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Graphical Abstract
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Graphical abstract. Summary of the PROSAC-SO-PLS methodology. Multi-block spectral data
derived from multiple sources is subjected to an ensemble of pre-processing techniques within the
PROSAC framework. The five most variance-explanatory blocks identified by PROSAC are
subsequently utilized as input variables for SO-PLS, facilitating the construction of a composition

prediction model that optimizes block utilization.

Abstract

Spectral data from multiple sources can be integrated into multi-block fusion chemometric models, such
as sequentially orthogonalized partial-least squares (SO-PLS), to improve the prediction of sample quality
features. Pre-processing techniques are often applied to mitigate extraneous variability, unrelated to the
response variables. However, the selection of suitable pre-processing methods and identification of
informative data blocks becomes increasingly complex and time-consuming when dealing with a large
number of blocks. The problem addressed in this work is the efficient pre-processing, selection and

ordering of data blocks for targeted applications in SO-PLS.

We introduce the PROSAC-SO-PLS methodology, which employs pre-processing ensembles with response-
oriented sequential alternation calibration (PROSAC). This approach identifies the best pre-processed data
blocks and their sequential order for specific SO-PLS applications. The method uses a stepwise forward
selection strategy, facilitated by the rapid Gram-Schmidt process, to prioritize blocks based on their
effectiveness in minimizing prediction error, as indicated by the lowest prediction residuals. To validate
the efficacy of our approach, we showcase the outcomes of three empirical near-infrared (NIR) datasets.
Comparative analyses were performed against partial-least-squares (PLS) regressions on single-block pre-
processed datasets and a methodology relying solely on PROSAC. The PROSAC-SO-PLS approach

consistently outperformed these methods, yielding significantly lower prediction errors. This has been
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evidenced by a reduction in the root-mean-squared error of prediction (RMSEP) ranging from 5 to 25%

across seven out of the eight response variables analyzed.

The PROSAC-SO-PLS methodology offers a versatile and efficient technique for ensemble pre-processing
in NIR data modeling. It enables the use of SO-PLS minimizing concerns about pre-processing sequence or
block order and effectively manages a large number of data blocks. This innovation significantly
streamlines the data pre-processing and model-building processes, enhancing the accuracy and efficiency

of chemometric models.
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1 Introduction

The landscape of analytical chemistry has been transformed by the proliferation of sensor devices and
instrumental techniques, coupled with the use of multivariate data analysis [1]. Collecting multi-source
data from identical samples, for instance through the simultaneous use of multiple spectrometers
operating across different wavelength ranges [2-5], facilitates the creation of multi-block datasets. The
fusion of these data enhances the analysis of the variables of interest, improving both interpretation and
prediction capabilities compared to a single-block data approach [6], and uncovering unique and common

variations across data sources [7].

In the field of analytical techniques, near-infrared (NIR) spectroscopy stands out for its cost-effectiveness
[8], minimal labor and sample preparation, and the absence of chemical reagents [9]. In many applications,
miniature NIR spectrometers have replaced classic benchmark systems, allowing for specialized, multi-
device deployments [10]. This has led to the widespread application of multi-source data fusion combined

with NIR spectroscopy for rapid, non-destructive evaluation of physicochemical properties [11-13].

When capturing multi-source variability, conventional single-block chemometric methods such as partial-
least-squares regression (PLS) [14] and principal component analysis (PCA) [15] can be insufficient [16].
Their primary limitation in this context is the inability to effectively handle complex inter-block
relationships inherent in multi-source datasets. To address this limitation, a wide array of low-level model-
based data fusion approaches have been proposed for extracting unique features and variability from
multiple data sources [17,18]. These data fusion approaches have specific considerations for the multi-
block nature of the data while still allowing the influence of each source to be identifiable in subsequent

model building [19].

A particular data fusion method is sequential and orthogonalized partial-least-squares (SO-PLS) [20], a

multi-block extension of PLS. It sequentially integrates data blocks, quantitatively evaluating the
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contribution of each predictor block to the predictive capability of the model, while avoiding redundancies
through sequential orthogonalization [21]. Moreover, SO-PLS is scale-invariant and can handle blocks of
varying sizes without spurious bias. Comparative studies indicate that it outperforms the prediction

accuracy of other state-of-the-art multi-block algorithms [22].

The order in which blocks are input into SO-PLS significantly influences both model coefficients and
complexity [23], complicating interpretation and requiring expert knowledge to determine optimal block
order [24]. While some SO-PLS-based methods mitigate this issue (Campos et al., 2018), pre-processing
techniques should also be considered [26], as they are often essential to minimize non-linearity and
scattering effects in spectral data while enhancing the signal-to-noise ratio [27]. SO-PLS-based methods
like SPORT [28] enable ensemble pre-processing for spectral data but with high computational costs.
Moreover, the exhaustive search for optimal latent variable combinations becomes more complex as
different pre-processing steps increase the number of data blocks, which not only increases computational

demands but also limits the exploration of diverse pre-processing options.

To address the challenge of the time and computing resource-intensive nature of managing a high number
of data blocks, the response-oriented sequential alternation (ROSA) algorithm serves as a fast multi-block
extension of PLS modeling [29]. ROSA employs a rapid Gram-Schmidt process to circumvent the
computational intensity of deflations and uses stepwise selection to select blocks that result in the lowest

prediction residuals, thus optimizing model performance by minimizing prediction error.

This procedure enables the handling of a large number of blocks efficiently. As a result, ROSA can be used
as a calibration tool for large pre-processing ensembles, a combination known as pre-processing
ensembles with response-oriented sequential alternation calibration or PROSAC [30]. With its scale and
order invariance and lack of spurious bias, PROSAC is well-suited for evaluating all relevant pre-processings

in a given multi-block dataset, assigning equal priority to each through its parallel approach.
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Despite its many advantages, PROSAC presents certain limitations. The algorithm, based on forward
stepwise selection, dictates that the initial choice of a certain block can influence the dataset in subsequent
deflation phases, potentially affecting later selections and causing the optimization to settle at local
minima [31]. Moreover, the stepwise selection of the best predictor block inherently increases the risk of
overfitting. This is due to the algorithm relying on both covariance, used in score building, and correlation,
guiding block selection. The risk is further increased when the process iterates over the same dataset
multiple times. Additionally, PROSAC may converge in models with a large number of included blocks,
becoming counterproductive especially when employed as a decision-making tool in the development of
experiments or sensor systems. In such contexts, each block might represent a different data source, for
instance, a distinct miniature spectrometer, thereby complicating the physical setup. This physical
complexity can make it difficult to utilize all selected data sources effectively, which in turn could

compromise the accuracy of compositional predictions in the applied PROSAC model.

To address the identified limitations of PROSAC, we propose to leverage it as a generalized variable
selection method in which the multiple blocks emulate variables. Initially, PROSAC applies a pre-processed
ensemble to a raw multi-block dataset, selecting up to a maximum number of blocks M (as outlined in the
original PROSAC publication [30]) that best explain the variations in the response variables. This initial limit
on M is guided by efficiency and the need to manage the computational load. Subsequently, a more limited
and ordered selection of no more than K of the most explanatory blocks identified by PROSAC is
implemented in SO-PLS. This intentional restriction to a maximum of K blocks serves to construct an
accurate prediction model while minimizing the computational costs and time use inherent in SO-PLS. This
approach is referred to as the PROSAC-SO-PLS methodology. To the best of our knowledge, no research
has been conducted on exploring the application of PROSAC to determine the ideal blocks for a more

targeted implementation like SO-PLS.

https://doi.org/10.26434/chemrxiv-2024-r57wp ORCID: https://orcid.org/0000-0001-6178-0088 Content not peer-reviewed by ChemRxiv. License: CC BY-NC-ND 4.0


https://doi.org/10.26434/chemrxiv-2024-r57wp
https://orcid.org/0000-0001-6178-0088
https://creativecommons.org/licenses/by-nc-nd/4.0/

This study presents a comprehensive evaluation of the PROSAC-SO-PLS methodology and compares it with
current state-of-the-art approaches, including a single-block approach and a standalone PROSAC. The
effectiveness of the methodology is demonstrated through three empirical datasets pertinent to multi-

block applications within agrifood research.
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2 Materials and methods

2.1 PROSAC implementation

To build prediction models using a multi-block approach, raw multi-block data must first be extracted from
the dataset, followed by the application of pre-processing methods. Each individual block consists of an
Xn><p,- spectral array, where n represents the sample count and p; stands for the spectral variables for that
block. It is important to note that each block can have a distinct number of variables p;, accommodating
different spectral sources or pre-processing methods that might alter the variable count. A dataset has j
different anp]. arrays, or blocks, with j determined by the count of spectral sources within that set.
Consequently, each dataset can be summarized with a unique raw multi-block structure Z =
[X1; X2; X35 X, ... X;], paired to a response array Y. In this context, k represents the total number of

measured responses.

The pre-processings applied to the different spectral arrays in this study were adapted from general
methods applied in the original PROSAC approach by Mishra et al. [30]: no processing, first-order Savitzky-
Golay derivative (SG1D), second-order Savitzky-Golay derivative (SG2D), standard normal variates (SNV)
weighting, and combinations of SNV with SG1D or SG2D. These resulted in six multi-block structures,
presented as [Zy;Z,;Z5;2Z4;Z5; Zg), with each structure corresponding to a specific pre-processing
method applied to the raw multi-block structure (Z). Consequently, the final input to the PROSAC

algorithm consists of a multi-block ensemble of 6 X j different anzoj blocks. Changing the order in which

the pre-processing blocks serve as inputs in PROSAC was not considered, as it is inherently order-

independent in its processing and analysis [30].

The PROSAC algorithm processes the obtained multi-block ensemble, leveraging the heuristic of ROSA to

iteratively select blocks for building the prediction model through a competition mechanism. In each
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iteration, the block with the smallest prediction residual is chosen, allowing for their repeated use to
extract complementary information, and defining the model component for that stage. To determine the
optimal number of blocks necessary for model construction, ROSA relies on the minimum root-mean-
squared error of calibration (RMSEC). Extending the ROSA approach, PROSAC conducts a 10-fold cross-
validation on the calibration set using random groupings. This approach effectively reduces the risk of

overfitting, enhancing model generalizability.

This process is repeated 10 times to identify the combination of blocks that yield the minimum root-mean-
squared error of cross-validation (RMSECV), with PROSAC potentially selecting the same block more than
once, up to a maximum of 50 blocks (M = 50). To mitigate overfit, this application of PROSAC selects the
smallest number of blocks that ensures an RMSECV statistically indistinguishable from the minimum
achievable RMSECV when more blocks are used. One-sided paired t-tests on the squared residuals are
conducted to confirm this selection, using a significance level of 0.05 [32]. This approach is applied

separately for each individual response variable in the dataset, yielding a corresponding prediction model.

2.2 Integrating SO-PLS with PROSAC block selection strategy (PROSAC-SO-PLS)

SO-PLS sequentially incorporates input blocks, enhancing the predictive accuracy of the model with each
addition. The process begins with a PLS regression (PLSR) between the first input block, identified as the
most representative in capturing the variation in the response variable, and the response variable itself.
Each subsequent block is orthogonalized against the scores from the preceding PLSR and fitted to its

prediction residuals, a step executed one block at a time.

Building on the previously described PROSAC methodology, the first K blocks selected through the
iterative process of PROSAC are used as inputs for SO-PLS. The current approach has limited K to five
blocks, aiming to optimize model prediction capabilities while efficiently managing computational

resources. This choice is substantiated by a detailed analysis later in the text, where the computational
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feasibility of using up to five blocks is contrasted with the exponential increase in resource demand for
additional blocks. In instances where PROSAC selects repeated blocks to capture complementary
information, the next unique block is chosen as a replacement for the SO-PLS input. This is because SO-
PLS, due to its inherent orthogonalization, does not extract new information from repeated blocks. By
limiting the selection of input blocks, the computational cost associated with SO-PLS decreases. Moreover,
since these blocks are ordered by explained variance, the critical dependency of SO-PLS on block order is

effectively managed.

The selection of the appropriate number of latent variables for each block employs a repeated 10-fold
cross-validation with random groups on the calibration set, repeated 10 times. This approach facilitates a
precise estimation of the necessary components for each block by optimizing the latent variables
individually in each PLS regression. This strategy, as proposed by [20], is adopted to develop cross-
validated SO-PLS models using all possible combinations of latent variables, with a maximum of 20 latent

variables per block.

To select the optimal model complexity, a Mage plot was used, which visually represents the prediction
error for each combination of individual latent variables and block combinations as a function of the total
number of components [20]. This plot aids in identifying the configuration that minimizes RMSECV.
Although effective, this approach can increase the number of parameters, raising the risk of overfitting
and requiring extensive test set validation [33]. To mitigate this, a parsimony-guided adjustment is applied,
selecting the simplest configuration that yields an RMSECV statistically indistinguishable from the

minimum, as verified by one-sided paired t-tests on the squared residuals (a = 0.05).

If the number of latent variables is equal to zero for any of the initial five input blocks, subsequent
iterations evaluate the inclusion of successive PROSAC blocks as replacements. The final model

configuration is determined either when the inclusion of new blocks ceases to lower the RMSECV in a
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statistically significant manner verified by one-sided paired t-tests on the squared residuals (a = 0.05), or

when no additional predictor blocks are available for inclusion.

2.3 Experimental datasets

Three distinct experimental datasets were employed to illustrate and validate the PROSAC-SO-PLS
methodology, each undergoing spectral normalization using dark and white reference measurements. The
first dataset [34], hereafter referred to as the SRS-milk dataset, features spatially-resolved spectroscopy
(SRS) reflectance measurements of raw milk in the LW-NIR region (960 to 1690 nm), measured by a 1.7-
256 Plane Grating Spectrometer (Carl Zeiss, Jena, Germany). This SRS implementation used two optical
fibers, each housed in a metal ferrule dipped at least 25 mm below the surface of the raw milk samples.
One fiber illuminated the sample while the other fiber detected the light that interacted with and was
reflected by the sample. The detection fiber traversed a horizontal path to capture SRS spectra at 30
equidistant illumination-to-detection distances, ranging from 1.1 to 4 mm. For performance assessment,
186 raw milk samples were measured with the SRS setup, and their fat, protein, and lactose content was
determined with the reference methodology [35]. A dynamic range correction was applied on the LW-NIR
SRS spectra to compensate for the exponential-like decrease in signal intensity and suboptimal signal-to-
noise ratio caused by increasing illumination-to-detection distances in SRS measurements, as

demonstrated by Diaz-Olivares et al. [34].

The second dataset [36], named the miniS-milk dataset, contains NIR spectral data measured from 299
raw milk samples using four different NIRONE miniature spectrometers (Spectral Engines, Steinbach,
Germany) with complementary wavelength ranges: T14 (NIRONE 1.4; 1100 to 1400 nm, measuring in
transmittance mode), R20 and T20 (NIRONE 2.0; 1550 to 1950 nm, two units in reflectance and
transmittance mode, respectively) and T25 (NIRONE 2.5; 2000 to 2450 nm, transmittance mode). Fat,

protein, and lactose content of the samples was determined with the reference methodology [35].
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Finally, for the third experimental dataset [37], referred to as the miniS-sugarcane dataset, reflectance NIR
spectral data were gathered from 60 sugarcane samples with a variety of miniature spectrometers,
including the F750 (Felix Instrument, Camas, USA; 450 to 1140 nm), SCIO (Consumer Physics, Hod
Hasharon, Israel; 740 to 1070 nm), NIRscan (DLP NIRscan Nano; Texas Instruments Inc., Dallas, USA; 901
to 1701 nm), NIR1.7k and NIR2.2k (uNIR1700 and uNIR2200; Viavi, Chandler, USA; 908 to 1676 nm and
1150 to 2150 nm), and NIRONE 2.2 (1750 to 2150 nm). Each of these spectrometers, featuring overlapping
wavelength ranges, was employed to measure the complete set of sugarcane samples. Reference
measurements for crude protein (CP) content were derived from the total nitrogen content (Nt) measured
by the Kjeldahl method (European Commission, 2009), with the relationship CP = 6.25 = Nt, while total

sugars (TS) were determined by the modified Luff-Schoorl method [39].

Each of the three datasets was split into a calibration set comprising roughly two-thirds of the samples,
reserving the remaining one-third of the samples for the test set, employing the Duplex algorithm with
Mahalanobis distance [40] to partition the datasets based on the reference response variables. All
composition reference values and predictions, unless specified otherwise, are expressed in weight/weight
(wt/wt) percentages. Specifically for the miniS-sugarcane dataset, the units are % wt/wt but are based

solely on the dry matter content of the sugarcane.

2.4 Development and validation of single-block prediction models

For the three experimental datasets, single-block PLSR prediction models were developed for each spectral
source to benchmark against PROSAC and the PROSAC-SO-PLS methodology. While PROSAC-SO-PLS
employed a consistent preprocessing ensemble across datasets (none, SG1D, SG2D, SNV, SNV+SG1D,
SNV+SG2D) as indicated in Section 2.1, the single-block models utilized fixed dataset-specific
preprocessing methods based on prior studies. In the SRS-milk and miniS-milk datasets, spectra were pre-

processed using a fixed combination of SNV and Savitzky-Golay derivatives. The derivatives windows were
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tailored to the unique absorption characteristics of milk components: 15 wavelengths (40 nm) for fat and
protein using SG1D, and 19 wavelengths (+50 nm) for lactose using SG2D, as found effective in previous
studies [41]. For the miniS-sugarcane dataset, the preprocessing adhered to Ryckewaert et al. (2022), using
SNV with Savitzky-Golay derivatives but varying window sizes individually adapted to the characteristics
of each miniature spectrometer used in this study. Individual PLSR models were then constructed for each
response variable and each block across all datasets, with a maximum of 20 latent variables. The specific
pre-processings employed for each response variable are detailed in Table 2 in the Results section. Mean

centering was applied before PLSR model construction in all instances.

To assess model complexity and performance, each calibration set underwent a 10-fold cross-validation
process with random groups of equal size, repeated and randomized 100 times. This evaluation focused
on minimizing the RMSECV to select the optimal number of latent variables. Within the PLSR of each single
block, the minimal number of latent variables was chosen for which the RMSECV was not statistically
different from the minimum RMSECV. This selection was confirmed through one-sided paired t-tests on

the squared residuals (o = 0.05).

After determining the number of latent variables for each block, predictions for sample compositions were
made using the PLSR models on the test sets, calculating the corresponding prediction residuals and the
derived root-mean-square error of prediction (RMSEP). For each dataset, the single block yielding the
lowest RMSEP was identified as the most accurate for composition prediction and served as a benchmark

for comparing with the multi-block methods.

2.5 Performance comparison

The PROSAC (section 2.1) and PROSAC-SO-PLS (section 2.1 followed by section 2.2) methods were applied
to the calibration set. Once calibrated and built, each PROSAC and SO-PLS model was then applied to the

corresponding test set to calculate the corresponding residuals and determine the respective RMSEP
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values. This was done for each individual response variable in the three different datasets. Next, the
predictive performances of three approaches (single-block PLSR using optimally pre-processed data,

standalone PROSAC, and the combined PROSAC-SO-PLS methodology) were compared.

The comparative analysis evaluated key metrics such as RMSECV, RMSEP, and the number of blocks (N)
utilized. To assess the effectiveness of the multi-block methodologies, a paired two-way analysis of
variance (ANOVA) was conducted on the squared residuals of the test samples, considering the model type
as a three-level factor (single-block, PROSAC, or PROSAC-SO-PLS) and the sample number as a random
factor. Only when a significant effect of the correction was detected by the ANOVA procedure (a = 0.05),

the approaches were compared mutually with a Tukey’s HSD multiple comparisons test (o = 0.05).

All prediction models were developed and validated using a custom chemometrics toolbox in MATLAB
version 2021a (Mathworks, Natick, USA). The specific codes used in the current study are referenced in
the data availability section. Computational cost analysis were conducted on a Microsoft Windows 10 Pro
0sS, utilizing a system equipped with a 4.7 GHz 12-core Ryzen processor (AMD, Santa Clara, USA) and 64

GB of RAM.
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3 Results and discussion

3.1 Data overview

Following the Duplex approach, the SRS-milk dataset was divided into 120 samples for calibration and 66
for testing. The miniS-milk dataset was split into a calibration group of 205 samples and a test group of 94
samples, while the miniS-sugarcane dataset was split into 40 calibration samples and 20 test samples. In
the SRS-milk dataset, regions between 1360 and 1500 nm were excluded from subsequent analysis due to
the diminished SRS signals resulting from water absorption. Additionally, the spectral extremities from
1680 to 1690 nm were eliminated owing to the reduced sensitivity of the spectrometer in these

wavelength ranges [34].

Table 1 presents the descriptive statistics and correlations for the reference response variables of the
calibration and test sets. A two-sample t-test (@ = 0.05) confirmed no significant difference between sets,
indicating that the data splits are representative of their corresponding dataset, a critical aspect for robust
model development [43]. For both the SRS-milk and miniS-milk datasets, the composition and variability
are consistent with other raw milk datasets [44] and findings from milk recording programs [45]. Similarly,
the CP and TS contents in the miniS-sugarcane dataset correspond to values reported in other sugarcane

studies [46].

Table 1. Descriptive statistics and Pearson correlations of the predicted response variables in the calibration

and test sets across all datasets.

Calibration Test
Basic statistics Basic statistics
Resp. Pearson corr. Pearson corr.
Dataset (% wt/wt) (% wt/wt)

Var.

Comp. Comp. Comp. Comp.

Mean SD Min Max Mean SD Min Max
#2 #3 #2 #3

SRS-milk  Fat 4.04 0.58 249 534 0.41 -0.17 399 066 246 5.46 0.46 -0.21
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3.37
4.69

4.66
3.38
4.63

3.10

23.81

0.25
0.13

1.01
0.40
0.15

2.19

2.55
4.38

1.76
2.99
4.18

1.04

17.12 1.15

3.98
5.07

7.62
5.06
5.10

9.60
51.01

1 -0.19

- 1
0.40 -0.33

1 -0.26

- 1
-0.64 -

1 -

3.37 0.28
471 0.15
484 1.29
3.93 045
4.60 0.16
3.03 1.80
23.42 17.33

2.74 4.03 1
431 5.05 -
1.71 7.70 0.37
3.06 5.07 1
4.09 4.99 -
0.90 6.62 1
2.11 50.42 -0.65

-0.24

-0.47
-0.48

"Comp. #2" and "Comp. #3" denote Pearson correlations within datasets. A dash (-) indicates correlation is either

nonexistent or previously stated. For miniS-sugarcane, units are % wt/wt based on sugarcane dry matter only.

Figure 1 depicts the normalized SRS reflectance spectra after dynamic range correction for all 186 milk

samples across three equidistant measuring points (1.1, 2.5, and 4 mm) from the total 30 illumination-to-

detection distances (SRS-milk). Figure 2 illustrates the normalized miniS-milk dataset with measurements

taken by four miniature spectrometers. Both datasets show significant decreases in reflectance and

transmittance at specific wavelengths (970, 1200, 1450, 1940, and above 2400 nm), attributed to high light

absorption by water. Fat globules contribute to the back-scattering of a considerable portion of the light

towards the light source, which leads to elevated reflectance and reduced transmittance in milk samples

with higher fat content [45].
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Figure 1. Normalized LW-NIR SRS-milk reflectance spectra for 186 milk samples, displayed at
three illumination-to-detection distances: (a) 1.1, (b) 2.5 and (c) 4 mm. Yellow hues indicate higher

fat content; magenta indicates lower levels.
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Figure 2. Normalized miniS-milk spectra from 299 samples, acquired via multiple miniature
spectrometer devices: (a) T14, (b) R20, (c) T20 and (d) T25. Yellow and blue hues represent

elevated and reduced fat content, respectively.

Figure 3 displays the NIR spectra captured from 60 sugarcane samples. These spectra highlight the
pronounced influence of absorption by water molecules, also found in the previous datasets. Additionally,
the reduced reflectance values at 670 nm and 1200 nm can be attributed to absorption by chlorophyll and
sucrose, respectively [47]. An increase in sugar content correlates with higher overall NIR absorbance and

thus a lower reflectance [48].
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Figure 3. Normalized miniS-sugarcane reflectance spectra for 60 sugarcane samples, collected
using different miniature spectrometers: (a) F750, (b) SCIO, (c) NIRscan, (d) NIR1.7k, (e)

NIR2.2k and (f) NIRONE 2.2. Orange-to-purple hues indicate higher to lower sugar content.

3.2 Evaluation of the single-block prediction models

The effectiveness of the standalone PROSAC and the combined PROSAC-SO-PLS approach was assessed
using the performance of single-block PLSR modeling on the three datasets as a benchmark. Table 2
presents the predictive accuracy of the most effective single block for each response variable in each

dataset. Performance metrics include the RMSECV, RMSEP and number of latent variables.

Table 2. Prediction performance statistics for the best single-block prediction model within a given response variable,

for all datasets.
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Response RMSECV RMSEP

Dataset Block Pre-processing Lv
variable (% wt/wt) (% wt/wt)
SRS-milk Fat 2.3 mm SNV+SG1D(15) 9 0.09 0.09
Protein 3.4mm SNV+SG1D(15) 13 0.13 0.13
Lactose 1.5mm SNV+5G2D(19) 18 0.11 0.12
miniS-milk Fat T20 SNV+5G1D(21) 6 0.22 0.22
Protein T25 SNV 10 0.09 0.11
Lactose T25 SNV+5G1D(19) 11 0.09 0.10
miniS-
Crude protein NIR2.2k SNV+5G2D(201) 5 0.62 0.63
sugarcane
Total sugars NIR2.2k SNV 13 1.71 2.58

LV = number of latent variables; RMSECV = Root-mean-square error of cross-validation; RMSEP = Root-mean-square
error of prediction; SNV = standard normal variates; SG1D(x) and SG2D(x) = first and second Savitzky-Golay
derivatives, calculated using a second-order polynomial and a window size of X nm; mean centering is applied in all

cases as the last pre-processing step.

In the SRS-milk dataset, each illumination-to-detection distance served as an individual block for single-
block analysis. Best predictions were achieved with RMSEP values of 0.09%, 0.13% and 0.12% for
respectively fat, protein and lactose. The efficacy of these predictions varied by distance. Optimal
performances were obtained between 1.6 and 3.8 mm for fat and between 2.3 and 4 mm for protein, with
peak accuracies at 2.3 mm and 3.4 mm, respectively. For lactose, optimal performance occurred between
1.1 and 1.8 mm, peaking at 1.5 mm. The distance ranges resulting in optimal performances had squared
residuals that were not significantly higher than those for the distance resulting in peak accuracy with the

lowest RMSEP for the respective response variable of the dataset.

In the miniS-milk dataset, for the prediction of milk fat, no significant difference was found between the
T20 and the T25 spectrometers. However, the T20 model was simpler with six latent variables and a lower

RMSEP (0.22%), compared to the T25 model (0.24%) with seven latent variables. For protein and lactose,
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the T25 model outperformed the other single-block models, achieving respective RMSEP values of 0.11

and 0.10%.

Finally, for the miniS-sugarcane dataset, both the NIR2.2k and NIR1.7k spectrometers yield comparable
capabilities in predicting CP. However, the NIR2.2k model is favored due to its marginally superior
performance (RMSEP = 0.63%) and simpler model with five latent variables, as opposed to the NIR1.7k
model (0.68%) with 15 latent variables. Additionally, the NIR2.2k model also provides the best TS
prediction, with an RMSEP of 2.58%, outperforming all other spectrometers. It is hypothesized that the
enhanced prediction performance of the NIR2.2k for CP and TS could be attributed to its spectral range
(1150 to 2150 nm). This wavelength region contains overtones of the C—H, C—N, and N—H bonds between
1600 and 1700 nm [49], as well as specifically the N-H bonds at 2055 nm [50], both of which are related
to proteins. Furthermore, the presence of O—H bonds from crystalline sucrose around 1441 nm contributes

to the prediction of the sugar content [51].

3.3 Evaluation of the PROSAC prediction models

Figures 4, 5, and 6 present the PROSAC analysis results for the three distinct datasets. Specifically, Figure 4
illustrates RMSECV and RMSEP variations for fat, protein, and lactose in the SRS-milk dataset, along with
the selection order of the different blocks used to build the PROSAC models. For this dataset, the algorithm
manages 180 blocks, generated from six pre-processing methods and 30 illumination-to-detection

distances, with a maximum of 50 blocks chosen for model building, indicating inevitable block repetition.
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Figure 4. PROSAC performance on the SRS-milk dataset for fat (a), protein (b) and lactose (c).

The order in which the different blocks were selected is indicated by a yellow-to-purple gradient.

Blocks chosen multiple times retain the color of their initial selection. Blue borders indicate the first

five unique blocks selected by SO-PLS, while red highlights denote unique blocks chosen by

PROSAC. SNV = Standard Normal Variates; SG2D = Savitzky-Golay second-order derivative;

SG1D = Savitzky-Golay first-order derivative.

In the case of fat prediction, a 10-block ensemble is selected by PROSAC, making use of seven unique

blocks corresponding to five different distances of which some blocks are repeated. These seven unique

blocks correspond to four of the six pre-processing methods, thereby confirming the ensemble model
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construction capability of the PROSAC algorithm. The selected blocks (2.3 to 3.2 mm) fall within the
statistically equivalent range of 1.6 to 3.8 mm in the single-block analysis. Notably, the 2.5 mm block pre-
processed by an SNV followed by a SG2D is used four times in this 10-block ensemble, highlighting its role
in providing complementary information despite not being among the top five blocks explaining the most
variance. For the SO-PLS model, five unique blocks are selected: two each at 2.3 mm and 2.7 mm, and one

at 2.8 mm, making use of selections of SNV, SG1D and SG2D, or a combination of SNV and the SG2D.

The PROSAC model for protein prediction comprises 14 blocks, using 10 unique blocks, predominantly
utilizing SNV in combination with SG1D and SG2D. The first block selection corresponds to the 2.5 mm
distance with SNV pre-processing, while the remaining significant blocks are confined to a 3.1 to 3.8 mm
range. This closely aligns with the distance range resulting in optimal performances in the single-block
analysis (2.3 to 4 mm). For SO-PLS implementation, the initial block at 2.5 mm with SNV pre-processing is
followed by selections at 3.5, 3.8, 3.7, and 3.1 mm, employing SG2D and combinations of SNV with SG1D

and SG2D.

When predicting lactose, the PROSAC model employs 20 blocks, using 10 unique blocks and incorporating
five of the six available pre-processing methods. All selected blocks come from the 1.1 to 1.9 mm range,
which largely overlaps with the distance range providing optimal performances in the single-block analysis.
The 1.7 mm with a SG2D block, which was chosen as the first component of the model, was selected up to
17 times by the algorithm, emphasizing its significant role in predicting the lactose content in the milk
samples. For the SO-PLS part of the methodology, the initial input includes this 1.7 mm block, followed by
selections at 1.3 and 1.4 mm with no pre-processing, and a 1.8 mm block employing a combination of SNV

and SG2D derivative.

A comparative analysis against the best single-block models reveals that the PROSAC implementation

achieves similar performance metrics for fat (RMSEP = 0.09%, N = 10, being N the number of blocks
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employed by PROSAC), protein (RMSEP =0.13%, N = 14), and lactose (RMSEP = 0.12%, N = 20) in the SRS-

milk dataset. The primary advantage of applying PROSAC in this context can be considered as simply saving

time by developing a single PROSAC model compared to generating a multitude of single-block PLS models

to find the best pre-processing method. More importantly, this approach allowed to select and sequence

the blocks for subsequent implementation in the SO-PLS model. Particularly, for each of the three response

variables, the distances selected by PROSAC align with the previously identified regions of interest for the

accurate determination of fat, protein, and lactose in raw milk. These regions are 1.6 to 3.8 mm for fat,

2.3 to 4 mm for protein, and 1.1 to 1.8 mm for lactose [34].

The PROSAC results for the miniS-milk dataset are illustrated in Figures 5.3, 5.b, and 5.c where the block

selection sequence for fat, protein, and lactose determination is outlined. With six pre-processing types

and four spectrometers, PROSAC manages 24 individual blocks, selecting a maximum of 50 for model

construction.
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Figure 5. PROSAC performance on the miniS-milk dataset for fat (a), protein (b) and lactose (c).

The order in which the different blocks were selected is indicated by a yellow-to-purple gradient.

Blocks chosen multiple times retain the color of their initial selection. Blue squares indicate the first

five unique blocks selected by SO-PLS, while red highlights denote unique blocks chosen by
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PROSAC. T14 = NIRONE 1.4 in transmittance mode; R20 = NIRONE 2.0 in reflectance mode;
T20 = NIRONE 2.0 in transmittance mode; T25 = NIRONE 2.5 in transmittance mode;, SNV =
Standard Normal Variates; SG2D = Savitzky-Golay second-order derivative; SG1D = Savitzky-

Golay first-order derivative.

For fat content prediction in the miniS-milk dataset, the minimum RMSECV of the PROSAC model is
achieved using only three blocks, without block repetition. These blocks combine T25 and T20
spectrometers and employ pre-processing methods such as SNV, SG1D and SG2D. This coincides with the
findings in the single-block approach, where these two spectrometers had no significant difference in
performance. Up to five non-repeated blocks are chosen for SO-PLS implementation, involving other pre-
processings of T25 and exceeding the optimal three, under the hypothesis that SO-PLS will discard those

blocks that do not contribute to an RMSECV reduction.

For protein estimation, the PROSAC model assembled up to 13 blocks comprising four unique blocks and
mainly featuring repeated combinations of T25 and R20 blocks with diverse SNV and Savitzky-Golay
derivative configurations. In the single-block approach, T25 gave the best performance, while R20
produced the second-best results (RMSECV = 0.14%, RMSEP = 0.14%, with nine latent variables),
confirming its importance for the prediction of the protein content. Apart from the four unique blocks
selected by PROSAC, the input for miniS-milk protein in the SO-PLS model also includes the T20 block with

SNV pre-processing, which was selected as the 17th block by PROSAC.

Lactose prediction via PROSAC employs an 11-block ensemble, with five unique blocks incorporating T25,
R20, and T20 blocks, mainly featuring SNV applications and in combination with Savitzky-Golay derivatives.
This selection diverges slightly from the single-block analysis, where R20 resulted in a worse lactose

prediction compared to transmittance, likely because of a lower interaction between reflected NIR light
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and lactose molecules in the milk serum [41,45]. However, the wavelength range of the R20 and T20
spectrometers (1550 to 1950 nm) overlaps with the absorption bands of lactose linked to the O-H and C-
H stretching vibrations [52], which may contribute to the prediction of milk lactose. Selection for SO-PLS

involves the use of all these spectrometers and the previously mentioned pre-processings.

A comparative evaluation against the outcome of the single-block models indicates that the PROSAC
performance metrics demonstrate a notable improvement, with the RMSEP for fat reduced from 0.22% to
0.19% (N = 3) and for protein from 0.11% to 0.10% (N = 13) in the miniS-milk dataset. For lactose, PROSAC
achieved a similar performance with an RMSEP of 0.1% (N = 11), matching the single-block model. It must
be noted that the T14 spectrometer block was never part of the blocks selected by PROSAC for model
building. This is probably because its wavelength range (1100 to 1400 nm) overlaps with the 2" and 3™
overtone bands of the milk components, while the other detectors can measure the stronger 1°t overtone

and combination bands.

The block selection sequence for constructing the PROSAC model for CP and TS determination from the
miniS-sugarcane dataset is outlined in Figures 6.a and 6.b, respectively. Given six pre-processing methods

and six spectrometers, PROSAC handles 36 individual blocks, selecting up to 50 for model construction.

(a) (b)
SNV+ SNV+
sG2D SG2D
SNv+ SNv+
seib Selection order Se1b Selection order
30 30
o o
£ sen £ scd
] 20 7} 20
0w 0
[ aQ
8 3
= SGID 10 = SGID 10
o o
(] [
=4 =4
o 1 o 1
SNV SNV
Raw Raw
F750 SCIo NiRscan ~ NIR1.7k  NIR22k  NIRONE F750 sCIO NIRscan  NIR1.7k  NIR22k  NIRONE
Block Block

https://doi.org/10.26434/chemrxiv-2024-r57wp ORCID: https://orcid.org/0000-0001-6178-0088 Content not peer-reviewed by ChemRxiv. License: CC BY-NC-ND 4.0


https://doi.org/10.26434/chemrxiv-2024-r57wp
https://orcid.org/0000-0001-6178-0088
https://creativecommons.org/licenses/by-nc-nd/4.0/

Figure 6. PROSAC performance on the miniS-sugarcane dataset for crude protein (CP, a) and
total sugar (TS, b). The order in which the different blocks were selected is indicated by a yellow-
to-purple gradient. Blocks chosen multiple times retain the color of their initial selection. Blue
squares indicate the first five unique blocks selected by SO-PLS, while red highlights denote unique
blocks chosen by PROSAC. SNV = Standard Normal Variates; SG2D = Savitzky-Golay second-

order derivative; SG1D = Savitzky-Golay first-order derivative.

In the case of CP prediction, the PROSAC model incorporates 17 blocks, with six unique blocks combining
all miniature spectrometers with all pre-processings except the singular application of a SG2D. In the
single-block approach, the NIR2.2k and NIR1.7k spectrometers yielded the most accurate predictions, with
RMSEP values of 0.63% and 0.64%, respectively. Nevertheless, the F750 spectrometer with a SG1D is
chosen by PROSAC as the initial block, likely because its range (450 to 1140 nm) contains wavelengths
pertinent to protein (1007 nm) and primary amines (1000 and 1020 nm) [53]. Additionally, the inclusion
of NIR2.2k and NIR1.7k could have been anticipated from their superior performance in the single-block
approach. The NIRscan is also amongst the primary selected blocks, with its spectral range (901 to 1701
nm) coinciding with that of the NIR1.7k spectrometer [53]. The NIRscan block pre-processed with SNV
followed by a SG1D, and the NIRscan block with only SNV pre-processing, are selected as the third and
fifth blocks in the PROSAC model. Although not primary selections, the SCIO (740 to 1070 nm) and NIRONE
2.2 (1750 to 2150 nm) spectrometers are also included by PROSAC, the former with a spectral region close
to the F750 spectrometer and the latter being potentially relevant for protein-related N—H bonds at 2055
nm. The selection of five unique blocks for SO-PLS implementation contains data from the F750, NIR2.2k,

NIRscan and NIR1.7k spectrometers.
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For TS prediction, a seven-block ensemble with five unique blocks achieves the best performance featuring
a mix of NIR2.2k, NIRscan, and NIR1.7k spectrometers with the application of SNV, SG2D and the
combination of both pre-processings. The NIR2.2k spectrometer covers the C-O and H-O absorption bands
around 2100 nm related to sugar content[53], while the spectral ranges of all the other selected
spectrometers cover the region of the O-H bond from sugar as crystalline sucrose, around 1441 nm. These

five unique blocks conform the input for the SO-PLS step.

Upon comparison with the best single-block models, the PROSAC implementation achieves similar
performance metrics for both CP (RMSEP = 0.65%, N = 17) and TS (RMSEP = 2.58%, N = 7) in the MB-sugar
dataset. Table 3 contains a summary of the prediction performance of PROSAC for each response variable

and the blocks selected for SO-PLS implementation.

Table 3. Prediction performance statistics for the PROSAC prediction models for each of the response variables, for all

datasets and selection of blocks for SO-PLS input.

Response RMSECV RMSEP
Dataset N Five unique blocks selected for SO-PLS input®
variable (% wt/wt) (% wt/wt)
SRS-milk  Fat 10 0.09 0.09 B-2.3 mm, D-2.7 mm, C-2.7 mm, D-2.8 mm, F-2.3 mm
Protein 14 0.10 0.13 B-2.5 mm, F-3.5 mm, E-3.8 mm, F-3.7 mm, D-3.1 mm
Lactose 20 0.12 0.12 D-1.7 mm, A-1.3 mm, A-1.4 mm, F-1.8 mm, D-1.3 mm
miniS- Fat 3 0.21 0.19 E-T25, F-T20, F-T25, D-T25, B-T25
milk Protein 13 0.10 0.10 F-T25, E-T25, B-T25, F-R20, F-T20
Lactose 11 0.10 0.10 E-T25, F-R20, B-T25,E-T25, B-T20
miniS- Crude
17 0.65 0.65 C-F750, F-NIR1.7k, E-NIRscan, B-NIR2.2k, B-NIRscan
sugarcane protein
Total
7 2.57 2.58 D-NIR2.2k, F-NIRscan, F-NIR1.7k, B-NIR2.2k, B-NIR1.7k
sugars

N = number of blocks used to build the model; RMSECV = Root-mean-square error of cross-validation; RMSEP = Root-

mean-square error of prediction.
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°For the input in SO-PLS letters A to F correspond to the following pre-processings: (A) Raw, (B) Standard Normal
Variates, (C, D) Savitzky-Golay first or second order derivative respectively, and (E, F) Standard Normal Variates

followed by Savitzky-Golay first or second order derivative respectively.
3.4  Evaluation of the PROSAC-SO-PLS prediction models

The performance metrics of the SO-PLS models starting from the blocks selected by PROSAC are detailed
in Table 4. The last column of the table presents the blocks that were retained by the SO-PLS model from
the first five unique blocks selected by PROSAC. Table 5 displays a summary of the RMSEP for the different

approaches, comparing their performance with a paired test.

Table 4. Prediction performance statistics of the SO-PLS prediction models for the different response variables in the

studied datasets.

Response RMSECV RMSEP
Dataset Lv Selection by SO-PLS output®
variable (% wt/wt) (% wt/wt)
SRS-milk Fat [5, 4] 0.08 0.09 [F-2.3 mm, B-2.3 mm)]
Protein [12, 4] 0.09 0.10 [B-2.5 mm, F-3.5 mm]
Lactose [10, 2] 0.09 0.10 [A-1.3 mm, A-1.4 mm]
miniS-milk  Fat 1,1, 1] 0.21 0.19 [E-T25, F-T20, F-T25]
Protein [9, 4] 0.08 0.09 [B-T25, F-R20]
Lactose [14, 7] 0.08 0.08 [B-T20, E-T25]
miniS- Crude
[13, 3] 0.35 0.57 [F-NIR1.7k, C-F750]
sugarcane  protein
Total
[16, 16, 6] 1.64 2.48 [D-NIR2.2k, F-NIR1.7k, B-NIR2.2k]
sugars

LV = number of latent variables used by the different blocks that comprise the SO-PLS model; RMSECV = Root-mean-
square error of cross-validation; RMSEP = Root-mean-square error of prediction.

°For the selection by SO-PLS letters A to F correspond to the following pre-processings: (A) Raw, (B) Standard Normal
Variates, (C, D) Savitzky-Golay first or second order respectively, and (E, F) Standard Normal Variates followed by

Savitzky-Golay first or second order derivative, respectively.
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Table 5. Prediction performance statistics of the different prediction models for the different response variables in the

studied datasets.

RMSEP? Single Block RMSEP? PROSAC RMSEP® PROSAC-SOPLS
Dataset Response variable
(% wt/wt) (% wt/wt) (% wt/wt)

SRS-milk Fat 0.09 0.09 0.09

Protein 0.13° 0.13° 0.10?

Lactose 0.12° 0.12° 0.10?
miniS-milk  Fat 0.22° 0.19° 0.19?

Protein 0.11° 0.10*° 0.09°

Lactose 0.10° 0.10° 0.08?
miniS- Crude protein 0.63° 0.65° 0.57?
sugarcane Total sugar 2.58° 2.58° 2.48°

RMSEP = Root-mean-square error of prediction.
AWithin each column, differing superscripts on RMSEP-values indicate significant differences (a = 0.05) between

models per Tukey’s HSD test; a lower alphabetical letter indicates a superior model.

The PROSAC methodology significantly reduced the RMSEP values for fat and protein prediction in the
miniS-milk database, while the values for lactose prediction in this dataset and the parameters in the other
datasets were comparable to those obtained with the single-block PLS approach, without statistical
differences. As previously discussed, in this context PROSAC primarily benefits the modeler by streamlining
the pre-processing selection and block selection for the SO-PLS step, thus significantly reducing the time
required for model development compared to the iterative construction and evaluation of multiple single-

block PLS models.

When applying the PROSAC-SO-PLS on the SRS-milk dataset, the prediction accuracy of the protein and
lactose content improved significantly compared to both the single-block and PROSAC approach, with
RMSEP values decreasing from 0.13% to 0.10% for protein and from 0.12% to 0.10% for lactose. However,

the fat prediction did not show improvement, maintaining an RMSEP of 0.09% for all approaches. For fat,
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the model employs the same distance as the best single-block approach, using two 2.3 mm blocks pre-
processed with SNV and a SG2D. These blocks use four and five latent variables, respectively, matching
the total used in the single-block approach. The PROSAC-SO-PLS protein model combines two distances
(2.5 and 3.5 mm) with pre-processings similar to those used for fat. Notably, the 2.5 mm distance, although
not selected as best in the single-block model, contributes significantly as indicated by its higher number
of latent variables. The PROSAC-SO-PLS lactose prediction employs two adjacent distances (1.3 and 1.4

mm) without pre-processing.

For the miniS-milk dataset, the prediction of the response variables with the PROSAC-SO-PLS models
shows marked improvement compared to the single-block approaches. For fat prediction, the RMSEP
improved from 0.22% in the single-block approach to 0.19% in both PROSAC and PROSAC-SO-PLS. For this
milk component, the first three blocks chosen by PROSAC are also retained by SO-PLS, each utilizing a
single latent variable and achieving identical performance metrics as PROSAC, which is also significantly
better than the outcome of the single-block approach. For protein, SO-PLS selects only the third and fourth
blocks from the PROSAC output, slightly improving the RMSEP from 0.11% in the single-block to 0.10% in
PROSAC, and further to 0.09% in PROSAC-SO-PLS. In lactose prediction, where transmittance-based
miniature spectrometers excel, the PROSAC-SO-PLS model outperformed both the single-block approach
(RMSEP reduced from 0.10% to 0.08%) and PROSAC (RMSEP at 0.10%), despite increased model

complexity.

In the miniS-sugarcane dataset, both CP and TS predictions with PROSAC-SO-PLS showed significant
improvements compared to PROSAC and the best single-block models. For CP, the RMSEP improved from
0.63% in the single-block and 0.65% in PROSAC to 0.57% in PROSAC-SO-PLS. The F750 and NIR1.7k
miniature spectrometers effectively capture wavelengths related to protein and primary amines. The
inclusion of protein-related N—H bonds at 2055 nm does appear to add value to the models as SO-PLS did

not retain the NIR2.2k blocks for CP prediction. This could be attributed to the high moisture content in
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the sugarcane samples, which likely results in a low signal-to-noise ratio at longer wavelengths, thereby
reducing the effectiveness of these spectral features in the model. For TS prediction, a combination of
NIR1.7k and NIR2.2k yields superior results, with the RMSEP decreasing from 2.58% in both the single-
block and PROSAC to 2.48% in PROSAC-SO-PLS. The NIR1.7k covers the first overtone of O-H stretching
around 1441 nm, while the NIR2.2k captures data around 2100 nm, particularly focusing on the

combination bands arising from C—O stretching and O—H bending, indicators of sugar content.

In the SO-PLS model-building strategy, if any of the initial five input blocks had zero latent variables,
subsequent iterations explored the inclusion of additional PROSAC blocks. Despite these adjustments, no
statistically significant improvement in RMSECV (a = 0.05) was observed, rendering the strategy
unnecessary. Importantly, all SO-PLS models used no more than three blocks and never involved more
than two different devices or illumination-to-detection distances. This suggests that the selection from the
initial five PROSAC blocks was sufficient for compositional predictions across all datasets examined.
Additionally, while the models demonstrated good agreement with our calibration and test split, future
assessments should incorporate completely independent external test sets, separate from a common
dataset split. This approach will provide a more robust evaluation of the performance of the procedure,

ensuring its validity and generalizability across diverse sample sets.

The computational cost varied across different methods, depending on the dataset. The SRS-milk dataset
presented the highest complexity, requiring the construction of 30 single-block PLSR models for each of
the 30 illumination-to-detection distances, considering up to 20 latent variables. For the single-block
approach, testing all pre-processing combinations across these distances took approximately 200 seconds
in Matlab 2021a on the previously defined hardware. In contrast, the PROSAC algorithm processed 180
blocks, derived from applying six pre-processing methods to the 30 distances. It utilized a maximum of 50
blocks for model selection and required about 210 seconds on the same computer to optimize, develop,

and test a final PROSAC model. However, the SO-PLS step, considering 20 latent variables, is the most
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computationally demanding. The time to construct and apply a prediction model grows exponentially with
the increase in input blocks. For instance, restricting the SO-PLS input to three blocks took around 300
seconds with the same hardware, while employing five blocks extended to about 26 hours. The use of six
blocks theoretically demands approximately 35 days. This underscores the critical role of PROSAC in
efficiently selecting the most relevant blocks to significantly reduce the SO-PLS runtime. It also highlights
the necessity of minimizing the number of blocks fed into the SO-PLS model to ensure manageable

computational times.
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4 Conclusion

This study introduced the PROSAC-SO-PLS methodology, which integrates PROSAC, a selection and
ordering method for pre-processed data blocks, with SO-PLS, which allows for a more targeted ensemble
model construction. By limiting the selection to a maximum of five most explanatory blocks, the approach
can build accurate prediction models with reduced complexity. This can be vital when trying to minimize
the number of physical components in sensor system development. Our analysis of three NIR datasets,
encompassing eight different response variables, demonstrated that the PROSAC-SO-PLS method
surpassed traditional approaches in seven out of eight variables, achieving a reduction in RMSEP ranging
from 5 to 25%, with a maximum combination of three blocks for all cases. This improvement was attributed
to the ensemble use of differently pre-processed NIR data and the targeted, ordered implementation in

SO-PLS.

In summary, the PROSAC-SO-PLS methodology offers a robust and efficient approach to multiblock
modeling in spectroscopy, transcending the specific context of NIR spectroscopy. This method addresses
the limitations of existing techniques across various spectroscopic domains. By integrating the strengths
of PROSAC and SO-PLS, this study paves the way for more targeted and computationally efficient predictive
models. The methodology not only excels in performance but also significantly reduces the complexity of
the model, making it a viable option for both experimental and commercial applications of multi-block

modeling.
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