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Abstract

Chemometric regression models were developed for the quantification of praseodymium (Pr, 0—1000 ug/mL), neodymium
(Nd, 0-1000 pg/mL), and nitric acid (HNOs, 0.1-5 M) using spectrophotometry. Designed calibration sets were composed
of 20 samples each: 10 model points and 10 lack-of-fit (LOF) points. The D-optimal designs effectively minimized the number
of samples required to build models, and each design resulted in similar prediction performance, suggesting that statistical
design of experiments can provide a reliable framework for selecting training set samples in three-variable systems. Partial
least squares regression (PLSR) models were validated against a one-factor-at-a-time validation set composed of 125 samples
(three variables, five levels). The top PLS-1 models resulted in average percent root mean square error of prediction error
values of 3.5%, 1.7%, and 1.2% for Pr(lll), Nd(lll), and HNOj;, respectively. Power set augmentations of the model and LOF
samples were investigated to optimize the number of training set samples. PLSR models built using just required model points
(10) had similar predictive capabilities as models including the LOF points (20) but with fewer samples. The number of val-
idation samples was also varied systematically to learn how many samples are needed to validate regression models. This work
addresses long-standing questions in the field of chemometrics to help make this approach amenable to the near-real-time
quantification of hazardous species in remote settings.
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provides a quantitative measure of sample absorption as a func-
tion of wavelength (nanometers). Traditionally, this approach is
implemented for quantitative analysis using simple univariate
regression methods, for example, Beer’s law; however, recent

Introduction

Optical spectroscopy and chemometric analysis can be applied
for online monitoring of advanced chemical processing opera-
tions in numerous scientific fields. This method includes the
analysis of materials in the nuclear field, where processing
takes place in harsh environments (eg, hot cells).'
Traditional grab sample collection is cumbersome and expen-
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sive, but the analysis of process streams in situ, that is, within
radiological environments, using fiber-optic cables provides a sig-
nificant benefit. Online monitoring can help control product
quality, improve process efficiency, maintain safety standards,
and track material inventory.>* Optical techniques provide not
only the elemental composition of a process stream but can
also provide chemical information pertaining to sample oxida-
tion state(s), speciation, and chemical interactions.’

Various optical techniques and machine learning algorithms are
available for such an analysis. One of the most traditional methods
is known as spectrophotometry, or absorption spectroscopy, and
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advancements in chemometric analysis have enabled the analysis
of complex samples with various matrices.®™'°

Model selection and the samples included in the training
set, that is, calibration and validation samples, can be the
trickiest and most crucial aspects of implementing machine
learning techniques.''™'® The bias—variance trade-off is
important to consider with all supervised machine learning
models, which estimate a relationship between X (spectra
matrix) and the response matrix Y (concentration).'*!”
Calibration samples can determine how flexible a model is
and how well it performs on unseen data.

A plethora of preprocessing and feature selection options
are available to the researcher.'® Recent advancements in auto-
mation can make this process simpler for the user.'”*° No uni-
versal approach exists for selecting calibration and validation
samples to span the expected conditions.'® Training sets are
often selected by the user and are subject to bias, and the num-
ber of samples needed can be ambiguous. Recent advancements
in the application of experimental design for sample selection
appear promising.'>'® These samples are selected within a stat-
istical framework and use metrics such as fraction of design
space (FDS) to pinpoint the optimal number of samples.”'*
The primary goal is generating a balanced sample distribution
in any direction of the design space to ensure all points have rea-
sonable influence on the solution, that is, partial least squares
regression (PLSR) model.

Optimal designs are formed by solving for the solutions
of various numerical criteria which are fundamentally
different depending on the design type. The two most com-
mon criteria are the D-criterion (D-optimal) and I-criterion
(l-optimal). The I-optimal variance is lower across the middle
of the design space, and D-optimal designs perform better at
the edges.”* Thus, if the designed model needs to cover the
entire concentration range, D-optimal designs may provide a
more balanced estimate. Validation samples test a model’s
prediction performance on samples not included in the train-
ing set. The general rule of thumb is that the number of sam-
ples should be roughly the same as the samples in the
calibration set. However, when working with designed sets
that minimize the number of samples, this rule may not be
the best approach.'?

This work evaluated multiple PLSR models built from train-
ing sets selected by D-optimal design for the quantification of Pr
(0-1000 parts per million, or ppm [ug/mL]), Nd (0-1000 ppm),
and nitric acid (HNOs3, 0.1-5 M) using spectrophotometry. The
prediction performance of each model was tested against a val-
idation set composed of 125 samples, and power set augmen-
tations were used to evaluate model performance as a
function of samples included/excluded from the model and val-
idation sets. Three points of scientific advancement are cov-
ered in this work: (i) PLSR models built using multiple
D-optimal designs minimized the number of samples in the
training sets with consistent prediction performance, (ii) the
relationship between prediction performance uncertainty
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and the number of validation samples was determined, and
(ii) a method to produce and validate predictive models
with optimized training sets amenable to online monitoring
applications in the nuclear field was developed. This work
will support radioisotope production projects, such as the
production of '*Pm from neutron-irradiated Nd targets and
other nuclear material processing scenarios involving
actinides.'**>%¢

Experimental

Materials and Methods

Sample Preparation. Samples were prepared using volumetric
pipettes and a balance with an accuracy of +0.000] g
Concentrations in the calibration and validation sets were chosen
to span the range of anticipated conditions: Pr (0—1000 ppm), Nd
(0-1000 ppm), and HNO5 (0.1-5 M). Sample concentrations in
the calibration set were selected using D-optimal designs. A
one-factor-at-a-time (OFAT) approach was used to select valida-
tion set samples at the lowest level, and then 10%, 25%, 50%, and
100% of the highest level. Error propagation is outlined in
Supplemental Material. Samples were prepared using deionized
water with Millipore Sigma Milli-Q purity (18.2 MQ cm at 25 °C).

Spectroscopic Measurements

Absorption spectra were collected using Ocean Insight QEPro
(3161105 nm) and NIRQuest (898—1705 nm) spectropho-
tometers. A 2 cm static quartz cuvette was used for each mea-
surement, and the spectrophotometers were referenced to
deionized water. A longer—path length cell (e.g, 5 cm) could
be used to improve detection limits. Flow cells could readily
be used in future experiments to enable in-line monitoring.
Spectra were recorded in triplicate and processed using
OceanView 2.0 software (Ocean Insight, USA). An incoherent
light source (SL201L, Thorlabs) was transmitted through a
2 m fiber-optic cable (multimode, low-OH, 400 pm diameter,
Thorlabs) to a variable—path length cuvette holder (Avantes).
The light was collected using a bifurcated fiber bundle
(Thorlabs) and sent to each spectrophotometer. All spectra
were recorded at 20 °C at 0.5 s intervals. The spectrophotom-
eters were referenced to pure Milli-Q water.

Design of Experiments

Design expert by StatEase was used to generate several
D-optimal designs using a quadratic model (Tables SI-S3,
Supplemental Material). These designs are computer-
generated designs that satisfy the D-optimality criterion (i.
e., minimizes the determinant of the Y'Y inverse concentra-
tion matrix). Each concentration level was treated as continuous
levels and numeric factors. The 10 required model points were
augmented with 10 lack-of-fit (LOF) points to improve the FDS.
Six LOF points were required to achieve an FDS of 0.99. Four
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additional LOF points were included beyond the minimum num-
ber suggested by the design statistics using a delta (d) value of 2,
a sigma (s) value of I, and an alpha (o) of 0.05. The variable delta
(d) describes the maximum acceptable half-width, that is, margin
of error, sigma (s) is an estimate of the standard deviation, and
alpha (o) is the significance level used in the statistical analysis.
LOF points minimize the distance to other runs in the factor
space and help improve the precision of the model. The valida-
tion set included the OFAT samples to test the prediction per-
formance of each design. Three samples were left out of the
OFAT set of 125 because of errors with sample preparation.
OFAT levels of 0%, 10%, 25%, 50%, and 100% of the maximum
expected concentrations were tested. The comparison of three
D-optimal designs in this work could be extended to other opti-
mal designs (e.g, l-optimal).

Multivariate Chemometrics

The SciKit Learn package in Python was used for building PLSR
models. PLSR is one of the most common supervised regression
methods that is useful for reducing the dimensionality of overde-
termined spectral systems where the number of independent
variables is much larger than the samples. This method models
both X (spectra) and Y (concentration) matrices simultaneously
to find the structure in X that best predicts that latent variables
(LVs) in Y to maximize the covariance. A k-fold method, in which
the calibration set is split into k random groups, then models are
built iteratively using k — | groups to predict the kth group not
included, was used for cross-validation. Model statistics are highly
dependent on the validation method used and the number of LVs,
that is, factors included in the model. Too many factors can overfit
the model and include noise or other artifacts that inhibit model
performance. For ease of comparing multiple models, the number
of LVs was set to three. This amount is equal to the number of
varying species in the study and the common inflection point in
the prediction error versus LV curve for most models. Each
model was built with a minimum baseline offset shift correction,
which can help the model cope with fluctuations anticipated dur-
ing process monitoring applications. Additional preprocessing
strategies outlined in a previous work were also tested.? These
strategies include mean centering, standard normal variate
(SNV), and Savitzky—Golay (SG) smoothing and derivative filters.
SG filters are based on a local least squares fitting of the data by
polynomials. Briefly, centering and scatter factors included two
levels corresponding to no transformation or applying the trans-
formation (two levels). The SG smoothing and derivative filters
included combinations of zero-, first-, and second-order deriva-
tives (three levels), with a first-, third-, fifth-, or seventh-
polynomial order (four levels), and 2-30 left/right points (29
levels).

Statistics

The quality of the regression evaluated the root mean square
error (RMSE) of the calibration (RMSEC), cross-validation

(RMSECV), and prediction (RMSEP). RMSE is used to evaluate
models because of its ability to evaluate the bias—variance trade-
off. Models with high bias will consistently make incorrect predic-
tions owing to a systematic error, whereas models with high var-
iance may make correct predictions but will typically result in
overfit models.'” The optimal model will balance these two var-
iables. Cross-validation statistics can be somewhat inflated when
designed calibration sets are used because each sample provides
essential information; leaving one out has a negative effect on the
calibration. This effect implies that RMSECV statistics may not
accurately estimate model stability and the true prediction perfor-
mance.”’ PLSR model prediction performance testing on samples
not included in the training set is important because the RMSECV
is only an estimate of the RMSEP, especially when using a designed
sample matrix.’ RMSEs were calculated using Eq. |,

Z?:I i — yi)2

n

RMSE = )
where §; is the predicted concentration, y; is the measured con-
centration, and n is the number of samples. PLSR models were
optimized by minimizing the RMSEP. Percent RMSEP was calcu-
lated by dividing the RMSEP by the median model values using
Eq. 2,

RMSEP

Ymed

RMSEP% =

x 100% Q)

where y.q represents the median of each analyte concentra-
tion range. RMSE values are in units of response variable y.
Lower values indicate better model performance. Prediction
performance is strong when percent RMSEP is less than 5%, sat-
isfactory when percent RMSEP is less than or equal to 5 to 10%,
and indicative when percent RMSEP is less than or equal to 10
to 15%.% In addition to evaluating the RMSE values of PLSR mod-
els, the u versus t plots, which compare the model’s x- and
y-scores for each LV, were investigated to ensure linearity.

Results and Discussion

Absorption Spectra

Figure | shows the absorption spectrum of Nd(lll) and Pr(lll)
in HNOs media from 400 to 1300 nm. The concentrations of
Nd(lll) and Pr(lll) in these spectra were 1000 pg/mL, ie., |

ppm, and the HNOj3 concentration was varied from 0.1 to 5

M. The spectra contain numerous Pr(lll) and Nd(lll) absorption
peaks corresponding to intra-4f transitions.”®*’ For Nd(Ill), each
peak corresponds to transitions from the ground state (*ly) to
various excited states.>® The effect of varying HNO; concentra-
tion on the individual absorption peaks is shown. With increasing
HNO; concentration, each Nd(lll) peak changes in either inten-
sity or peak shape. The Nd(lll) peak at 575 nm (Yls, — *Gspp,
2G;p,) is known to be hypersensitive to the local environment
and shows appreciable sensitivity toward HNO;. This sensitivity
is likely because of coordination with nitrate anions (NO3).%'
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Figure 1. (a) Pr(lll) and (b) Nd(lll) absorption spectra from 420 to 1300 nm as the HNO3 levels are varied. The inset plot in (b) shows the
Nd(Ill) 579 nm peak shape change as acid levels are increased. Similar, although less severe, peak shifts and shape changes are seen in the
other Pr(lll) and Nd(lll) absorption peaks. For reference, the Nd(lll) peak near 580 nm redshifted with increasing HNO3; and the NIR band

near 1200 nm increased in magnitude with increasing HNO;.

The hypersensitive 575 nm Nd(lll) band redshifts from 574 to
580 nm, changes shape, and the absorbance increased. This
result is consistent with pervious literature reports.”®*® The
covarying nature of this peak because of the dependence on
Nd and HNO; concentrations is difficult to model using univar-
iate methods. The absorption spectrum dependence on acid
concentration is also prevalent in actinide systems containing
Np, Pu, and other species.'* Variations in the location and
shape of Pr(lll) peaks at 444, 470, 483, and 594 nm were less
pronounced, but the peaks changed slightly mostly owing to
peak broadening with increasing acid concentration.
Additionally, broad near-infrared (NIR) water absorption
bands with negative absorbance values were identified with
maximum values near 960 and 1200 nm. These bands corre-
spond to overtones and fundamental OH" vibrations of water,
as previously described.'®**3** The ions H" and NOj3 do not
absorb NIR radiation directly but instead distort the local tetra-
hedral structure of water. NIR absorption bands are also sensi-
tive to temperature and ionic strength. Concentrations of Pr(lll)
and Nd(Ill) were too low in this study to affect NIR water band
features. The spectrum was truncated at 1300 nm because of
the high absorbance of the first overtone of water, which satu-
rated the detector around 1440 nm. These nonlinear, covarying,
and overlapping spectral characteristics were modeled with

PLSR to build predictive models for quantification, and the spec-
tra corresponding to various analyte concentrations were cho-
sen by design of experiments.

Training Sets

The performance of predictive regression models such as
PLSR depends significantly on the number and type of sam-
ples in the training set, and the number of samples directly
affects the end user with respect to resources such as time
and waste. The training set contains both calibration and val-
idation samples. Minimizing samples in the training set can
help make the chemometric approach more amenable to
applications in restrictive environments, where fewer sam-
ples can help streamline operations and where material for
calibration is limited. Beyond that minimization, a designed
approach may help ensure consistent and representative
sample sets for chemometric applications in all fields.

No universally accepted methods exist for selecting these
samples, but sample selection often relies on the tacit knowl-
edge of the user. Testing each point within the design space is
challenging and nearly impossible. It is up to the researcher
to decide whether the location of OFAT samples,
D-optimal samples, or some other set in the design space
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Figure 2. The position of the OFAT and an example D-optimal
sample plans within the three-variable design space.

is sufficient to train a model. A 3D plot of the entire three-
variable design space is shown in Figure 2. An OFAT approach
is commonly used in the literature; however, this approach
results in numerous samples when each analyte is varied at
five levels (5% =125 samples), is impractical for applications
above three analytes, for example, 54=625 samples, is
often subject to user bias, and can result in overfitting, in
which a model captures noise in addition to underlying pat-
terns in the data. To address these issues, optimal design of
experiments, for example, D-optimal designs, were chosen
to minimize the samples in the training set, mitigate user
bias in sample selection, and provide a consistent statistical
framework by which samples can be selected within a given
design space. However, underfitting can happen if too few
samples are included in the calibration, which results in a
model that has high bias and low variance and does not cap-
ture the underlying patterns in the data.

Another challenge similarly important to the calibration
set is ensuring that the number of validation samples used
to validate the calibrated model properly evaluates the true
predictive performance. A small subset of samples may rep-
resent the variation in the dataset, but the subset could
also result in local minima and maxima and could suggest
that a supervised model has better or worse performance
than it actually does. The number of samples could also be
system-dependent. In simple additive systems in which inter-
ionic associations and other chemical equilibria are negligible,
it is conceivable that very few samples are necessary to build
robust models. On the other hand, a larger number of sam-
ples may be required in more complex systems with broad
signatures, peak shifts, multicollinearity, overlapping spectral
features, and other effects that could result in singularities.
Thus, developing a standardized sample selection method
based on robust statistics and corroboration with experi-
mental data is essential.

The D-optimal design did not include each vertex point
but may describe enough variation to define score/loading
relationships and regression coefficients that accurately
account for the entire space (Figure 2). This design likely
holds true in simpler systems in which interionic associations
and other chemical equilibria are negligible. Previous work
has compared the prediction performance of different statis-
tical designs, but the authors are unaware of studies that have
compared replicates of supposedly equivalent designs. These
designs must be evaluated to determine how well the
approach can be extended to other systems and replicated
by researchers from one location to the next. These itera-
tive, computer-driven designs are statistically equivalent per
FDS criteria; however, each iteration does not generate the
exact same samples each time.?>?' Although the design sta-
tistics may be equivalent, the resulting prediction perfor-
mance of chemometric regression models may not be.
Each D-optimal design generated in this work contained 20
samples: 10 required model points plus another 10 LOF
points (Tables S1-S3, Supplemental Material). An FDS of
0.99 was achieved with |6 samples in the model, but several
additional samples were included in the design to determine
if additional samples improved prediction performance. If
additional LOF points improved the performance, it would
imply that a higher-order model, for example, cubic, could
be needed to generate a representative design. The concen-
tration matrices and resulting spectra from each design and
the OFAT method were evaluated to determine the number
of calibration samples and the number of validation samples.
These data lead to the primary question: How much of a
given design space must be evaluated to account for spectral
features related to all conceivable combinations of sample
concentrations?

Full-Spectrum PLSR Models

The PLS-1 models for each D-optimal design were built using the
entire spectrum from 400 to 1080 nm. These models were built
from data that were only modified with a simple baseline offset
correction. PLS-1 models were built for HNOj using both the
region from 400 to 1080 nm collected with the QEPro spec-
trometer and the NIR region from 900 to 1300 nm with the
NIRQuest spectrometer. Three LVs were used to describe the
structured variation in the dataset for each model and each ana-
lyte to keep this variation consistent. This consistency is reason-
able considering three analytes were being modeled. The
number of LVs was confirmed by the last significant decrease
in RMSE (Figure S|, Supplemental Material).

The RMSEP and percent RMSEP values for each PLS-I
model are shown in Table $4 (Supplemental Material). Slight dif-
ferences were observed for the Pr models developed from
each D-optimal design (RMSEP% =8.4%—11.2%), but the Nd
predictions were nearly identical (RMSEP% =~ 3.2%) for each
design. The PLS-I models for HNO; using the NIRQuest
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data region significantly outperformed (RMSEP% =2.0%—3.7%)
the PLS-I models built using QEPro data (9.2%—I1.7%).
Without trimming, both Nd and HNO; models achieved
strong predictive capabilities by reaching the desired perfor-
mance of percent RMSEP<5%; however, Pr missed this
mark. Therefore, the spectral region included in the regression
analysis was trimmed to exclude variables with noise or little
value for the regression.

It is common practice to remove deleterious artifacts to
improve the correlation of X and Y data matrices. Here,
the spectra were trimmed to only include areas where absor-
bance peaks for the corresponding analyte were present. The
regression coefficients for non-trimmed models with three
LVs are shown in Figure S2 (Supplemental Material).
Although regression coefficients alone are not a perfect iden-
tifier of vital features, in this case, they aligned with known
absorbance features serving as a logic check for the trimming
selections. For example, the HNO3; model generated from
the QEPro data included the NIR water band near 960 nm
and the Nd(IIl) peak near 581 nm. This Nd peak corresponds
to the hypersensitive Nd(lll) peak and the portion of the peak
that grows with increasing HNO3 concentration. A second
round of PLS-1 models were evaluated after trimming.

Table I. Results for trimmed PLSR models.
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PLSR Model Comparison

The PLS-I model RMSEP statistics lowered slightly when only
regions corresponding to absorbance features of interest were
included in the model. Trimming the models lowered the aver-
age percent RMSEP for Pr and Nd by 17% and |5%, respectively,
but increased the QEPro and NIRQuest acid models 24% and
4.7%, respectively (Table I). An alternative version of the table
providing figures of merit for bias and variance is provided in
Table S5 (Supplemental Material). In addition to feature selec-
tion, preprocessing transformations can improve the regression.

Transformations can be applied to spectral data to remove
or minimize effects that do not contain beneficial information
for the regression and to improve the interpretability of the
data and models. Preprocessing significantly lowered the
average percent RMSEP for the Pr models from 8.4% to
3.7% and only lowered RMSEP slightly for the other models
(Table I). The application of preprocessing reduced the aver-
age model bias by 77% and 29% for Pr and Nd, respectively
(Table S5). Similarly, preprocessing reduced the standard
error of prediction, a measure of variance, by 47% and
20% for Pr and Nd, respectively. The QEPro HNOj prepro-
cessed models saw a notable reduction in bias (53%) but an

Preprocessing LVs RMSEP (ppm) RMSEP% (%) Wavelength filter (nm)
Pr
D-(A) - 3 327 6.6 430-500 and 565-615
D-(B) - 3 49.2 9.8 -
D-(C) - 3 44.5 8.9 -
D-(A)-P 0,2,3,53,0) 3 20.1 4.0 -
D-(B)-P o, 1,3,57,0) 3 17.5 35 -
D-(C)-P o, 1, 3,61,0) 3 17.4 35 -
Nd
D-(A) - 3 14 27 500-600 and 700-900
D-(B) - 3 13 25 -
D-(C) - 3 15 29 -
D-(A)-P ©,1,7,33,0) 3 83 1.7 -
D-(B)-P 0, 1,7,29,0) 3 9.5 1.9 -
D-(C)-P 0,2,3,41,0) 3 14 28 -
QEPro HNO;
D-(A) - 3 0.17 14 9001080
D-(B) - 3 0.15 12 -
D-(C) - 3 0.15 12 -
D-(A)-P o, 1,3,17,0) 3 0.14 12 -
D-(B)-P 0,0,7,41,0) 3 0.13 I -
D-(C)-P 0,0, 1,61, 1) 3 0.14 I -
NIRQuest HNO;
D-(A) / 3 0.052 2.1 9001300
D-(B) / 3 0.029 1.2 -
D-(C) / 3 0.032 1.3 -
D-(A)-P 0,1,3,61,0) 3 0.043 1.7 -
D-(B)-P (0,0,7,9,0) 3 0.029 1.2 -
D-(C)-P (0,0,7,9,0) 3 0.033 1.3 -

*A, B, C, D, and E correspond to SNV, derivative order, polynomial order, window size, mean centering (MC) under preprocessing. The wavelength filter for

each section is the same as what is listed in the section’s first row.
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Figure 3. Parity plots comparing known to three preprocessed D-optimal calibrated model predicted values for Pr(lll), Nd(Ill), and HNO;.

The | : 1 line represents a perfect prediction.

increase in variance, and the NIRQuest HNOj; preprocessed
models only saw minimal reductions in both bias and vari-
ance. Preprocessing lowered percent RMSEP for Pr, Nd,
QEPro HNOj3;, and NIRQuest HNO;3 by 56%, 23%, 11%,
and 7%, respectively. Trimming and preprocessing lowered
Pr prediction performance to achieve less than the target
5% threshold.

A total of 576 preprocessing combinations area described in
a previous work® and were evaluated using a Python script. The
scatter correction (SNV) and mean centering were not
selected for any of the models. On the other hand, SG deriv-
ative and smoothing filters were selected for each model. Mean
centering refers to subtracting the average spectrum from each
spectrum in the dataset. ldentical filters for the models gener-
ated from each design were not chosen, but overall, SG win-
dow sizes and polynomial orders were consistent. The
standard deviation of percent RMSEP values between each
D-optimal model for Pr, Nd, QEPro HNO3, and NIRQuest
HNO; were 0.30%, 0.58%, 0.52%, and 0.58%, respectively.
The percent relative standard deviations (RSDs) of percent
RMSEP varied from 5% to 27%, which suggests that each design
resulted in similar prediction performance. A slight difference
in RMSEP between each design may not be related to statistical
differences in the design itself but could be related to any num-
ber of user-related sources of variation (e.g., cuvette placement,

sample preparation). A detailed evaluation of human error in
this system could be pursued in future work.

In each case, beside the QEPro HNO; model, the designed
approach resulted in PLSR models with strong prediction per-
formance. A parity plot for each analyte is shown in Figure 3,
comparing each D-optimal model’s predictions to the |:1
line (excluding the QEPro HNO3 model results). Even though
these models were built using just 20 samples, the prediction
of the much-larger OFAT sample set was excellent.

Attempts were also made to model Pr, Nd, and HNOs using
only the region from 560 to 610 nm, which encompassed over-
lapping Pr and Nd peaks and the hypersensitive Nd(lll) peak.
This extremely trimmed model did not perform as well, partic-
ularly for HNOj; concentration (data not shown here). Because
the QEPro HNOj3; model did not achieve the target level of pre-
diction performance (RMSEP% < 5%), it was left out of subse-
quent analyses in the following sections.

OFAT Model Predicting D-Optimal Sets

To cross-validate model performance as a function of samples
in the calibration and validation sets, PLS-I models were
built using the OFAT samples (calibration) to predict each
set of 20 D-optimal samples (validation). Spectral regions
were trimmed in the same way as the D-optimal models.



Table Il. OFAT model RMSEP and percent RMSEP statistics.
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Table I1l. OFAT RMSEC and RMSECV compared with average
RMSEP values from the D-optimal models without preprocessing.

RMSEP RMSEP%
Preprocessing  LVs  (ppm) (%) Analyte RMSEC RMSECV (k=5) RMSEP D-optimal

Pr Pr 31.0 40.9 422

OFAT D-(A) - 3 45 89 Nd 83 15.6 13.6

OFAT D-(B) - 3 6l 12.1 NIRQuest HNO;  0.024 0.067 0.038

OFAT D-(C) - 3 50 10.0

OFAT D-(A)-P  (0,1,3,49,0) 3 23 47

8:;2I BE(B:))l:, Eg : ; :Z g; : %; g; possible combinations of samples included in the overall sample
Nd set with groups ranging in size from one to the size of the over-

OFAT D-(A) _ 3 I5 29 all sample population. For example, if the calibration set

OFAT D-(B) - 3 30 6.1 included (a,b,c), the power sets would be (a), (b), (c), (a,b), (a,

OFAT D-(C) - 3 18 35 c), (b,c), (ab,c). These power set augmentations of the calibra-

OFAT D-(A)-P  (0,2,7,33,0) 3 10 2.0 tion set were analyzed in two groups: (i) Models were built with

OFAT D-(B)-P (0,2,7,57,0) 3 25 4.9 varying combinations of the 10 required model points, and (i)

OFAT D-(C)-P (0,0, 1,61,0) 3 16 3.1 models were built with the model samples plus varying combi-
NIRQuest HNO; nations of the |10 LOF points. The average RMSEP values for

OFAT D-(A) B 3 0.0l 2.1 each combination of 3—10 required model point combinations

8E:$ BE?) : ; ggig :2 and each D-optimal design are shown in Figure 4. As the num-

OFAT D-(A)-P  (0,0,7,9,0) 3 0.055 22 ber of model points included in the calibration set increased, the

OFATD-(B)P  (0,0,7,9,0) 3 0.036 | 4 RMSEP decreased, as expected. The RMSEP values for Pr, Nd,

OFATD-(C)-P  (0,0,3,61,0) 3 0.038 |5 and HNO; for models built using all 10 required model points

*A, B, C, D, and E correspond to SNV, derivative order; polynomial order,
window size, and mean centering (MC) under preprocessing.

The no-preprocessing and preprocessing model RMSEP and
percent RMSEP values are shown in Table Il. The resulting
average percent RMSEP for Pr, Nd, and HNO;3; were 4.6%,
3.4%, and 1.7%, respectively. Despite fewer samples in the
validation set, the percent RMSEP values for Pr and Nd
were 0.98% and 1.3%, respectively, higher on average than
the D-optimal models predicting the OFAT samples. This
result was contrary to the average percent RMSEP for
the OFAT model predicting HNO; concentration in the
D-optimal samples, which lowered by I.1%.

The RMSEC and RMSECV (k=5) for the OFAT PLS-I
models and average RMSEP of the D-optimal trained models
are shown in Table lll. The RMSEC and RMSECYV are similar,
which indicates that the model is balanced. Interestingly, the
RMSECYV and average RMSEP of the D-optimal models are
very similar, which suggest that each D-optimal model effec-
tively captures the variation in the OFAT set. This suggests
that approximately 20 samples for the D-optimal sets are
sufficient to capture the prediction variation. However,
additional tests were needed to determine if 20 samples
were ideal or if even that set contained some redundancy.

Calibration Power Sets

Additional PLS-1 models were built using varying numbers of
calibration samples through power set augmentation. Here,
power set augmentation refers to the generation of all

were 24 ppm, || ppm, and 0.078 M, respectively (RMSEP% =
4.8%, 2.2%, and 3.2%, respectively). These values were very sim-
ilar to the models generated from all 20 D-optimal samples (see
Table Il). This result implies that the LOF points included in the
model may not have provided substantial benefits to the
performance.

Several combinations of five or six samples slightly outper-
formed the entire set of 10 samples (Figure S3); however, the
difference in RMSEP is likely insignificant. The savings regard-
ing material use and researcher time to prepare and analyze
this smaller set of samples is significant (50%—60% reduction).
The set with one of the lowest RMSEPs for Pr contained six
samples out of the set of |0 required model points (Table S6,
Supplemental Material). The RMSEP for this set was 25%
lower than the RMSEP for the entire set of |0 samples.
This minimized set contained four vertex points, one plane
point, and one edge point in the design. These six points
included both zero Pr and the highest concentration of Pr
at both the lowest and highest HNO; concentrations.
Thus, it is reasonable to think that PLSR could define scores,
loadings, and regression coefficients with this small number
of samples to cover the design space because no singularities
or chemical equilibria occurred over the studies’ range to
alter the spectral response at different concentration levels.
Even if five or six samples do not provide a realistic, immedi-
ate benefit because at least 10 samples need to be analyzed to
determine which ones are best empirically, the benefit would
occur when deploying these models and rebuilding calibra-
tion models over time in a more restrictive production
setting.

Although several combinations of four to six required model
point samples outperformed the entire set of 10 samples, these
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Figure 4. RMSEP versus the number of samples in the calibration set for (a) Pr and Nd and (b) HNOs. Error bars represent one standard

deviation.

were singularities in some because many other points were
above the final RMSEP. Thus, selecting these samples a priori
could not be achieved using a D-optimal design with a quadratic
process order model. The three independent sets of 10
required model points performed much more consistently.

The second exercise was completed with the model samples
plus varying combinations of the 10 LOF points. This exercise
revealed that including additional LOF points in the model did
not significantly improve prediction performance, that is,
lower RMSEP. The RMSEP values for Pr, Nd, and HNO; were
18 ppm, Il ppm, and 0.066 M, respectively. Including two
times the number of samples lowered RMSEP by 24%, 8.0%,
and 15%, respectively, when 20 samples were included in the
calibration set, but each set was below the target of RMSEP%
< 5% prior to the inclusion of these LOF samples. The percent
reduction in RMSEP relative to the number of samples in the set
suggests that if time and resources were constrained in any way,
then just 10 samples would be ideal.

Validation Power Sets

One rule of thumb in the field of chemometrics is that the num-
ber of validation samples should balance the number of samples
in the calibration set. However, when working with a designed
sample set with minimal samples, this rule may or may not apply.
This work assumed that the OFAT set of samples capture all
possible spectral variations in the data and represents the entire
design space. To evaluate the prediction performance of each
D-optimal design (20 samples) with a varying number of valida-
tion samples, 100 random combinations of the OFAT samples

were used to validate each model, with the number of validation
samples used being varied from | to 120.

The average Pr model RMSEP for each sample combina-
tion as a function of the number of samples is shown in
Figure 5. The same behavior was seen for all models and
each analyte (data not shown here). After five samples, the aver-
age matched the true mean for the entire OFAT set. However,
the percent RSD was rather large, which indicated that there
was a large spread of RMSEP values when only five samples
were used. This variability means that using just five samples
resulted in both good RMSEP values and poor RMSEP values,
but in either case, the true mean was not identified. It was
not until combinations of 40 samples were evaluated that the
percent RSD reached a reasonable level of 10%.

Because of the random combinations used in lieu of the
computationally expensive true power set (>10° combinations),
it is possible that the spread around the mean is inflated owing
to imbalanced validation sets being tested across the design
space. Because the LOF points were shown to provide little
benefit for enhanced prediction power, it was hypothesized
that these 10 samples could be used as a validation set because
they inherently cover most of the design space. Additionally,
with only 10 samples to consider, power set augmentations of
the validation set were feasible (1023 combinations).

In this work, PLSR models were built with only the 10
required model samples, then evaluated for every possible
combination of the 10 LOF samples as the validation set.
These combinations ranged from | to 10 samples, with the
spread of the RMSEP decreasing as the number of validation
samples increased. Figure 5b shows that with |0 validation
samples, the average percent RSD around the mean is
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Figure 5. (a) D-optimal designs’ RMSEP values for Pr shown as a function of the number of samples in the validation set, and (b) the average
percent RSD as a function of the number of samples in the validation set.

Table IV. Comparison of OFAT validation sets and the LOF validation sets.?

RMSEP% (%)

Pr Nd NIRQuest HNO;

OFAT LOF OFAT LOF OFAT LOF
D-optimal (1) 47 59+12 1.6 1.9+0.4 3.9 29406
D-optimal (2) 5.3 59+12 26 95+1.9 34 45+09
D-optimal (3) 43 3106 25 24+05 2.0 24+05

*Note: 20% uncertainty is assumed for the LOF validation sets. OFAT validation set RMSEPs were calculated using models built without LOF points for proper
comparison; note that this causes slightly different percent RMSEP values from those shown in Table |.

approximately 20%. If this value is taken as the uncertainty of
these LOF validation set RMSEPs, then there is good agreement
with the OFAT validation RMSEPs—apart from D-optimal (2)
for Nd. These values are compared for each system in Table IV.

When investigating the RMSEP versus number of valida-
tion samples plots for these LOF power sets, an added ben-
efit was found. In many cases, a band of poorly predicted
combinations would appear on the plot of RMSEP versus val-
idation set size. Upon further investigation it was found that
this band of poor predictions was the result of samples being
included in the validation set combination (see Figure S4,
Supplemental Material). This issue revealed cases in which
certain LOF points were indeed needed in the model, and
thus, these LOF samples could be moved to the calibration
set for the final models. Investigation of this power set plot
for the D-optimal (2) Nd model revealed that several (6
out of 10) LOF samples predicted poorly, which resulted in

the inflated percent RMSEP value shown in Table IV. In this
case, additional samples would need to be made to validate
the model after these LOF points were moved into the cal-
ibration set. These samples did not reduce the prediction
performance for Nd of the D-optimal (2) design when the
required model points were also included (Table II).
Overall, this power set evaluation of the LOF points as a val-
idation set serves as an adequate measure of the true predic-
tive accuracy of the model and a way to selectively improve
the models by incorporating LOF points when truly needed.

Conclusion

Spectrophotometry and chemometric modeling per-
formed well in characterizing Pr (0-1000 ppm), Nd
(0-1000 ppm), and HNO3 (0.1-5 M) concentrations. This
good performance was due in part to a preprocessing
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approach and feature selection through PLSR model coef-
ficients. Low prediction uncertainties, measured as the
percent RMSEP, suggested that this approach could be suc-
cessful in monitoring process streams. The minimized
training set selected by D-optimal design was validated
against a much larger OFAT set to show that fewer than
10 samples were sufficient to train predictive models to
describe the design space. However, when the number of
samples in the calibration set resulted in an FDS less
than 0.99, the variation in prediction performance
increased relative to the sample set size. Additionally, a val-
idation strategy using a power set evaluation of D-optimal
design LOF points effectively estimated the true RMSEP of
the models while simultaneously identifying important
LOF points. This result, along with comparable perfor-
mance between PLSR models built using statistically equiv-
alent D-optimal designs, suggests that designed approach
for selecting training set samples is robust, flexible, and
amenable to spectroscopy and chemometric studies within
and beyond the nuclear field.
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