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Abstract

Multivariate techniques were used to address the quantiilcation of ’70-

NMR (nuclear magnetic resonance) spectra for a series of primary alcohol mixtures. Due

to highly overlapping resonances, quantitative spectral evaluation using standard

integration and deconvolution techniques proved difficult. Multivariate evaluation of the

170-NMR spectral data obtained for 26 mixtures of five primary alcohols demonstrated

that obtaining information about spectral overlap and interferences allowed the

development of more accurate models. Initial partial least squares (PLS) models

developed for the 170-NMR data collected from the primary alcohol mixtures resulted in

very poor precision, with signal overlap between the different chemical species

suspected of being the primary contributor to the error. To directly evaluate the question

of spectral overlap in these alcohol mixtures, net analyte signal (NAS) analyses were

performed. The NAS results indicate that alcohols with similar chain lengths produced

severely overlapping ‘70-NMR resonances. Grouping the alcohols based on chain length

allowed more accurate and robust calibration models to be developed.
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1. Introduction

The use 170-NMR spectroscopy continues to see increased used in the

investigation of a wide variety of organic,[ 1] inorganic [2] and biological[3] systems.

Recently, we demonstrated that 170-NMR spectroscopy is also a powerful technique to

directly probe degradation in polymer matenals.[4-6] The chemical information obtained

horn analysis of the 170-NMR spectra can provide detailed information about the

degradation mechanism and kinetics that occur during the aging process for a wide

variety of different polymer systems. The ability to detect and quantify, at very low

concentrations, the new chemical species produced during polymer aging is critical for

accurate lifetime prediction and estimation of component failure. By using labeled ’702

during the oxidative aging of polymers, 170-NMR can be used to directly identify and

quantify these new oxidation species without interference horn background signal horn

unaged or polymer material.

One difficulty routinely observed in *70-NMR investigations of aged polymers

systems is that large line widths and resonance overlap greatly reduce the ability to

distinguish between similar chemical species. For example, alcohols are known to be a

major degradation species observed in the 170-NMR spectra of oxidized pentacontane,

polybutadiene and polyisoprene. [5,6] Yet, the ident~lcation of individual alcohol species

is complicated by spectral overlap. Of the three stable oxygen isotopes (160, ’70, 180)

only the non-zero spin number of 170 ( 1 = 5/2) makes it an NMR active nuclei.

Unfortunately this high non-integral spin number results in an electrical quadrupolar

moment that introduces severe line broadening, resulting in spectral overlap. Line

broadening, caused by efficient quadrupolar relaxation, can become very large in an 170-
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NMR experiment. In the extreme narrowing limit, the spin-lattice (Tl) and spin-spin

relaxation (7’2)times are given by

11 3 21+3

y=~=m12(21-1) (l+WW
(1)

where 1 is the nuclear spin number ( 1 = 5/2 for 170), (e2qQ / h) is the quadrupolar

coupling constant and z. is the molecular correlation time. In viscous solutions where the

extreme narrowing limit approximation is not full filled, T1 # Tz, and more complex

relations replace Eqn. 1.[7] Using an extreme narrowing limit approximation (Eqn, 1)

and the fact that the NMR line width is inversely proportional to the spin-spin relaxation

time ( - l/Tz ), it is easy to see that changes in the molecular correlation time (via

viscosity changes or variation in the molecular size) will influence the observed line

width.

At room temperature and common solvent conditions the quadrupolar relaxation

can produce full width at half maximum (FWHM) line widths that range from 10 to 1000

Hz. This broadening can lead to spectral overlap, making accurate quantitative analysis of
.

170 NMR spectra using standard integration and deconvolution techniques difficult,

Techniques that could increase the ability to resolve overlapping resonances would

improve the accuracy and reliability of the 170-NMR analysis. Multivariate data analysis

methods applied to infra-red (IR) and near infia-red (NIR) data have shown the ability to

distinguish between overlapped species, [8,9] provided the overlap is not complete.

Recent literature indicates that standard chemometric techniques can be used to
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successfullyclassify and quantify external component variables even in large

multidimensional NMR data sets. [10- 13] This paper describes the implementation of

multivariate techniques for quantitative analysis of the *70-NMR spectr% by

investigating a simple model system of five primary alcohols.

2. Experimental

The alcohols investigated, 3-methyl butanol (Aldrich), l-butanol (Aldrich), 1-

propanol (Fisher Scientific), l-pentanol (Aldrich) and absolute ethanol (AAPER Alcohol

and Chemical Co.), were used as received without further purification. Experimental

design points were based on mole fractions and followed a special cubic simplex lattice

design augmented with a center point.[14] Each mixture was prepared by weight. The

cubic simplex lattice design is a special design for constrained mixtures. It is symmetric

with respect to the 5 components and provides a rich variety of mixtures spread out in the

simplex. The target and actual mole fractions of the sample set is given in Table 1.

Twenty-six total sample mixtures, including the 5 pure components, 10 binary mixtures,

10 ternary mixtures and 1 equal mole fraction center mixture, were prepared.

All 170-NMR spectra were obtained at 54.25 MHz on a Bruker DMX400 at 50

“C, using a 5 mm broadband probe with standard Waltz-16 lH decoupling. Spectra were

obtained using over-sampling and the default internal instrumental digital filtering, a 10

VS 1707r/2 pulse, a 500 ms recycle delay and 4K scan averages. The 170 NMR chemical

shifts were referenced externally to doubly distilled H20 ( 5 = 0.00 ppm) at 25 “C. The

alcohol mixtures described above were utilized without further dilution in deuterated’

solvent, requiring the acquisition of data without the use of the deuterium lock. Drift in
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the static magnetic field was compensated for electronically using previous drift

calibrations. Spectra of the mixtures were collected in a random manner to reduce the

inclusion of instrumental drift into the data.

The experimental data was transferred from the Bruker instrument and translated

to an appropriate format using the GRAMS data conversion software. MATLAB (The

Mathworks, Natick, MA) as well as PLS software developed at Sandia National

Laboratones[15] was used for analysis. PLS is a quantitative multivariate calibration

technique that models the covmiance of the spectral intensities with the reference values

of the anaIyte. Calculation of the net analyte signal was performed using routines

developed in MATLAB.

3. Results and Discussion

The ‘70-NMR spectra collected ffom the 21 alcohol mixtures along with the 5

pure alcohol spectra are shown in Figure 1. The relatively narrow resonance at -7 ppm,

resulting from ethanol, is distinct and well resolved from the broad resonance at -1 pp~

which results horn the other four alcohols within the mixtures. The separation of the four

alcohols in this overlapping resonances would prove difficult using standard NMR

deconvolution techniques, while the ethanol resonance is distinct enough to allow such

procedures. The low naturaI abundance (0.037%) of the 170 nuclei results in spectra that

have relatively low signal-to-noise (S/N) levels, which further compounds the difficulties

of spectral separation. The S/N levels obtained in the model investigations are

representative of the S/N levels commonly encountered in polymer degradation

investigations at low aging levels. [5]
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Utilizing the entire data set (26 spectra ), partial least squares (PLS) models were

developed for the prediction of each alcohol mole fraction. Models were developed using

the cross validation technique, whereby a model is created for all but one sample. The

remaining sample is predicted and the error calculated. This leave-one-out procedure is

performed for each sample in the set. The cross validated PLS model for ethanol was

satisfactory, with a squared correlation coefficient (R2) of 0.982 using 1 factor, while the

cross-validated PLS models for the remaining four primary alcohols were relatively poor

(R2 < 0.5). Table 2 lists the squared correlation coefficient and the standard error of

prediction (SEP) for each alcohol in the study. The rather signfilcant SEP for the non-

resolved alcohols could produce large errors if these models were employed for

quantitative analysis.

As an example of the behavior of the poor PLS models, Figure 2 shows the cross

validated predicted mole fraction versus the actual mole fraction results for propanol.

There is large scatter in the predicted propanol mole fraction, even for mixtures where

propanol is not present. The type of results and scatter observed for propanol (Figure 2)

are similar to those seen for 3-methyl butanol, butanol and pentanol. In each PLS model

the pure alcohol samples (including ethanol) did not predict well, suggesting that the 170

NMR spectrum of each neat alcohol (pure state) was different from the spectrum within

the mixtures, due to chemical interactions or changes in the overall condition of the

sample. To ensure that the simple PLS models were not significantly leveraged by the

prediction of the pure alcohols, PLS models were also developed for the data collected

only from the 21 mixtures. These cross-validated results are shown in Table 3. For

several of the alcohols the models are noted to improve slightly (compare to Table 2),
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however, the results for propanol, butanol, pentanol and 3 methyl-butanol are still poor.

The similarity between the 26 and 21-mixture models demonstrates that the continued

poor performance is not due to the presence of the pure component alcohol spectrum in

the calibration set.

Presumably, the poor performance of the PLS models is a result of the severe

overlap of the 170 resonances. To test this hypothesis, data were pooled into 10 groups,

each group containing three of the primary alcohols. A total of seven spectra are

included in each set, allowing PLS models to be developed for each individual alcohol

within the set. While the models developed cannot be considered quantitative due to the

limited number of spectra used to develop them the resulting R* values provided an

indication of spectral overlap problems when all results from all sets were pooled. The

results of the PLS analysis on the subsets are listed in Table 4. Comparing the R* values

for ethanol (top of Table 4), it is apparent that the presence of any of the other four

alcohols does not hamper the ability to quanititate ethanol. For propanol (second block in

Table 4), relatively poor R* values are seen for models built horn data containing butanol,

while reasonable models are seen for the other propanol sets. The results for butanol

(fourth block Table 4) mirror those for propanol, with poor R* values for the calibration

of butanol when proponal is present. Models developed for 3-methyl butanol (bottom of

Table 4) are poor in the presence of pentanol, while similarly, models developed for

pentanol perform poorly when 3-methyl butanol is included in the mixture.

As conf~mation for these subset calibration results, the net analyte signal (NAS)

was calculated for each alcohol within each calibration set. The length of each NAS
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vector is listed in Table 1. The length of each vector, x (X=XlJ..,.. X. ), was calculated as

the square root of the sum of the squares.

X,i-xx+... +xn (2)

The NAS is defined as that portion of the spectrum that is available for quantitation,[16]

with larger NAS vectors lengths corresponding to more spectral regions contributing to

an accurate quanttilcation. Mathematically, the NAS for a component is that portion of

the signal that is orthogonal (v) to the rest of the interfering species. The orthogonal

portion of a vector u is calculated as:

V=(I– XX+)U (3)

where the superscript ‘+’ refers to the Moore-Penrose pseudoinverse, I is the identity

matrix and X is the matrix of the interfering pure component spectra, contained in the

columns. Details of the method may be found in Lorber et. ai.[ 16] In the above

formulation, the X matrix does not contain the spectrum of u. This requires that either

the pure spectra of each component be known, or that the spectrum of u be effectively

removed from the data to be used for X. Xu et. al. [17] demonstrated that the component

of interest can be removed by scaling the data according to the concentration of the

component of interest and removing the mean. Another approach, recently introduced by

Faber, uses the regression vector and known concentrations of the analyte of interest to

calculate the NAS for that analyte. [18] In order for the regression vector method to

provide interpretable results, a reasonable model must exist.
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In the present data set, the”pure component spectra could have been used to

calculate the NAS, but this approach would have ignored chemical and physical

interactions within the alcohol mixtures, and any corresponding spectral changes. Instead,

an alternative approach was used to produce the orthogonal data set. Since the pure

component spectrum of the analyte was known, along with the concentrations of each

alcohol within each mixture, the appropriate amount of the analyte spectrum was

subtracted from each mixture spectrum. If chemical interactions or changes in the spectra

were occurring, the result would lx a slightly higher amount of the pure component being

subtracted than was present at equilibrium within the mixtures. For the current alcohols

and spectra analyzed, this error was assumed to be small. Thus the X matrix for the

present data is to defined as

X=D-C*U (4)

where D is the original data matrix, c is the vector of concentrations for component u that

axe contained within D.

presented in equation 3.

For each alcohol,

The calculated X matrix was then used to estimate the NAS as

six NAS vectors were calculated using the subset calibration

data sets given in Table 4. The resulting NAS vectors are shown for each alcohol in

Figure 3, while the lengths of each vector are listed in Table 4. The NAS vectors gToup

according to the extent of overlap. For 3-methyl butanol (Fig. 3A), the NAS vectors that

include the effect of the pentanol spectrum (dashed lines) are smaller than those

calculated without the pentanol spectrum. This difference in NAS magnitude reflects the
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fact that the 170-NMR signal from pentanol overlaps or interferes with the 3-methyl

butanol resonance. Similarly, the NAS vectors for pentanol (Fig. 4D) are smaller when

the spectrum of 3-methyl butanol is included in the calculation. The NAS vectors for

propanol (Fig. 4C) me smaller when the butanol spectrum is included in the calculation,

while those NAS vectors calculated for butanol (Fig. 4B) are smaller when the propanol

spectrum is included. Finally it is seen that the NAS vectors for ethanol (Fig. 4E) are all

approximately of the same magnitude. These NAS results support the interference

conclusions obtained ffom PLS analysis.

The PLS and NAS results for primary alcohols indicate that the chain length of

the alcohol appear to directly affect the extent of overlap. Those primary alcohols similar

in chain length are the most likely to be overlapped and the most difficult to

quantitatively model using data from a standard NMR experiment. This result, although

based on a small set of alcohols, is consistent with what is known about 170 NMR

chemical shifts and line widths. Substituent-induced chemical shift (SCS) effects have

been studied in detail for a variety

substitutions. In primary alcohols,

of alcohols, and can be quite large for nearby

the 170 NMR chemical shift is dominated by

substitution at the J3-position. For example, methyl substitution of a ~-hydrogen in

methanol to form ethanol produces a down field shift of almost 43 ppm. These j3-methyl

SCS effects are thought to be determined by the average electronic excitation energy AE

in these systems. SCS effects for replacement of the y hydrogen by methyl groups also

changes the obsemed 170 NMR chemical shift, but has an upfield effect and is

significantly smaller ( -1 to -6 ppm). Substitution of the &hydrogen (or longer range

substitution) by methyl groups does not produce any significant change in the observed

11



. I

170 NMR chemical shift, and reflects the reduced influence that these longer range

changes have on the electronic environment around the ’70 nucleus.

For the case of ethanol, which has y-hydrogen atoms attached to the (3-carbon site,

a substitution of these hydrogens to create a longer chain alcohol will produce an upfield

SCS shift. A comparison of ethanol to the other primary alcohols investigated shows that

this is the case, with approximately a -6 ppm SCS shift. On the other hand proponal,

butanol, pentanol and 3-methyl butanol only differ from each other by substitutions at

positions that are 5 or greater from the oxygen nuclei. Therefore, these chemical shifts are

all expected to be approximately the same, as was observed experimentally (Figure 1).

This similarity in chemical shift is responsible for the large spectral overlap observed.

In addition to chemical shift variations, it may also b possible to distinguish

overlapping resonances based entirely on line width. As noted above in Eqn. 1 the

observed line width (FWHM) is proportional to the molecular correlation time, G which

can be related to chain length and branching. For a spherical molecule of radius a, in the

classical limit of isotropic motion the correlation time is given by.

ZC= 47ra3rl / 3kT (5)

where q describes the viscocit y of the medium. [7,19] More detailed relationships are

available for linear, symmetnc or asymmetnc molecules. The correlation time is

therefore dependent on the molecular attributes, the mixture viscosity and the

temperature. As a fust approximation it can be assumed that the viscosity of all the

mixtures is approximately the same, the temperature is constant during the analysis, with
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the only variable being the size of the molecule. For 3-methyl butanol and pentanol, both

5-carbon primary alcohols, similar correlation times and line widths are therefore

expected. Propanol and butanol, which have 3 and 4 carbon chains, are expected to have

shorter correlation times than 3-methyl butanol or pentanol, and therefore will exhibit

narrower line widths. While proponal and butanol differ by one carbon in chain length, it

does not appear that the difference in the line width for these two alcohols is sufficient to

distinguish them using 170 NMR.

Incorporating the idea that variations in chain length (therefore changes in the

corresponding line width) could be used to separate out the overlapping components, new

PLS models were developed based on similar carbon chain lengths. In these models the

mole fraction of primary alcohols containing 5 carbon atoms were combined, while the

mole fraction of 3-4 carbon primary alcohols were also combined together. The results of

the combined PLS models are listed in Table 5. There is an improvement in the R2 ( >

0.8) and SEP for these chain length PLS models compared to the results of the simple

PLS models shown in Table 2 and 3. As an example of the calibrations obtained using

these chain length models, the reference versus predicted mole fractions for the 3-4

carbon alcohols is shown in Figure 4.

4. Conclusions

Multivariate techniques were developed to evaluate the 170 NMR data for a series

of primary alcohols. S irnple PLS models developed for four of the five primary alcohols

were poor, as a result of severe spectral overlap. Analysis of subsets in the data set

revealed that alcohols of similar chain length were causing the most severe overlap. The

calculation of the NAS was used to quantify the extent of this spectral overlap and to
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identify interfering components. Development of new PLS models that combined

alcohols of similar chain lengths provided a marked improvement of the resulting fit.

These investigations demonstrate that by using a variety of chemometrics techniques,

spectral interferences can be determined, allowing improved models for quantification to

be developed.
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Tablel. Mole fractions of primary alcohol mixtures used in the cubic simplex lattice experimental design.’

3Tmethyl butanol
butanol

0.500
0,500
0.500
0.500
0.000
0.000
0.000
0.000
0.000
0.000
0.333
0.333
0.333
0.333
0.333
0.333
0.000
0.000
0.000
0.000
(-),QOO
1.000
0.000
0.000
0.000
0.000

0.500
0.000
0.000
0.000
0.500
0.500
0.500
0.000
0.000
0.000
0.333
0.333
0.333
0.000
0.000
0.000
0.333
0.333
0.333
0.000
0.200
0.000
I.000
0.000
0.000
().()()0

Tar~et Values
proponal pentanol ethanol

0.000
0.500
0.000.
0.000
0.500
0.000
0.000
0.500
0.500
0.000
0.333
0.000
0.000
0.333
0.333
0.000
0.333
0.333
0.000
0.333
0.200
0.000
0.000
1.000
0.000
0.000

0.000
0.000
0.500
0.000
0.000
0.500
0.000
0.500
0.000
0.500
0.000
0,333
0.000
0.333
0.000
0.333
0.333
0.000
0.333
0.333
0.200
0.000
0.000
0.000
1.000
0.000

0.000
0.000
0.000
0.500
0.000
0.000
0.500
0.000
0.500
0.500
0.000
0.000
0.333
0.000
0.333
0.333
0.000
0.333
0.333
0.333
0.200
0.000
0.000
0.000
0.000
1.000

Actual Value$
3-methyl butanol proponal pentanol ethanol
butanol

0.500 0.500 0.000 0.000 0.000
0.493 0.000 0.507 0.000 0.000
0.496 0.000 0.000 0.504 0.000
0.489 0.000 0.000 0.000 0.511
0.000 0.492 0.508 0.000 0.000
0.000 0.502 0.000 0.498 0.000
0.000 0.497 0.000 0.000 0.503
0.000 0.000 0.504 0.496 0.000
0.000 0.000 0.481 0.000 0.519
0.000 0.000 0.000 0.495 0.505
0.331 0.334 0.335 0.000 0.000
0.325 0.345 0.000 0.330 0.000
0.331 0.331 0.000 0.000 0.338
0.310 0.000 0.371 0.319 0.000
0.328 0.000 0.331 0.000 0.341
0.319 0.000 0.000 0.321 0.360
0.000 0.328 0.335 0.337 0.000
0.000 0.331 0.338 0.000 0.331
0.000 0.338 0.000 0.332 0.330
0.000 0.000 0.338 0.324 0.337
0.200 0.204 0.196 0.205 0.195
1.000 0.000 0.000 0.000 0.000
0.000 1.000 0.000 0.000 0.000
0.000 0.000 1.000 0.000 0.000
0.000 0.000 0.000 1.000 0.000
0.000 0.000 0.000 0.000 1.000

a Experimental mole fractions determined by weight.



Table 2. Partial least squares (PLS) cross validated results for complete data set.’

Alcohol R2 b SEP, Mole Fractionc
3-methyl-butanol 0.49 0.188

l-butanol 0.08 0.253
l-propanol 0.64 0.158
l-pentanol 0.34 0.213

Ethanol 0.98 0.038

a Complete data set include 26 samples, including21 mixtures and 5 pure component
spectra. b R2 = Linear squared correlation coefficient. c SEP = Standard error of
prediction.

Table 3. Partial least squares (PLS) cross validated results for mixture only data set.’

Alcohol R2b SEP. Mole Fractionc
3-methyl-butanol 0.58 0,136

l-butanol 0.09 0.203
l-propanol 0.59 0.138
l-pentanol 0.48 0.139

Ethanol 0.98 0.029
a Data set includes only the 21 mixture spectra. The 5 pure component spectra were not

included in the model development. b R2 = Linear squared correlation coefficient. ‘ SEP =
Standard error of prediction.
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Table 4. Partial least squares (PLS) cross validated results for subset data analysis.a

Calibration Set R2 Length of NAS
(Ethanol) (Ethanol)

Ethanol, Propanol, Pentanol 0.974 0.812
EthanoI, prO@llO1,BuCII)O1 0.981 0.971
Ethanol, Propanol, 3-Methyl butanoi 0.968 0.840
Ethanol, Pentanol, Butanol 0.985 0.756
Ethanol, Pentanol, 3-Methyl butanol 0.987 0.912
Ethanol, Butanol, 3-Methyl butanol 0.969 0.806

Calibration Set R2 Length of NAS
(PrOpanol) (l%Opanol)

EthanoI, prOp~Ol, %Itanoi 0.980 0.263
Ethanol, prOpanOl,BUWIO1 0.516 0.157
Ethanol, Propanol, 3-Methyl butanol 0.699 0.242
Propanol, Pentanol, Butanol 0.030 0.160
Propanol, Pentanol, 3-Methyl butanol 0.963 0.270
Propanol, Butanol, 3-Methyl butanol 0.580 0.158

Calibration Set R2 Length of NAS
(Pentanol) (Pentanol)

Ethanol, Propanol, Pentanol 0.824 0.250
Ethanol, Pentanol, Butanol 0.530 0.183
Ethanol, Pentanol, 3-Methyl butanol 0.000 0.123
Propanol, Pentamol, Butanol 0.654 0.232
Propanol, Pentanol, 3-Methyl butanol 0.163 0.127
Pentanol, Butanol, 3-Methyl butanol 0.350 0.126

Calibration Set R2 Length of NAS
(Butanol) (Butanol)

Ethanol, Propanol,Butilrlol 0.000 0.157
Ethanol, Pen-tanol, Butanol 0.634 0.191
Ethanol, Butanol, 3-Methyl butanol 0.110 0.183
Propanol, Pentanol, Butanol 0.000 0.122
Propanol, Butanol, 3-Methyl butanol 0.398 0.125
Pentanol, Butanol, 3-Merhyl butanol 0.811 0.212

Calibration Set R2 Length of NAS
(3-Methyl-butanol) (3-Methyl-butanol)

Ethanol, Propanol, 3-Methyl butanol 0.830 0.232
Ethanol, Pentanol, 3-Methyl butanol O.000 0.125
Ethanol, Butanol, 3-Methyl butanol 0.456 0.177
Propanol, Pentanol, 3-Methyl butanol O.000 0.114
Propanol, Butanol, 3-Methyl butanol 0.572 0.213
Pentanol, Butanol, 3-Methyl butanol O.000 0.148
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Table 5. Partial least squares (PLS) cross validated results based on number of carbons in
primary alcohol’

Number of Carbons R2/(# PLS Factors)b SEP, Mole Fractionc
5 0.80/(4) 0.137

3-4 0.84/(6) 0.125
2 0.98/(1) 0.038

a Data set includes the entire 26 spectra data set including 21 mixtures and 5 pure
component spectra. b R2 = Linear squared correlation coefficient. c SEP = Standard error
of prediction.
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Figure Captions

Figure 1

Figure 2

Figure 3

Figure 4

Complete ‘70-NMR spectra data set of primary alcohols, including 21

alcohol mixtures and 5 pure alcohol spectra. Mixture compositions are

detailed in Table 1.

Reference mole fraction propanol versus predicted mole fraction propanol

from PLS cross-validated models, PLS models are based on 26 input

spectra.

Net Analyte Signals (NAS) calculated for each alcohol within the subset

analysis. (A) NAS for 3-methyl butanol. Dashed lines indicate NAS

calculated in the presence of pentanol (B) NAS for Butanol. Dashed lines

indicate NAS calculated in the presence of propanol (C) NAS for

Propanol. Dashed lines indicated NAS calculated in the presence of

butanol. (D) NAS for pentanol. Dashed lines indicated the presence of 3-

methyl butanol. (E) NAS for Ethanol.

Reference mole fraction of 3-4 carbon primary alcohols versus predicted

mole fraction of 3-4 carbon primary alcohols horn PLS cross-validated

models. PLS models are based on 26 input spectra.
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