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Abstract

Background Rapid monitoring of biomass conversion processes using techniques such as near-infrared (NIR) spec-
troscopy can be substantially quicker and less labor-, resource-, and energy-intensive than conventional measurement
techniques such as gas or liquid chromatography (GC or LC) due to the lack of solvents and preparation methods,

as well as removing the need to transfer samples to an external lab for analytical evaluation. The purpose of this study
was to determine the feasibility of rapid monitoring of a biomass conversion process using NIR spectroscopy com-
bined with multivariate statistical modeling, and to examine the impact of (1) subsetting the samples in the original
dataset by process location and (2) reducing the spectral range used in the calibration model on model performance.

Results We develop multivariate calibration models for the concentrations of soluble xylo-oligosaccharides (XOS),
monomeric xylose, and total solids at multiple points in a biomass conversion process which produces and then puri-
fies XOS compounds from sugar cane bagasse. A single model using samples from multiple locations in the process
stream showed acceptable performance as measured by standard statistical measures. However, compared to the sin-
gle model, we show that separate models built by segregating the calibration samples according to process location
show improved performance. We also show that combining an understanding of the sample spectra with simple
multivariate analysis tools can result in a calibration model with a substantially smaller spectral range that provides
essentially equal performance to the full-range model.

Conclusions We demonstrate that real-time monitoring of soluble xylo-oligosaccharides (XOS), monomeric xylose,
and total solids concentration at multiple points in a process stream using NIR spectroscopy coupled with multivari-
ate statistics is feasible. Segregation of sample populations by process location improves model performance. Models
using a reduced spectral range containing the most relevant spectral signatures show very similar performance

to the full-range model, reinforcing the importance of performing robust exploratory data analysis before beginning
multivariate modeling.
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Background

In-line or at-line monitoring of chemical processes using
spectroscopic methods has been demonstrated to reli-
ably provide real-time measurements in a wide variety
of industrial processes ranging from waste management
[1] to pharmaceutical manufacturing [2—6]. In this work,
we use near-infrared (NIR) spectroscopy combined with
multivariate statistics to demonstrate the feasibility of
measuring the concentrations of xylose and soluble xylo-
oligosaccharides (XOS) in an aqueous process stream.
NIR has been used for multiple applications in the past,
including biomass energy conversion [7], food processing
[8-10], and fermentation monitoring [11, 12]. The exper-
imental data presented in this work are derived from a
process which produces and then purifies xylo-oligosac-
charides (XOS) from sugar cane. There has been substan-
tial interest in biomass-derived XOS materials because
of their potential application as nutritional supplements
[13-16].

A key element of rapid spectroscopic monitoring is the
use of multivariate statistics applied to the spectroscopic
data, a field typically referred to as chemometrics [17], to
develop robust calibration models. The key steps in the
development of these calibration models are spectral
collection, spectral preprocessing, model development
using preprocessed spectra and primary analytical chem-
istry of a suitable calibration population, and then test-
ing or validation of the model [18]. There are a myriad of
approaches to spectral preprocessing [19-22], including
the down-selection or subsetting of the spectra used in
the model [23-26]. The overall goal of variable selection
techniques is to identify the key variables (for spectros-
copy data the key wavelengths or spectral regions) that
result in multivariate models that provide equivalent or
even superior performance to a model using all available
spectral variables, since multivariate models with fewer
variables are computationally more efficient and may be
easier for the user to interpret. In this work, we focus on
a practical, data-informed approach to variable selection
that combines information regarding the known chem-
istry of the samples with simple multivariate spectral
analysis techniques to quickly identify the regions in the
NIR spectra of the calibration samples that contribute the
majority of the variance.

In this work, we test the feasibility of at-line measure-
ment of xylose monomers and soluble xylo-oligosaccha-
rides (XOS) when present simultaneously in a biomass
conversion process using NIR spectroscopy and multi-
variate statistics. We build on previous work by demon-
strating (1) the feasibility of NIR spectroscopy to measure
the concentration of monomeric xylose and soluble xylo-
oligosaccharides when both are present simultaneously in
process streams; (2) the utility of creating subpopulations
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within a given population to improve the performance
of multivariate calibrations; and (3) the utility of simple,
data-informed approaches to identify reduced spectral
ranges to effectively measure the concentrations of mon-
omeric xylose and XOS.

Methods

Process description

The overall process investigated in this work was the pro-
duction and purification of xylo-oligosaccharides (XOS)
from a low-sugar variety of sugar cane grown in the
Imperial Valley of California [16, 27]. Fresh sugar cane
was harvested, shredded, and transported to a processing
facility. The shredded cane was washed with moderate
temperature (60-80 C) water to remove residual soil as
well as extractives such as sucrose and other non-struc-
tural sugars, and then pressed to remove excess water.
The cane then underwent hydrothermal treatment at
temperatures of at least 160 C for approximately 2 h. This
mild hydrothermal treatment resulted in the solubiliza-
tion of the hemicellulose fraction of the cane producing
a liquor stream containing crude xylo-oligosaccharides.
Reactor conditions were chosen to favor oligomeric
rather than monomer sugar formation. The initial reac-
tion volume (directly out of the high temperature reac-
tor) varied, but was typically several thousand gallons.

A conceptual process flow diagram of the separa-
tion process is shown in Fig. 1. Small, insoluble mate-
rial (“fines”) were removed from the hydrolysate using
a continuous microfiltration (MF) process. The perme-
ate from the MF unit operation was passed over a pro-
prietary chromatography column (CHROM) to remove
color bodies and other impurities. Subsequent purifica-
tion steps were designed to target a specific molecular
weight range of oligosaccharides. The first filtration step
(F1) removed low molecular weight impurities such as
sugar monomers and organic acids. The retentate frac-
tion from F1 then passed through a second filtration step
(F2) to remove high molecular weight impurities such
as very long sugar oligomers and other polymers. The
F2 permeate was then diafiltered and dewatered (F3) to
approximately 20-25% total solids and then dried to a
powder using standard industrial drying technologies.
As discussed later, we found it useful to group these sam-
pling locations into two different categories: early/waste
stream samples and late stream samples (Fig. 1). The pro-
cess streams prior to F1 were classified as early, and three
of the four waste streams (from MF, F1, and F3) were
classified as waste streams. The process streams down-
stream of F1 were classified as late streams, as was the F2
retentate waste stream, which contains high-molecular
weight material.
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Fig. 1 Conceptual process flow diagram of overall process showing sampling locations. Crude soluble xylo-oligosaccharides (XOS) from the reactor
are first passed through a continuous microfiltration process (MF) to remove insoluble material. A series of proprietary chromatography columns
are then used to remove color bodies and other impurities (CHROM). Low molecular weight impurities (organic acids and sugar monomers) are
then removed via nanofiltration (F1). Next, high molecular weight impurities (very long oligomers) are removed by a second nanofiltration step (F2).
Finally, diafiltration and dewatering is used to remove any final impurities and increase the solids concentration (F3)

Sample analysis

Sample collection/storage method

During normal operation of the facility, samples were
taken from a total of 10 unique process locations as indi-
cated by each of the arrows in Fig. 1. During a 4-month
period of production a total of 123 samples from the 10
process locations were selected for near-infrared (NIR)
spectral analysis. Approximately 20ml of each sample
was frozen immediately after sampling, and groups of
samples were periodically sent to NREL for NIR spectral
collection. Samples were thawed at room temperature
and analyzed via NIR spectroscopy in groups of approxi-
mately 20 samples.

Laboratory analysis

Process samples were analyzed the next workday after
collection in an on-site analytical laboratory using NREL
Laboratory Analytical Procedures for total and mono-
meric sugar content and total solids concentration [28].
Briefly, samples were analyzed before and after analyti-
cal hydrolysis with dilute sulfuric acid using high per-
formance liquid chromatography (HPLC, Agilent 1200
series with RID detector, an Aminex HPX-87P HPLC col-
umn, and a Bio-Rad Micro-Guard de-ashing cartridge).
All HPLC calibration standards were provided by Abso-
lute Standards Inc. Soluble xylo-oligosaccharide (XOS)
concentration was defined as the difference between
the soluble xylose concentration measured after analyti-
cal hydrolysis and the soluble xylose concentration prior
to analytical hydrolysis. The HPLC method has a work-
ing concentration range of 0.5-36.0g/L. Process samples
were diluted to ensure they were within the linear range
of the HPLC method. The total solids (TS) concentration
(g/L) was determined gravimetrically. The purity of XOS
was defined as the XOS concentration (g/L) divided by
the total solids (TS, g/L) concentration.

NIR spectra collection

Near-infrared (NIR) spectra were collected using a
Metrohm NIRS XDS Multivial Analyzer, controlled via
Vision Software (version 4.1.1.238) [29] over a period of
approximately 90 days. A workflow for exporting meta-
data and spectra from Vision and merging the data with
laboratory data based on sample name was performed
using custom R scripts. Relative humidity readings in the
laboratory during the scanning period ranged from 11 to
30%. Temperature readings in the laboratory on all days
of scanning ranged from 21.5 to 23.6 C.

Groups of samples were thawed and then brought to
room temperature prior to analysis. Nanopure water
and a designated process sample were used as controls
and were brought to room temperature and scanned in
parallel with a given sample set on each day of scanning.
Approximately 250uL of each sample was applied to the
surface of a quartz optical glass sample cup using a plas-
tic pipette. A gold transflectance adapter with a 0.1lmm
lip was carefully fitted to the sample cup to ensure that
no air bubbles formed between the optical glass and gold
plate, thereby creating a 0.2mm pathlength for sample
presentation. Sample spectra were collected in duplicate
over the entire range of the instrument (400-2499.50
nm) with 0.5nm resolution. Each spectra was the aver-
age 32 unique scans, reference standardized to Metrohm
Certified Reflectance Standards [30]. The sample cell and
transflectance adapter were cleaned between samples by
rinsing out the cell, followed by a thorough scrubbing of
the surface using a cloth wetted with 70% ethanol.

Multivariate analysis

Overview

We used the open-source programming language R [31]
for all modeling and statistical analysis. For spectral
transformation and calibration population selection, we
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used the prospectr package [32]. To build and cross-val-
idate pls models, we used the pls package [33]. All data
cleaning, wrangling, and visualization was done using the
tidyverse collection of R packages [34].

The R scripts used for spectral transformation and
regression modeling can be found on the NREL GitHub
repository https://github.com/NREL/xos_ms_dataa
ndcode.

Spectral transformation and PLS modeling

We used Standard Normal Variate (SNV) transformation
to correct for light scattering, followed by the Savitzky—
Golay filtering (SG) transformation using a 2nd order
polynomial fitted 1st derivative with 7-point smoothing
window for noise removal and signal amplification. After
visual inspection of the two control samples (DI water
and the designated process sample that were thawed and
scanned with samples on each day of scanning), along
with inspection of the correlation coefficients associ-
ated with an initial PLS model built on the entire data
set, we truncated the spectra to remove the region below
1350nm. This region had substantial variability in the
visible spectra, an artifact signal due to an instrument
detector change at 1100nm, and little signal in the spec-
tra of xylose and XOS standards. Prior to any model fit-
ting, the transformed spectra were mean-centered.

Prior to modeling, NIR spectra and primary analytical
data distributions were evaluated separately to under-
stand relationships between constituents and look for
outliers. Analytical outliers were flagged and samples
reanalyzed. Principal component analysis (PCA) of the
transformed NIR spectra was performed to look for spec-
tral outliers using scores plots and looking at spectral
distributions of Mahalanobis distances of the PCA scores
that represented the principal components that explained
the 95% of the variance. No obvious outliers were found.

PLS-2 models were fit to model XOS, monomeric
xylose, and total solids concentrations as outcomes of
interest. While previous literature has shown that sug-
ars other than monomeric xylose can be measured in
the NIR region [35, 36], there was not enough variabil-
ity across these other sugar concentration measurements
in this dataset to create sufficient spectral variability for
modeling monomeric xylose. As the main outcome of
interest was XOS concentration, we included monomeric
xylose concentration as an outcome of interest despite its
small observed range to train the model to detect the dif-
ferences between the signals observed in monomeric and
oligomeric xylose. Furthermore, we included total sol-
ids as an outcome of interest to explain the variability in
the spectra associated with the other sugar constituents
within the liquors as a summed term.
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Model validation

Samples were divided into early/waste and late sample
groups. Each group was split into calibration and inde-
pendent validation sets using a 70-30 split provided by
the Kennard—Stone algorithm from the prospectr pack-
age using the PCA component scores that described
95% of the variation in the transformed spectra from
1350nm-2450nm.

Leave-one-out (LOO) cross validation was used to
determine the appropriate number of principal compo-
nents (PCs) for the model, which typically corresponded
with the lowest root mean squared error of cross valida-
tion (RMSECYV). To avoid overfitting a given outcome of
interest, each constituent was evaluated individually for
the number of components necessary to fully explain
the relationship between spectra and primary analytical
measurements.

We evaluated model performance by comparing the
root mean squared errors (RMSE) associated with the
predictions of the calibration set (RMSEC), the cross
validated models (RMSECV), and the independent
validation set (RMSEP). In addition to these measure-
ments, we also evaluated the correlation coefficient (R.?)
associated with each prediction set. We calculated each
performance parameter using the entire data set (full
model basis) and after subsetting the dataset according
to the different groupings evaluated (early/waste, late).
We tested for heteroscedasticity in each validation, cross
validation, and independent validation set by visually
evaluating the predicted vs residual plots for fanning or
funneling. To test the significance of differences observed
between model performance parameters, we used a
Fisher z-transform followed by a Studentized t-test to
compare the difference between the transformed correla-
tion coefficients («=0.05). We used an F-test to compare
RMSE values (a=0.05). [37]

Results and discussion
Primary analytical data
The primary analytical data consisted of soluble xylo-
oligosaccharide (XOS), monomeric xylose, and total sol-
ids (TS) concentration measurements, all with units of
grams per liter (g/L), measured at 10 different locations
in the process. These analytical data (organized by sample
processing location) are displayed in Fig. 2 and summa-
rized in Table 1. The concentrations of XOS and TS are
substantially higher in the late streams than in either the
early or waste streams, while the concentrations of mon-
omeric xylose were quite low and similar for all sampling
locations.

The mean XOS concentration in samples increased
roughly 23 times from the early to the late streams. The
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Fig. 2 Distribution of primary analytical data separated by process stream location. A Soluble xylo-oligosaccharide (XOS) concentration (g/L), B
monomeric xylose (g/L), and C total solids concentration (g/L) in filtered process liquor samples. Samples are taken from early process streams
(early), waste streams (waste), and late process streams (late). Late stream samples show higher XOS concentrations than early and waste stream

samples. Note the differences in ordinate axis range among the three plots

Table 1 Summary of compositional analysis data for the samples used in this work

Soluble xylo-oligosaccharides  Xylose (g/L) Total solids (g/L)
(X0s) (g/L)
N Mean Min Max SD Mean Min Max SD Mean Min Max SD
Total 123 2379 0.00 19405 4674 039 000 132 031 3123 0.26 24853 5802
Grouped by stream location  Early 60 287 159 535 0.85 0.46 006 102 027 578 2.90 10.35 1.90
Waste 22 064 000 261 0.71 033 000 079 022 177 0.26 3.69 0.94
Late 41 6685 976 19405 6173 032 000 132 038 8428 1180 24853 77.00

Summary statistics for soluble xylo-oligosaccharides (XOS), monomeric xylose, and total solids concentrations (g/L). XOS and monomeric xylose concentrations are
determined via HPLC, whereas total solids concentration is determined gravimetrically. Samples are grouped by process location into early, waste, and late streams

waste streams have average XOS concentrations approxi-
mately 4 times lower than the early and approximately
100 times lower than the late streams. The monomeric
xylose concentration remained low across the entire pro-
cess, indicating that the production reactor conditions
favored XOS production over monomeric xylose pro-
duction, and that the purification process does not sub-
stantially degrade XOS. TS concentration increased from
early to late stream largely (but not exclusively) due to the
increase in XOS concentration. Other monomeric sugars
were seen in these samples (e.g., glucose, arabinose) at
much lower levels than either XOS or monomeric xylose.
A summary of the concentrations of these other sugars
found in the samples is provided in the supplemental
material.

Figure 3 shows the correlation between XOS and
TS concentrations in the sample set. A strong, posi-
tive, linear relationship exists between XOS and TS

concentration in all samples, but the relationship is differ-
ent between early/waste stream samples and late stream
samples. The slope of the linear fit is an estimation of the
XOS purity in the sample population. The early and waste
streams have approximately 50% XOS purity, while the
late stream samples have approximately 80% purity. XOS
purity, therefore, appears to occur as a step change at the
nanofiltration process step (F1 in Fig. 1).

NIR spectroscopy

Figure 4 depicts the average NIRS spectra collected from
samples taken from the three different processing loca-
tions—early, waste, and late. The y-axis of the spectra
from the three locations has been shifted slightly in order
to allow for better comparison of the spectral features.
Figure 4A depicts the raw spectra, which are dominated
by a broad water absorbance band at 1950nm. Figure 4B
shows the three average spectra after mathematical
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Fig. 3 Soluble xylo-oligosaccharide (XOS) concentrations vs total solids concentration of process samples. A Early and waste samples, B late stream
samples. Solid black lines in each plot represent the line of equivalence, while the solid lines through data points represent the linear regression. The
slopes of the linear regression fits are a measure of the average XOS purity in these samples (50.2% for early and waste stream sampling locations

and 80.1% for the late stream sampling locations)

transformation via standard normalization and Savitzky—
Golay smoothing/derivatizing. The late stream spectrum
(blue) has visibly unique peaks in both the first over-
tone (1650nm-1750nm) and the combinational overtone
(2100nm-2450nm) regions. No visible differences can be
observed between the early stream (yellow) and waste
stream (red) spectra.

To better understand how the individual analytes con-
tribute to the NIR spectra of the process samples, we
collected spectra of solutions of deionized (DI) water
containing 1-20g/L of either XOS or monomeric xylose.
Figure 5A and B shows that increasing the concentration
of either monomeric xylose (A) or XOS (B) increases the
signal in both the first overtone (1650nm-1750nm) and
the combinational overtone (2100nm-2450nm) regions.
Close inspection of these plots shows that the spec-
tral signatures of XOS and xylose in the combinational
overtone region are visually distinct. In addition, the
XOS spectral signature is very similar to those observed
in the late stream process samples (Fig. 4), indicating
that the peaks observed in these samples are the result
of increased XOS content in the late stream samples.
Figure 5C and D shows PCA score plots of the data in
Fig. 5A and B; Fig. 5C shows PCA results using the full
model spectral range (1350-2450nm), and Fig. 5D shows
PCA results using only the combinational overtone range
(2100-2450nm) of the spectra. These PCA score plots

show that the majority of the variability (PC1) is driven
by the concentration of either monomeric xylose or XOS
while PC2 primarily differentiates monomeric xylose
from XOS. Using only the combinational overtone range
(Fig. 5) did not substantially reduce this discrimination
ability compared to the full range (Fig. 5C). These results
suggest that a model using a reduced spectral range may
provide similar results compared to a model using the
full spectral range.

To better investigate spectral differences between the
process sampling locations, we performed PCA on the
entire sample population.

Figure 6A depicts a PCA score plot showing the first
two components, which together describe over 95% of
the total spectral variance in the samples set, colored by
process location. Late stream samples have higher PC1
values than early and waste stream samples. Interest-
ingly, while most of the variance observed across PC1 in
the late stream samples can be explained by XOS con-
centration (Figure 6B), (R*=0.99), no correlation exists
between PC 1 and XOS concentration in the early/waste
stream samples (R?=— 0.01).

The differences between the early and waste stream
samples in both XOS and TS concentration (Fig. 2A and
C), in the correlation between XOS and TS concentration
(Fig. 3), and in the relationships between XOS concentra-
tion and PC 1 (Figure 6B) collectively indicate that the
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Fig. 4 NIR spectral differences by process sample location. A Average near-infrared (NIR) transflectance spectra of filtered process liquor
samples collected using the Metrohm NIRS XDS Multivial Analyzer, grouped by process location. The spectra are offset by process sampling
location to facilitate comparison. The x-axis has been truncated to 1500-2500nm for better visibility of the spectral features of interest. B Average
NIR transflectance spectra after transforming via standard normal variance and Savitzky-Golay smoothing. The x-axis has been truncated

to 1500-2500nm for better visibility of the spectral features of interest. The y-axis has been truncated to remove the minimum and maximum
peaks at 1900nm, which are associated with water and have little variance. Differences between the average late spectrum and the average early
and waste spectra are clearly seen between 1650 and 1750nm and between 2100 and 2450nm

variability in the late stream samples is large and signifi-
cant enough to drive most of the variability in the sample
set. Thus, we anticipated that a separate PLS-2 model to
predict XOS concentration for the early/waste and late
stream sample groups will likely provide superior results
to a single model.

Modeling results

Impact of process location-splitting

To test the effectiveness in subsetting the samples by
sampling location, we compared a PLS-2 model made
with the full sample set to models made after splitting the
samples into two groups—an early/waste stream subset
and a late stream subset. Figure 7 shows the independent

validation results for both models for both XOS and TS
concentrations. Summary statistical data for these mod-
els are shown in Table 2. Splitting the early/waste stream
samples into a separate model statistically significantly
improves the model performance for XOS as measured
by cross validation and independent validation RMSE,
and for total solids for RMSECV («=0.05). In contrast,
no statistically significant differences were found in
model performance among the late process samples with
subsetting (a=0.05). This is consistent with our hypoth-
esis that it is the variability in the late stream samples that
is driving the variability of the overall set, so sample split-
ting would be unlikely to affect the ability to model these
samples.
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the concentration of either XOS or monomeric xylose causes a visible alteration in the combination overtone region between 2000 and 2500nm,
and in the first overtone region between 1650 and 1750nm. The spectral signature of monomeric xylose and XOS are notably different. To better
visualize the effect of constituent and oligomer on spectra, principal component analysis (PCA) was performed on the transformed spectra. C and D
are scores plots from principal component analysis on C the full model spectral range (1350-2500 nm) or D only the combinational overtone range
(2100-2450 nm)
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Fig. 6 Principal Component Analysis of process samples. A Principal Component 2 (PC 2) vs PC 1 of transformed near-infrared (NIR) spectra
(1350-2500nm) of liquor samples colored by process sampling location. The first two PCs explain over 95% of the total transformed spectral
variance. The early and waste stream samples appear more similar to each other than to the late stream samples. The samples with PC1 scores
greater than 0.02 are from the F3 retentate stream (Fig. 1) and contain the highest concentrations of XOS. B Measured soluble xylo-oligosaccharide
(XOS) concentration (g/L) vs PC1 of transformed NIR spectra of liquor samples colored by process sampling location. PC1 is highly correlated

with the XOS concentration in the late stream samples. No relationship exists between XOS concentration and PC1 in early and waste stream
samples, which are less refined and have substantially lower XOS concentrations than the late stream samples

All model performance measures for monomeric
xylose calibration were poor, as expected with such a
small range in sample concentration (Fig. 2, Table 1).
Predicted vs measured plots of the calibration and cross
validation results for xylose concentration, along with
predicted vs residual plots for both validations, are pro-
vided in the supplemental material.

As noted previously, location-splitting substantially
decreased the population size of the training sets. While
these modeling results act as feasibility tests for the abil-
ity of NIR to monitor total solids and XOS concentration
in this process, we do not believe that either split model
is robust enough for deployment at its current size. Sam-
ple sizes of at least an order of magnitude greater for each
location that span the variability expected in the pro-
cess should be obtained to allow for better model fitting,
robust significance testing, and the implementation of a
robust method for outlier determination.

Impact of reduced spectral range

To further our investigation into which sections of the
spectra were important for characterizing XOS and
monomeric xylose, we performed a PCA on transformed
spectra of water controls taken throughout the scan-
ning campaign, along with monomeric xylose standards
(1-20g/L) and XOS standards (1-20g/L) shown earlier.

Figure 8A shows the score plot of the PCA from the
combined dataset full spectral range PCA. PC1, which
explains 81.6% of the variance in the dataset, differenti-
ates between pure water and presence/concentration
of an analyte. PC2, which explains another 16.3% of the
variance, explains the inherent variability in the sam-
pling of the water controls over time as well as differen-
tiating between monomeric xylose and XOS. The large
variability in the water controls makes the differentiation
between monomeric xylose and XOS very difficult.

To identify the spectral regions contributing to the
PCA results in Fig. 8A, we performed three additional
PCA analyses of the water controls, the XOS standards,
and monomeric xylose standards separately. Figure 8C-E
clearly shows the differences in the first principal compo-
nent (PC1) loadings for each subgroup. In all three sub-
groups, water peaks at 1450nm and 1900nm dominate
the first principal component. These results suggest these
regions will be of little use in modeling either monomeric
xylose or XOS concentrations.

Both the monomeric xylose and XOS controls show
spectral signatures in the 1st overtone region (1650nm-
1750nm) and the combinational overtone region
(2100nm-2450nm). In contrast, no spectral signatures
of the water control spectra are evident in these regions.
Furthermore, the combinational region shows a larger
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Fig. 7 Impact of sample splitting on the performance of predictive models. Predicted vs measured soluble xylo-oligosaccharide (XOS) and total
solids concentrations (g/L) for the independent validation of models with and without splitting the late stream samples and the early and waste
stream samples into different calibration sets. The combined location model results are depicted with open circles, while the subset location
model results are depicted with closed circles. A Predicted vs. measured XOS concentration in the early and waste stream samples; B predicted vs.
measured XOS concentration in the late stream samples; C predicted vs. measured total solids concentration in the early/waste stream samples;
and D predicted vs. measured total solids concentration in the late stream samples. Separating the samples into two groups by processing location
significantly improves model performance in the early and waste stream samples. The impact of sample splitting on the performance of the late
stream model is much less significant, suggesting the variability in these samples drives the variability of the whole population

difference in loadings signature between the XOS and To test whether using the combinational overtone
monomeric xylose spectra, indicating that this region of  spectral range (2100-2450nm) would lead to more stable
the spectra alone may be sufficient to produce a predic-  spectral controls, we performed a PCA on the combined
tive model to distinguish XOS from monomeric xylose. dataset (standards plus water controls) spectra using the
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Table 2 Summary of model performance results by process stream location and model sample process splitting technique

Performance parameter  XOS (g/L)

Total solids (g/L)

Early/waste stream

Late stream sampling

Early/waste stream Late stream sampling

sampling locations locations sampling locations locations
Without With Without With Without With Without With
location location location location location location location location
grouping grouping grouping grouping grouping grouping grouping grouping
Training R? 049 0.97* 1.00 1.00 0.64 0.99* 1.00 1.00
RMSEC 193 0.24* 4.64 4.17 207 0.30* 3.29 3.72
Cross Validation R’ 0.15 0.46* 0.99 0.99 0.26 046 1.00 1.00
RMSECV 331 1.16* 5.08 4.7 367 2.26* 349 408
Independent R’ 0.35 0.52 0.99 0.99 0.53 0.69 0.99 0.99
Validation RMSEP 1.4 067 572 481 1.50 097 581 502

Leave-one-out cross validation was used to tune models. Results are shown for predicted soluble xylo-oligosaccharide (XOS) concentration (g/L) and total solids
concentration (g/L). Splitting the samples by location substantially improves model performance for the early/waste stream models for XOS concentration and total
solids concentrations. The impact of sample splitting on the performance of the late stream model is much smaller, and not statistically significant (a=0.05). Asterisks
(*) indicate statistically significant differences in the models using location-splitting compared to the model using all samples

reduced spectral range. Figure 8B shows the resulting
score plot. When spectral range is reduced to a region
showing unique spectral signatures of the components of
interest, PC1 still explains the difference between water
and the presence of analytes at increasing concentrations,
but PC2 now differentiates between monomeric xylose
and XOS, and also effectively explains the presence of
XOS or monomeric xylose—increasing PC2 correlates
with increasing monomeric xylose concentration, and
decreasing PC2 correlates with increasing XOS concen-
tration. Furthermore, the variability in the water control
scores that masked differentiation of XOS from mono-
meric xylose in the full range spectra PCA (Fig. 8A), is
now smaller compared to the variability of the XOS and
monomeric xylose scores.

Since the spectral signature from the combinational
overtone region (2100-2450nm) in the process sam-
ples showed substantial signal (Fig. 4B), could differ-
entiate between monomeric xylose and XOS standards
effectively (Fig. 5D), and also reduces the contribution
of environmental variability in spectra inherent to the
sampling method (Fig. 8B), we decided to test whether
this reduced spectral range could be used to build use-
ful prediction models. Figure 9 compares the independ-
ent validation results for models made with the full
(1350nm-2450nm) or reduced (2100nm-2450nm) wave-
length ranges for XOS and total solids concentration, and
Table 3. describes the model performance results. Small
but statistically significant improvements were observed
in early/waste stream model performance for XOS
(RMSECV) and total solids (RMSECV) when the spectral
range was truncated to 2100-2450 nm. No statistically
significant differences were found in independent predic-
tion results between models (Table 3).

Conclusions

In this work, we show the promise of multivariate calibra-
tion models for predicting the concentrations of soluble
xylo-oligosaccharides (XOS) and total solids (TS) at mul-
tiple points in a biomass conversion process which pro-
duces and then purifies XOS compounds from sugar cane
bagasse using near-infrared spectroscopy. A single model
using samples from multiple locations in the process
stream showed acceptable performance for both XOS
and TS as measured by standard statistical measures.
However, compared to the single model, separate mod-
els built by splitting the calibration samples according to
expected XOS concentration and purity show improved
performance. A calibration model with a limited spectral
range that contains substantial signal for process samples
provided essentially equivalent performance to the model
using the full spectral range. Thus, simple, data-informed
approaches can provide practically significant improve-
ments in model performance for this dataset while main-
taining use of the traditional and easily accessible partial
least squares regression model. By providing this dataset
and the associated modeling scripts as open source, we
invite others to contribute alternative modeling solutions
to the practicalities of real-time bioprocess monitoring of
aqueous solutions using NIRS.

While at-line modeling is a useful, low-risk step in
understanding the feasibility of NIRS for process moni-
toring in a given system, this work would be best followed
up with the development of a an on-line NIRS process
monitoring system. Fiber-optic transflectance probes
could be installed in the process flow streams after each
unit operation. Models predicting XOS and total solids
concentrations at each location could provide operators
the rapid inputs necessary to optimize each step towards
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PC2 shows the spectral variability of the water controls and differentiates between XOS from monomeric xylose. B Score plot of first two principal
components (PCs) of a PCA of water controls, monomeric xylose, and XOS standards using only the combinational overtone spectral range
(2100-2450 nm). In contrast with Fig. 5B, PC2 shows the spectral variability associated with differentiating XOS from monomeric xylose relative

to the innate variability of the sampling method (e.g., the variability in the water controls). C Loadings plot of the 1st PC of a PCA of the 16

water control spectra. D Loadings plot of the 1st PC of a PCA of the monomeric xylose standards with concentrations ranging from 0 to 20 g/L.

E Loadings plot of the first principal component in a PCA of the XOS standards with concentrations ranging from 0 to 20 g/L. Red lines depict

the combinational overtone range (2100-2450nm), which show substantial signal for both monomeric xylose and XOS not associated with water

absorption
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for the waste stream model. Reducing the spectral range used in the model to 2100-2450nm does not substantially affect the quality of either the
XOS concentration or the total solids concentration models
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Performance XOS (g/L) Total solids (g/L)
parameter
Early/waste stream Late stream sampling Early/waste stream Late stream sampling
sampling locations locations sampling locations locations
1350-2500 2100-2450 1350-2500 2100-2450 1350-2500 2100-2450 1350-2500 2100-2450
nm nm nm nm nm nm nm nm
Training R? 0.97 0.96 1.00 1.00 0.99 0.99 1.00 1.00
RMSEC ~ 0.24 0.28 417 3.76 0.30 0.22% 372 452
Cross valida-  R? 0.46 0.71 0.99 1.00 046 0.76* 1.00 1.00
tion RMSECV  1.16 0.78* 4.70 408 226 1.37% 408 488
Independent  R? 0.52 0.60 0.99 0.99 0.69 0.66 0.99 0.99
validation RMSEP 067 063 481 498 0.97 107 5.02 5.86

Results are shown for prediction of XOS concentration (g/L) and total solids concentration (g/L). Reducing the spectral range used in the model to 2100-2450nm does
not substantially affect the quality of either the XOS concentration or the total solids concentration models. Asterisks (*) indicate statistically significant differences in

truncated-range model compared to corresponding full-range model

maximum purity and concentration of XOS, which could
then be automated into process control loops.

Abbreviations

NIR Near Infrared

PCA Principal component analysis

PLS Partial least squares

RID Refractive index detector

RMSEC Root mean square error of calibration
RMSECV  Root mean square error of cross validation
RMSEP Root mean square error of prediction

XOS Xylo-oligosaccharide
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