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Abstract

Materials performance is primarily influenced by chemical composition, making
compositional analysis (CA) essential in materials science. Traditional quantitative mass
spectrometry, which deconvolutes analyte spectra into reference spectra, struggles with
reactive systems where spectral variations occur, such as peak shifts and new peak
emergences. Additionally, obtaining reference spectra for all pure constituents is often
impractical. To address these challenges, I propose nonlinear reference-free quantitative mass
spectrometry (NL-RQMS). This method simultaneously determines composition, reference
spectra, and nonlinear interaction effects directly from a spectral dataset of mixtures,
eliminating the need for prior reference spectra. In a benchmark test on ternary reactive
polymers of epoxy and amines, NL-RQMS inferred compositions with an error margin of
just 3 wt%, significantly outperforming the 6 wt% error margin of linear RQMS. The inferred
interaction terms clearly indicate in-situ reactions between epoxy and amine moieties. This
framework enables accurate compositional analysis without prior knowledge of the
constituents, even in systems with interactive components, and holds significant potential for
applications such as grading recycled plastics, where pristine materials, degradation

compounds, and stabilizers interact complexly, causing nonlinear spectral distortions.



Introduction

The comprehensive characterization of most chemical processes is achieved by
monitoring the temporal changes in the concentrations of the system's constituents. In this
context, compositional analysis (CA) is the most fundamental and decisive analytical
technique for understanding chemical phenomena. However, as most spectroscopies except
for nuclear magnetic resonance (NMR) are non-quantitative—where the intensity ratio of
two peaks does not directly indicate the abundance ratio of the corresponding substances—
CA typically involves two processes: preparing the reference spectra of all constituents and
calculating the contribution of the reference spectra in an analyte spectrum.! The complexity
of CA is primarily influenced by two factors: (1) the accessibility of reference spectra® and
(2) the negligibility of interactions among the constituents.® In situations where the reference
spectra of all components are accessible and the interactions among these components are
spectrally negligible, CA is simply reduced to spectral deconvolution.! This means that an
analyte spectrum can be expressed as a linear combination of the reference spectra, where
the scalar coefficients directly reflect the proportions of each component. However,
challenges arise when the constituents are unknown or non-isolable, and thus the reference
spectra are unpreparable via direct measurements. This often happens in polymer sciences
by their very nature; polymers constitute polydisperse ensembles, rendering pure reference
compounds largely theoretical or nonexistent.* In such cases that fail to meet criterion (1),
the reference spectra should be prepared via virtual inferences based on the spectral dataset
of mixtures. Inferring reference spectra is an inverse problem of vector composition, which

is an ill-posed problem whose solution cannot be uniquely determined.? Nevertheless, recent



advancements in unsupervised machine-learning—particularly contributed by spectral
imaging community—have enabled accurate inference of reference spectra from mixed
spectra via incorporating mathematical expressions to capture the inherent features of
spectroscopy, such as non-negativity,” sparsity® and volume minimization of the simplex
spanned by the reference spectra.”” The reference inference allows reference-free CA, which
is emerging as a key technology characterizing a polymer ensemble, e.g., monomer sequence
distribution* and heat conductivity.'® However, when criterion (2) is not met, the complexity
of CA spikes dramatically due to the interactions among the constituents, which nonlinearly
distort the mixed spectra.® Consequently, the analyte spectra cannot be linearly deconvoluted
into the reference spectra. Such nonlinear distortion includes peak shifts or new peak
emergences caused by the constituent interactions/reactions which are common occurrences
in chemistry when mixing different compounds. Therefore, in polymer sciences, the
difficulty of CA is compounded as criterion (1) is often unmet, and additionally, criterion (2)
frequently remains unsatisfied. This imposes a significant demand for developing accurate
CA methods applicable to highly interactive systems with the presence of nonlinear distortion.

To address the demand, herein I propose CA methods applicable to highly interactive
and reference-free systems using pyrolysis mass-spectrometry (MS)!"!?, termed nonlinear
and reference-free quantitative MS (NL-RQMS). Pyrolysis-MS analyzes the mass pattern of
gaseous fragments generated by heat-decomposition of polymers, which is a very powerful
spectrometry for chemical identification regardless of the solubility of analytes;*!31%
however, owing to individually different ionization efficiencies of the fragments, which are

sensitive to their chemical structures, peak intensity ratio does not directly indicate the



abundance ratio of the corresponding substances. Therefore, a spectral set of all the
references is necessary for quantitative analysis of MS, i.e., well-known label-free
quantification technique in proteomics.'” For cases where the complete reference set cannot
be prepared, I recently developed RQMS framework that accurately infers reference spectra
only from a spectral dataset of mixtures and demonstrated its application for polymer
sequencer.* The reference-free nature of this approach provides great flexibility in selecting
system constituents via the dataset design. This allows for analyzing not only chemical
composition but also polymer properties'® and geometric information.* However, as I already
reported, RQMS could not execute accurate CA for highly interactive systems where the
constituents react with each other.!” This is because the products generated by in-situ
reactions give rise to new peaks at positions unrelated to the reactants, significantly distorting
the composition estimation. This distortion is illustrated in Fig. 1 using a simplified
spectroscopy with only four-channels, where three components of A, B, and C occupy
channel 1, 2 and 3 respectively. In non-interactive system, any mixed spectrum can be
approximated by linear combination of the reference spectra with appropriate scalar
coefficients, that represent the composition. However, in a highly reactive system, although
none of A, B, nor C has a signal at the channel 4, it could be occupied in the mixed spectra
by a new signal from the A-B cross-component generated by the reaction/interaction. This
also reduces the signal intensities of A and B because they are consumed in the reaction,
resulting in a mixed spectrum completely different from that of a non-interactive system.
Evidently, linear deconvolution of the mixed spectra into the reference spectra, without

considering such spectral variation due to mixing, results in incorrect compositions that



deviate significantly from the truth, even if all the reference spectra are known. Furthermore,
the difficulty of CA drastically increased when the references are unknown, as the nonlinear
distortion adversely affects the reference inference in linear RQMS; to explain the signal
emergence at channel 4 in the mixed spectra, it would be mistakenly inferred that one of the
reference spectra possesses the channel, leading to huge error in CA results. To the best of
my knowledge, the proposed NL-RQMS would, for the first time, provide accurate CA
results in the presence of such reactions commonly occurred in chemical spectroscopies. NL-
RQMS is specialized for MS analysis, but the underlying idea of analyzing non-quantitative
spectra quantitatively, even in the presence of chemical reactions, is applicable to a wide
range of chemical spectra. This is because the NL-RQMS model was constructed based on
general insights regarding law of mass action and the sparsity of reaction sites, as shown

below.
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Results and discussion

Algorithm design principles

To begin with, let us consider the case where criterion (1) is satisfied, i.e., the
reference spectra are all available (Fig. 1A). To account for nonlinear interactions described
above, I herein introduce a bilinear model® where nonlinear correction terms are added to the
linear combination model (Fig 1A, right). With the recent explosive advancements in deep
learning, model-free nonlinear analysis using autoencoders is becoming mainstream in image
spectral analysis, such as in remote sensing.”” However, unlike image spectra, where a single
image contains thousands to tens of thousands of spectra, i.e., each pixel having its own
spectrum, in chemistry and materials science, it is standard to obtain only one spectrum per
sample, making it extremely challenging to create spectral datasets with more than 100
samples. This makes the application of deep learning difficult, and model-based analysis
grounded in general chemical knowledge remains effective. The bilinear model was
originally proposed for considering the multi-scattering effect in spectral imaging analysis
for remote sensing.’ It defines the cross-component spectra by the element-wise product of
two reference spectra, and their intensities by the element-wise product of their
concentrations. Apparently, this original bilinear model cannot be directly applied to
chemical spectroscopies, because cross-components generated by chemical
interaction/reaction may exhibit new peaks unrelated to the corresponding references, which
cannot be mathematically represented by the reference spectra. Due to this critical difference
from the optical spectroscopies, a framework is needed to learn the cross-component spectra

from an observed MS dataset of mixtures (Fig. 1B). Nevertheless, it is reasonable to assume



that the interaction degree between two components is proportional to the product of their
abundances, in analogy to reaction kinetics where product concentrations are proportional to
the products of reactant concentrations (Fig. 1A, right). Furthermore, this formulation
captures a critical aspect of the nonlinearity caused by chemical interactions/reactions: if a
sample lacks a specific component, the intensities of the corresponding cross-components in
this sample becomes zero. This means that, even in a system with strong interactions, the
reference spectra can match those of a system without interactions.® This can be
geometrically represented in spectral space, where the reference spectra corresponding to the
vertices define a surface that encompasses all the mixed spectra (Fig. 1C). The vertices of the
nonlinear surface should match those of the linear space. This insight offers guidance on how
to learn the cross-component spectra from the data; they should correspond to the distance
between the linear space and the nonlinear surface.?! Furthermore, the coincidence of these
vertices provides an essential clue for inferring the reference spectra solely from the observed
mixed spectra: by subtracting the interaction terms from the mixed spectra on the nonlinear
surface and projecting them onto the linear space, linear RQMS can deduce the reference
spectra at the vertices from the projected mixed spectra. Therefore, I designed the NL-RQMS
so that the reference spectra, their abundances in the mixed spectra, and the cross-component
spectra are cyclically updated through iterations, based on the theory of the block coordinated
descent.?? In the initial iterations, applying linear RQMS directly to the mixed spectra on the
nonlinear surface leads to inaccurate reference spectra. However, after learning the cross-
component spectra, the mixed spectra on the nonlinear surface can be appropriately

transformed onto the linear space by subtracting the cross-component effects. Consequently,



the cyclic updates would eventually allow accurate inferences of the reference spectra and

their abundances as well as the cross-component spectra.

Benchmark test system of reactive ternary polymers

The aim of this benchmarking CA test is to assess the precision of NL-RQMS
algorithm. To achieve this, I here use a published dataset!? of a ternary polymer system of
diglycidyl ether of bisphenol A-based epoxy (Gly, Mw=1,650), poly(propylene glycol)
diamine (Jeff, Mw=2,000), and polydimethylsiloxane diamine (Silox, My=2,500), where the
glycidyl groups of Gly react with primary amines of Jeff and Silox. The dataset was prepared
with predetermined compositions, allowing us to evaluate the accuracy of NL-RQMS
through the discrepancy between the deduced and ground-truth compositions. Throughout
the process of deducing compositions, I did not utilize any known mixture compositions nor
the reference spectra to simulate CA for unknown polymer systems. I refrained from applying
NL-RQMS to genuinely unknown systems, as verifying the accuracy of the inferred
compositions would be infeasible. The dataset including 31 samples of binary or ternary
mixtures had been prepared using thermogravimetry (TG)-MS setup as reported before,
where no component exceeded an 80 wt% composition in any samples (reference-free
condition). It was already reported that the estimated composition by conventional RQMS
for the Gly-Jeft-Silox system contained errors of 6.1 wt%, which were significant and

impractical compared to the estimation errors of 1-3 wt% for non-interactive systems.'?

The origin of nonlinearity in pyrolysis-MS

MS with high resolution along m/z axis (full width at half maximum<0.01 m/z) often
10



contains thousands of peaks at different m/z channels (D), resulting in much more complex
spectra than simplified spectra (D = 4) used for explanation in Fig. 1. Furthermore, peak
overlapping, where the same m/z channel is occupied by different components with common
substructures, becomes problematic, especially for small fragments generated by hard
ionization methods like electron impact (EI). To address these issues, conventional linear
RQMS employs a two-step non-negative matrix factorization (NMF).*> The first NMF
analyzes the entire spectral dataset and groups peaks that fluctuate with consistent intensity
ratios. This allows, for instance, isotope peaks or smaller fragment peaks generated by hard
El-ionization, which are generated at a certain intensity ratio from their parent fragment, to
be consolidated into a single spectrum, referred to as a fragment spectrum. The number of
the fragment spectra, M, can be determined using an automatic method based on sparse
modeling.® (see Fig. S1 for Gly-Jeff-Silox system where M = 27. The used hyperparameters
were all consistent to previous work as presented in Table S1). The linear combination of M-
fragment spectra should well approximate all the observed spectra in the dataset, and the
combination coefficients for each fragment spectrum corresponds to the fragment
abundances (FA) in each sample, represented as a non-negative matrix A with (N, M)-size
(Fig. 2A; the numerical data is presented in Data S1). The benefits of the peak consolidation
include not only dimensionality reduction—from the D-dimensional spectral space into M-
dimensional FA space-but also increased robustness against peak overlapping. Distinct
chemical structures produce unique fragmentation patterns with many peaks at different m/z
values at specific intensity ratios. Even when some channels are co-occupied by two different

fragments, the overlapped peaks can be accurately deconvoluted into their corresponding
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fragment spectra, while maintaining consistency with other non-overlapped peaks.
Importantly, this step can be handled by the linear algorithm, even in reactive or interactive
systems, because MS peak intensities increase linearly with fragment abundance. The source
of nonlinear distortion stems from interactions or reactions that modify fragment abundance.

Since any FA of a mixture should be generated by mixing the FAs of K—pure reference
polymers (Fig. 2A top) according to their fraction, the reference FAs and compositions can
be determined simultaneously in the second NMF. Formally, the two-step NMF can be
expressed as follows:

X ~ AS =~ (CB)S,

where X is the observed spectral set represented by the (N, D)-matrix (a row of X
corresponds to a spectrum with D—channels), S is the M—fragment spectra represented by the
(M, D)-matrix, C is the sought composition of K—components in N—samples represented by
the (&, K)-matrix and B is the FA of the K-pure polymers represented by the (K, M) matrix.
Note that X, 4, S, C, B are all non-negative matrices. Herein, some terms are used that may
not be common in MS or analytical sciences, so please refer to the flowchart in Fig. S2 for
their relationships and definitions as needed.

Figure 2A clearly elucidated why this conventional RQMS cannot find correct
composition € for the interactive/reactive systems like a Gly-Jeff-Silox dataset. For an
example, fragment 18 was not found in any references but abundant in Gly-Silox binary and
ternary mixtures (see the column vertically). Note that the correct answer of the reference FA
(B) to be sought was obtained for explanation by projecting the reference spectra into the

spectral space spanned by M—fragment spectra but never used for the analytical process, as
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the reference cannot be prepared in the practical scenario. As described above, B should be
determined so that any rows of A can be well-approximated by linearly mixing the rows of
B; however, this is impossible for fragment 18 as its abundance in B was zero. This
consideration suggests that the nonlinearity in pyrolysis-MS is attributable to the interactions
between hetero polymers in their melt states prior to the pyrolysis, which change the
generation patterns of fragments from those of the pure reference polymers. Further careful
observation of Fig. 2A revealed that each fragment can be classified into three types: those
whose abundances change linearly with composition, and those whose abundances exhibit
nonlinear effects (positive or negative) with composition. Representative fragments for these
categories are highlighted with white (fragment 0), red (fragments 18-20), and green frames
(fragments 12, 26), respectively. Fragment 0 was found only in Silox among pure samples,
and its abundances linearly decreased as Gly composition increased in Gly-Silox binary
samples (Fig. 2B; also see the white frame from bottom to top in Fig. 2A). Therefore,
fragment O can be attributed to the non-interactive substructure of Silox, whose abundance
directly reflects the Silox composition. In contrast, fragment 18, categorized as having
positive nonlinearity, was found only in Gly-Silox binary and ternary samples and not in any
references. The quadratic dependence of the FA on the Gly-Silox composition (Fig. 2B, red)
clearly indicated that fragment 18 was generated through the interaction/reaction of Gly and
Silox. Note that this does not necessarily mean that fragment 18 was derived from the new
product of Gly-Silox, but it may mean the fragment was enhanced by their interaction, as
will be later discussed. Fragments 12 and 26, attributable to the substructures of Gly and

categorized as having negative nonlinearity, exhibited more complicated distributions; the
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FAs decreased much more rapidly with the reduction in Gly composition in the Gly-Jeff
binary system than in the Gly-Silox binary system. These nonlinear decreases in the FA in
the Gly-Jeff binary were well represented by convex quadratic fitting (Fig. 2C), suggesting
that fragments 12 and 26 were the reactive fragments consumed by the Gly-Jeff reaction, as
will be later justified via fragment spectra analysis. The FAs of fragments 18-20 exhibited
strong positive nonlinearities in the Gly-Jeff binary system, suggesting that they were
enhanced or generated by Gly-Jeff interaction. Indeed, as described later, the m/z values of
the fragment spectra indicated that they corresponded the Gly-Jeff joint moieties generated
by the epoxy-amine reaction. To statistically estimate the nonlinear distortion effect in the
Gly-Jeff-Silox system, the deviations of FA in each sample from the linear plane spanned by
the references were integrated across all 27 fragments (Fig. S3). This analysis showed that
41 wt% of the fragments were affected by interaction effects from mixing, indicating
significant nonlinear distortion. This suggests that the system weas well-suited for validating
the nonlinear analysis algorithm.

It should be emphasized that such consideration was possible only because this was
benchmark test of fully known system where the composition information and reference
spectra are all available. In practical applications, it is impossible to draw composition-FA
curves like those in Fig. 2B-2D, and thus, it is not feasible to determine which fragments
have a linear/nonlinear distribution over the dataset. Therefore, the composition should be
determined only based on the mixture FA (the matrix 4 in Fig. 2A) obtained through
unsupervised learning of the first NMF without using any information about the system. Also

note that neither the reference spectra nor their FAs (B) were used in any learning steps. By
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prohibiting the use of composition and reference information in the benchmark CA test, we
can simulate the analysis of an unknown system; yet the known true composition and

reference spectra allows us to validate the NL-RQMS algorithm.
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NL-RQMS Algorithm and Benchmark Test
NL-RQMS should find correct FAs of K—references B and composition € based on
the nonlinearly distorted FAs of mixtures A. To eliminate the nonlinearity caused by

interactions/reactions from A, K '—cross-components and their interaction degree are here
. K . . .
introduced, where K’ = (2 ) The cross-components represent the binary interaction effects,

which may alter the FA—composition curves positively or negatively compared to the linear
change (Fig. 2B-D). Therefore, the FAs of the cross-components B’ represented by a (K, M)-
matrix may have both positive and negative values. In the Gly-Jeff-Silox system, B’
describes Gly-Jeff, Gly-Silox and Jeff-Silox interactions at each row. The interaction degree
in each sample can be calculated by production of the concentration of the corresponding
components (see Fig. 1). Figure 3 shows a bilinear model of spectral generation, extended

with a cross-component to account for the nonlinear interaction.
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gray and blue lines represent positive and negative coefficients. Herein, K = K’ = 3.

18



According to this model, an n™ observed spectrum stored in the n' row of X (written

as X,,.) is approximated by linear combination of M—fragment spectra (Fig. 3):
X, ~A,8S~(C,.B+C',B)S, (n=1,2,...,N).

Relating to Fig. 1C, BS corresponds to the K—reference spectra spanning linear space (red
triangle) and B'S corresponds to the K '—cross-component spectra, which lift the datapoint of
X,,. from the linear space to the nonlinear surface (blue surface). Therefore, by subtracting
C',.B'S from each spectrum, the nonlinearity can be removed. Then, linear RQMS algorithm
applied to the projected datapoints onto the linear space would find the correct vertex points
corresponding to BS. The difficulty is that all C, B and B’ are unknown. To solute this
situation, the nonlinearity is first ignored (B’ = 0 ), and directly apply linear RQMS to the
datapoints on the nonlinear surface, yielding temporal vertices and €. This inaccurate
inference of composition is depicted in Fig. 4A. The estimation errors for compositions were
particularly large on the Gly-Jeff edge, the most reactive combination that causes significant
nonlinear distortion. Since all data points on the curved surface cannot be arranged onto a
linear plane, temporal B’ are defined to minimize these deviations of datapoints from the
plane. Here, it is crucial to consider the chemical meaning of B’, which represents the
reactive/interactive substructures of the polymers. In most case, it is chemically rational to
predict that the variety of such substructures in a system is limited: i.e., most substructures
are non-interactive. Furthermore, fragments derived from polymers unrelated to a specific
cross-component cannot participate in these interactions/reactions, making it natural to
expect B’ to be a sparse matrix with many zero elements. Therefore, when optimizing B’, L1
regularization was applied, which lead B’ to be sparse.?* After subtracting C’,,.B'S from each

19



spectrum from the data points, linear RQMS was applied again to recalculate B and C,,..
Iteration of this process eventually learned more suitable vertices and the nonlinear surface,
resulting in a much better solution (Fig. 4B). This notably improved the estimation accuracy
on the highly reactive Gly-Jeff edge compared to linear RQMS. The algorithm's accuracy
was evaluated using root-mean-square errors (RMSE) between the ground-truth and
estimated compositions, which was significantly reduced from 0.061 to 0.033 by introducing
a nonlinear correlation term (average errors improved from 6.1wt% to 3.3wt%; the impact of
this improvement is clearly illustrated in the numerical data in Table S2. The calculation
method for accuracy is presented in the caption). Notably, NL-RQMS demonstrated strong
robustness against input noise (Fig. S4). Even when random Gaussian noise with a 10%
variance relative to the sample variance was added to the FA matrix A, the RMSE remained
at 3.8 wt%, indicating the reliability of the NL-RQMS method. The mathematical derivation
of the new part of NL-RQMS for determining C, B and B’ based on A is detailed in
Supporting Information. The reference spectra inferred by NL-RQMS were well consistent
to the observed spectra (Fig. 4C). Furthermore, the interaction effects B’ were chemically
interpretable (Fig. 4D; see Fig. S5 for peak characterization of important fragment spectra
specified as having positive or negative nonlinear effects) as follows. First, the fragment 12
and 26, which had negative nonlinear effects, were characterized as having terminal epoxy
group. This is very reasonable as they were reactants and consumed by the in-situ reaction.
Second, fragment 20 having positive non-linear effect was attributable to C4HioN. This was
also very reasonable as neither the pristine Jeff nor Silox had the substructure of C4H10N and

this should be the product of the reaction with Gly. Based on the exact mass alone, it was not
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possible to determine whether this was a secondary or tertiary amine. However, considering
that the composition-abundance relationship of Fragment 20 in Fig. 2D was approximated
by a cubic polynomial, it can be inferred that the tertiary amine should be the main product
generated by a 1:2 reaction with epoxy. Note that NL-RQMS did not use the FA-composition
information available only in benchmark tests. Therefore, the nonlinear relationship
represented by a cubic polynomial was also fitted with a quadratic polynomial, as designed
by the bilinear model. Although this is the limitation of the bilinear model, quadratic fitting
also allowed for setting fragment 20 almost zeros both in both pure Gly and Jeff, allowing
accurate CA. This is the clear advantage over linear RQMS; in Fig. 2D, without the data point
where the Gly fraction is 1 under reference-free conditions, linear fitting would produce an
upward-sloping line, leading to the incorrect conclusion that fragment 20 is derived from Gly.
Fragment 18 and 19, which had positive nonlinear effects, were attributable to the main
chains of Silox and Jeff, respectively. The interpretation why these fragments were enhanced
by mixing with Gly cannot be easily rationalized, as these were not products of the in-situ
reactions. A plausible explanation is that the generation of these cyclic compounds via back-
biting depolymerization was accelerated by the existence of the proton on the side chain of
Gly. Although such interactions rather than reactions are difficult to interpret only from MS
data, the high resolution along m/z axis (full width at half maximum<0.01 m/z) would provide

a clue for considering the plausible in-situ reaction (Fig. S5).
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Conclusion

This paper first demonstrates how to conduct compositional analysis for systems
where in-situ chemical reactions and interactions occur among the components. The
proposed NL-RQMS would be highly effective in grading polymer materials where weather-
resistant agents, that act as radical scavengers and alter the pyrolysis mode of polymers
through interactions, are included. It is also expected to be valuable for analyzing polymer
systems with unstable sites where reactions frequently occur prior to pyrolysis. The proposed
algorithm is built on fundamental chemical principles, such as the law of mass action and the
sparsity of reactive substructures in polymers. This general foundation makes the nonlinear
algorithm flexible and applicable to other chemical spectroscopies where quantitative
analysis is challenging due to interaction-induced peak shifts and emergences, such as
infrared absorption (IR), Raman, and ultraviolet-visible absorption spectroscopies. Lastly, |
would like to highlight some key considerations when applying NL-RQMS to systems with
a large number of components (K >> 3). The second step of matrix decomposition in RQMS
relies on the so-called volume-minimization (volmin) algorithm,” which estimates the
vertices of the smallest simplex enclosing all spectral data points. Although counterintuitive,
the volmin developers have mathematically suggested that vertex estimation becomes easier
as the number of vertices increases.’ Therefore, as long as interaction effects are properly
subtracted and the nonlinear surface is accurately projected into linear space, an increase in
K should not cause significant error into the CA results. However, as K increases, the number
of potential binary interactions grows rapidly, the estimation of these interaction effects

become challenging with limited datasets. Errors in estimating interactions result in
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projecting onto the wrong linear surface, leading to inaccurate vertex estimation. Therefore,
it is critical to incorporate as much prior chemical knowledge of the system as possible by
employing the following strategies.

1. Include any available measurable pure references in the dataset to anchor the vertices
as much as possible.

2. Force interaction parameters to zero for known to be non-interactive.

These strategies would enhance the NL-RQMS’s ability to analyze highly complex
interaction systems.
Overall, NL-RQMS is anticipated to provide significant insights into the quantitative

understanding of nonlinear systems in polymer science.

Supporting Information: Mathematical derivation for NL-RQMS, supplementary Fig. S1-
S5, supplementary Table S1-S2, numerical data of ready-to-use starting matrix (Data S1).

The raw MS dataset is available at previous report (Data S3)'2.
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