regions for the same chemical species were decided.
Furthermore, the overlapped regions for multiple chemical species could be recognized and
separated for each chemical species based on the similarity values as described in the previous
paper.’” However, the separation criteria depended on the threshold value of the similarity,
determined by analysts. Fuzzy c-means (FCM) clustering*! has been introduced for the automatic
feature extraction of the similarity map to avoid the baseless decision. Clustering is one of the
unsupervised learning methods for data classification based on the distance function. The distance
function evaluates the internal pattern of the data, and the data is divided into groups according to
the similarity of the recognized patterns. In the calculation of FCM, similarity vectors, X; (j =
1,2,...m) (m X 1), which were the row vectors in the similarity map, were classified into ¢ clusters,
and the center of each cluster (v (m X 1): central vector of the k-th cluster ), and its weight to all
clusters (u;;: contribution of the j-th feature value to the cluster k) were obtained by solving this

equation.

arg min (Z;r; 1ZZ _ il — kaIZ) 3),
uv

where p is the exponent for . The number of species ¢ was iteratively determined by assessing the
finally obtained mean square error.

From the similarity matrix of X = (c0s0);-;,;,, (mXm), v, and its weight u;; are
estimated. The result of FCM clustering can be directly utilized to estimate the shape of the pure
spectra because u; is regarded as the contribution of the k-th chemical species to the similarity map,
and p was regarded as 2. (Appendix in Supporting Information (SI)). Since the spectral intensities
were centered, the differences from the averaged values over samples were obtained. The initial
estimation of the spectra was calculated based on the averaged spectra as:

Sestjk = Wik’S) “4)
Sestjk represents the initial estimation of the spectrum of the k-th component at wavelength j. 5; is
the average spectral intensity in the whole mixture samples.

Scheme 1 (b) represents the updated alternating least square (ALS) optimization process under
several constraints after the initial estimation. Before the ALS optimization, the number of spectral
data for the calculation was augmented about 100-500 by mixing the measured mixture spectra with
arbitrary ratios to improve the calculation accuracy. During the ALS optimization, the weight matrix
was multiplied to the estimated spectra in every iteration to reflect the initial estimation to the final
result. This procedure can avoid unrealistic peaks during the iteration. The weight matrix was
obtained in Scheme 2, as described below. The ALS algorithm was performed until the convergence
was reached for both the concentration and spectrum profiles. The calculation was converged when

the difference between the lack of fit of each iteration was below 0.1%. The lack of fit is the ratio of
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the data matrix and the residual after the fitting.%> If the calculation diverges, additional constraints
were also used in the optimization process by restricting the spectral area from 5% to 2000% to the
spectra obtained by the initial estimation. Finally, the optimized spectra were deconvoluted by the

Gaussian function used for the convolution in Scheme 1.

(a)

| Background correction |

Isosbestic point
| Multiplying random number
|

NO

I
| icoshift (peak alignment) |

Convolution

No signal region
>50%

Division of spectrum
into key peak regions
]

| Preprocessed data |

Similarity map

Fuzzy c-means

| Initial estimated spectra |

(b)

Initial estimation
&
Augmented data

ALS optimization under nonnegative
constraint with weighted matrix W

NO
Divergence

Allow 5~2000% area of each species
compared with initial spectra

Spectral deconvolution |7

Scheme.1 The analysis flow charts for the cosine-similarity map multivariate curve resolution (cos-
s map MCR) are shown. (a) Data pre-processing of cos-s map MCR and initial estimation process of
cos-s map MCR are shown. (b) corresponds to the alternating least square (ALS) optimization based

on the initial estimation with constraints.



oNOYTULT D WN =

0 N AN bk W N~

10
11
12

13

14
15
16
17
18
19
20

21
22
23

Analyst

Scheme 2 represents the calculation process for the weight matrix W=w;;, at wavelength j and
k-th species. The weight matrix was determined within each peak region defined in Scheme 1(a) and
controls how much the initial estimation of the spectra is reflected by multiplying it to the estimated
spectra in all iterations. This weight matrix was introduced to maintain the spectral assignment to
species in the initial estimation because the peak shape was not accurate in the initial estimation,
though the peak assignment for species was correct. First, count L;, a label for the species with the
largest contribution to the spectral intensity at j by evaluating ;.
if k =arg max (ujp)

1
Lj,k =10 otherwise (6)

By summation of the number of labels (N, ) for the k-th species in each peak region defined in
Scheme 1(a). The ratio of the k-th species contribution to the r-th peak region (p, ) was calculated

as:

=

N rk rk

= = 7
Prk ZLV: 1Nr,k M, ( )a

where M, is the wavelength size of each peak region. If the ratio p,j; < 0.05, the weight matrix
W=w; was set to 0.2 to suppress the unnecessary peak evolution during the iteration. Otherwise, it
was set to 1 and do nothing in the iteration. This threshold was set to improve the robustness for the
peak assignment about the pure peak region. Since a pure peak was typically consisted of at least 20
data points, the peak was properly classified even if it includes a different species component, and
this process was helpful for the assignment around the boundary of peak regions. This improved

ALS optimization can refine the spectral shape of each species while keeping the peak assignment of

Select the species with highest ratio
at j-th wavelength and labeled

Count the number of k-th label
in each peak region

Ratio of k-th label
> 5%

WeightGk)=1 || Weight(k3=0.2 |

the 1nitial estimation.

Scheme 2 Determination of weight matrix based on the initial estimation for convergence in
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the ALS optimization.

Experiment

For the demonstration purpose of this calculation, bromothymol blue (BTB) (Wako) was
dissolved into 1 M HCI or 1 M NaOH aqueous solutions (Wako), and the pH of each solution was
adjusted by deionized (DI) water and phosphate buffer (Wako) (4.5~9). The molecular structure of
BTB is provided in Fig. S1 in Supporting Information (SI), together with two moclecular structures
in acidic and basic solutions, where the absorption spectrum changes due to the electrolytic
dissociation. BTB solutions with eight different pH were prepared at the same final concentration of
BTB. The UV/Vis absorption spectra were measured at room temperature (Shimadzu, UV-3600) and
shown in Fig. 1. For the reference spectra, BTB solutions of pH = 1.13 and 12.68 were used as

strongly acidic or basic conditions. (Fig. S2 in SI). The pKa value was 7.1.43

0.6

—pH =45

—pH=55
0.5 /l —pH =6.0
i\ —pH=6.5
/' —pH=7.0
0.4 . \ —pH=75
@ pH = 8.0
% pH=9.0
o 0.3
g N
202 o
I
01} 2/

500 600 700 800 900
Wavelength [nm]

0 L
300 400

Fig. 1 Absorption spectra of BTB solutions for different pHs from 4.5 to 9 are shown.

With regard to XRD data, iron(IIl) oxide (Fe,O;), iron(Il, III) oxide (Fe;0,), aluminum (III)
oxide (Al,O3), and silicon dioxide (SiO,) (Wako) were utilized. These four powders of chemicals
were scaled as the ratios described in Table 1, and mixed by a mortar for five minutes The total mass
of each mixutre was 300 mg. The XRD patterns were measured by an X-ray diffractometer (Rigaku,
Ultima IV) using Cu-Ka radiation (40 kV and 30 mA). The diffraction patterns were recorded from
20° to 70° (20) with a step size of 0.02° (20) and a scan rate was 1° per minute. The XRD patterns of

12 samples with different mixture ratios are shown in Fig 2. The reference spectra of the pure
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powders are shown in Fig. S3 in SI.
5 x10%
2.54
o2
=
2 } |
L5y )l A
= »
1 h..: —elaV " L.{ A
05 . ‘ ; .
20 30 40 50 60 70
20 [degree]
Fig. 2 12 XRD pattern of chemical mixtures of 4 chemicals (Fe,O,, Fe,O,, AL,O, and SiO,)
are shown.
Sample number Fe,O4 FesO4 Al,O4 SiO,
1 21 61 5.6 12
2 35 25 11 30
3 30 6 14 50
4 33 26 14 27
5 6.6 9.3 36 48
6 29 29 35 7.0
7 32 28 17 23
8 7.8 52 29 11
9 42 6.2 25 27
10 20 17 38 26
11 25 60 8.4 6.1
12 7.1 19 34 40

Table. 1 The mass fractions of the inorganic mixture samples for XRD measurements. (wt%)

Results and discussions

The demonstration for the spectra, including broad overlapped peaks, is shown as a first
example. The absorption spectra of the BTB solutions for different pHs were used, as was
demonstrated by Shimada et al.** In the procedures as described in theory, the data was pre-

processed as Scheme 1(a). Since there were merely minor baseline shifts among each spectrum, the

10
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msbackadj was not used, and they were removed by simple subtraction using the average intensity
from 745 nm to 900 nm.. Then, the background correction and peak separation were skipped because
they had no strong background nor isolated peaks. Before the convolution, random numbers were
multiplied to each mixture spectrum since there were two isosbestic points in the spectra, as shown
in Fig. 1. In Scheme 1(a), the initial estimation was conducted based on the similarity map. The

similarity values were obtained from any two wavelengths j; and j, by Eqn. (2), which evaluates the

300
350
400

Wavelength [nm]
g W
o

300 400 500 600 700
Wavelength [nm]

spectral intensity variation in the sample number direction. The similarity values were converted into
a heat map as shown in Fig. 3. The map showed a specific pattern corresponding to spectral features

of pure chemicals.

Fig. 3 The cosine similarity map of the UV/Vis spectra of the BTB solutions with different pHs

obtained as Scheme 1(a) (cos-s map estimation).

Based on the fuzzy c-means clustering of the similarity map and the following calculation in
Eqn (4), the initial estimation of the spectra was obtained as shown in Fig. 4(a). Two components
were extracted and it was consistent with the previous research for BTB acid base equilibrium using
spectroscopy.* Compared with the reference spectra in Fig. 4(b), the positions of the initial
estimation of the spectra were reasonable; however, the spectral shape needs to be optimized, as

described in the theory section.

11
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Fig. 4 (a) The initial estimation of the spectra is shown, which were obtained from the mixture

spectra of the BTB solutions by using the cos-s map estimation. (b) The UV/Vis absorption spectra
of the BTB solutions under highly acidic or basic conditions (pH = 1.13 and 12.68) are shown. (c)
The absorption refined by the MCR calculation from the initial estimation of the spectra is shown.

(d) The concentration ratios of the two components were obtained in the MCR calculation.

Then, the updated ALS optimization was followed as in Scheme 1(b). The recovered spectra
were shown in Fig. 4(c), and they matched well with the reference spectra in Fig. 4(b). The spectral
shape was refined from the initial estimation of the spectra. The correlation coefficients of the two
predicted spectra and the reference spectra under the acidic and basic conditions had a consistency of
>99 %.

The concentration profile corresponding for each pure spectrum was obtained in Fig. 4(d). The
plots correspond to the concentration ratio of each species. The calculation results were fitted by the

least square minimization based on Eqns. (8) from the acid-base equilibrium of BTB.

12
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[H*] _ Ka
e AT = ®),

[HA] =

where K, is the equilibrium constant. The concentration profiles were well fitted with these
equations as a parameter of pKa, and the estimated pK, was 7.07, in agreement with the literature
value.3¢ This result indicates that this new calculation technique can be applied for the spectra
including broad overlapping peaks.

We would like to mention that this problem can be also solved by the general procedure using
PURE in SIMPLISMA and the following MCR calculation. The results were summarized in Fig.S4
in SI. The correlation coefficients between the predicted and the reference spectra was 0.99 on
average, and the prediceted pKa was 6.86, which is 3% smaller than reported value. For this simple
example, our method had a similar accuracy compared with the results by the PURE-based initial
estimation from the comparison between Fig. 4 and Fig. S4.

Next, the cos-s map MCR was applied for the XRD patterns. In the pre-processing of the data,
the procedures in Scheme 1 were performed except the random number multiplication because the
XRD patterns had no isosbestic points. The peak intensity trend at every diffraction angle in the
sample number direction were converted to cosine similarty values by Eqn. (2). All the similairty
values were converted into a heat map as shown in Fig. 5(a), and it represents the internal
correlation of the peak intensity at each diffraction angle. The FCM clustering was applied and, the
initial estimation of the XRD patterns was calculated. We could confirm four species from the map
(Fig. 5(b)). Finally, the updated ALS optimization was applied to refine the pure patterns and to
obtain the concentration profiles. For the calculation, weight matrix W was used in the calculation

(Scheme 2). The recovered patterns and concentrations profile is shown in Figure. 6.

13
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Fig. 5 (a) The cos-s map for the XRD patterns obtained in the process of cos-s map estimation

is shown. (b) The initial estimation of the XRD patterns by using the cos-s map estimations in the

whole angle region.
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Fig. 6 (a) The final estimation of pure XRD patterns obtained by the cos-s map MCR and (b)
The reference XRD patterns for four chemicals (Fe,0s, Fe;04, ALOs and SiO,) are shown. (¢) The

concentration profile obtained by the cos-s map MCR and (d) the prepared concentrations are shown.

From the comparison between the initial estimation of the XRD patterns (Fig. S5(a) in SI) and
the optimized XRD pattern (Fig. S5(b) in SI), the spectral shape and intensities were optimized.
Compared with the reference XRD pattern (Fig.6 (b)) and the optimized spectra (Fig. 6(a)), the peak

positions of each calculated spectra mostly matched with those of the reference patterns. The

O© 0 39 & W A~ W N =

detailed comparison between the calculated patterns and pure patterns was shown in Fig. 7. The

—
[w)

correlation coefficients were 0.90 on average (Table 3), and they were sufficiently accurate for the
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The comparison between the calculated patterns and the corresponding pure patterns of

(a) Fe;03 (b) Fe;04 (c) Al,O5 (d) SiO; is shown.

Table2  The correlation coefficients of agreement between the predicted and the reference spectra.
Chemicals Correlation coefficients
Fe O 0.84
Fe304 0.93
Al,O3 0.98
SiO, 0.87
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The absolute errors for the concentration ratios were tabulated in Table 3. From the
comparison of the concentration profiles between the predicted ratios and the actual preparation, the
absolute error was less than 6% on average. The errors of the prediction were suppressed both for the
large and small portions of chemicals. The prediction error was in the same range as the preparation

CITOrS.

Table 3 The absolute errors (%) of the predicted concentrations from the prepared conditions.

Sample number Fe,O5 Fe304 Al,O4 SiO,
1 -2.3 -5.6 11 2.7
2 -4.1 7.9 3.1 -6.9
3 -0.78 13 -1.8 -10
4 -2.2 5.6 5.0 -8.3
5 2.6 4.6 3.6 -11
6 -2.3 3.0 1.9 -2.6
7 -2.6 4.5 5.9 -7.8
8 4.6 -11 9.9 -3.9
9 -3.8 16 -3.8 -8.2
10 -0.50 59 -2.6 -2.8
11 2.4 -12 11 -1.4
12 1.7 6.9 2.1 -1

Finally, we compared the calculation results by our method and PURE (SIMPLISMA) initial
estimation-MCR. The pure XRD patterns and concentration profiles are shown in Fig. S6. The
correlation coefficients between the predicted and the reference spectra was 0.38 on average, and the
absolute error of the concentrations was 14% on average. It is obvious that the errors were much
worse than the ones obtained by our method. The reason for this discrepancy is not fully understood,
however, the initial estimation of the spectra was much worse than the one obtained by our method.
It can be said that the proposed initial estimation and the updated optimization scheme was effective
and necessary for the extraction of the pure XRD patterns and the concentration ratios with high
accuracy.

Based on these two demonstrations, our calculation method could be applied to various types
of spectral data composed of sharp and broad peaks with overlapped regions. Both of the mixture
spectra, whose shapes were totally different, were analyzed by the same schemes, and we could
obtain accurate results without using any prior information about pure spectra and the concentration
profile in the sample system. Since the reasonable initinal estimation is used and the following MCR
optimiazation is performed with the constraints using the initial estimation in this calculation
technique, the process can reduce the uncertainty of the matrix decomposition and solve the problem

of rotational ambiguity.3®
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Conclusion

We could develop a parameter-less multivariate curve resolution (MCR) method by the
improved initial estimation and its integration into the MCR optimization and demonstrated the
extraction of pure spectra and the estimation of the concentration ratios for totally different types of
analytical spectroscopic data of unknown chemical mixtures. We could develop the robust initial
estimation of pure spectra by a combination of cosine similarity mapping and soft clustering. The
initial estimation was integrated into the MCR optimization calculation as a new constraint for the
alternating least square algorithm. By applying this method for the UV/Vis spectra and XRD
patterns of unknown chemical mixtures, we could recover the pure spectra/patterns and
concentration ratios with high accuracy in both cases. Although general problems were solved in this
paper, more difficult problems with featureless and large-overlapped peaks must be solved and
compared with other calculation techniques, and we are now in progress on it. Since this method
was applied to various types of spectral data (broad overlapped peaks multiple complicated peaks)
obtained by different analytical equipment, it will be a general spectral analysis method to quantify

and qualify chemical species in mixture samples.
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Figure captions

Fig. 1

Fig. 2

Fig. 3

Fig. 4

Fig. 5

Fig. 6

Fig. 7

Absorption spectra of BTB solutions for different pHs from 4.5 to 9 are shown.

12 XRD pattern of chemical mixtures of 4 chemicals (Fe,O,, Fe,O,, Al,O, and SiO,)

are shown.

The cosine similarity map of the UV/Vis spectra of the BTB solutions with different pHs

obtained as Scheme 1(a) (cos-s map estimation).

(a) The initial estimation of the spectra is shown, which were obtained from the mixture
spectra of the BTB solutions by using the cos-s map estimation. (b) The absorption
refined by the MCR calculation from the initial estimation of the spectra is shown. (c)

The concentration ratios of the two components were obtained in the MCR calculation.

(a) The similarity map for the XRD patterns obtained in the process of cos-s map
estimation is shown. (b) The initial estimation of the XRD patterns by using the cos-s

map estimations in the whole angle region.
(a) The final estimated pure XRD patterns obtained by the cos-s map MCR. (b) The
concentration profile obtained by the cos-s map MCR and (c) the prepared concentrations

are shown.

The comparison between the calculated patterns and the corresponding pure patterns of

(a) Fe,03 (b) Fe;04 (c) Al,O3 (d) SiO, is shown.
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