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of Chemistry The recent emergence of sequence engineering in synthetic copolymers has been innovating polymer
materials, where short sequences, hereinafter called “codons” using an analogy from nucleotide triads,
play key roles in expressing functions. However, the codon compositions cannot be experimentally
determined owing to the lack of efficient sequencing methods, hindering the integration of experiments
and theories. Herein, we propose a polymer sequencer based on mass spectrometry of pyrolyzed
the

characteristic fragment patterns of the codons are identified and quantified via unsupervised learning of

oligomeric fragments. Despite the random fragmentation along copolymer main-chains,
a spectral dataset of random copolymers. The codon complexities increase with their length and
monomer component number. Our data-driven approach accommodates the increasing complexities

by expanding the dataset; the codon compositions of binary triads, binary pentads and ternary triads are
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The properties/functions of biopolymers are encoded in their
well-defined sequences. In contrast, in synthetic copolymers,
such sequence-property correlations are obscured, since the
properties are averaged over the polydisperse sequences.’
Nevertheless, outstanding functions originating from sequence-
specific short segments stochastically generated via random
copolymerization have been recently reported.>* These discov-
eries imply that the properties of random copolymers are
deemed to be encoded into their short sequences, herein called
“codons”. From theoretical approaches, the impact of codon
structures on the copolymer properties has been well studied
using machine-learning and molecular dynamics simulations,
where aperiodic and complex codons were designed as optimal
repeating segments to achieve the target polymer properties.>®
However, owing to the lack of efficient methods for sequence
distribution analysis, i.e., sequencing’ (also see the ESI “Defi-
nition of sequencing”f), a significant gap remains between
theories and experiments: first, embedding such designed
codons into the main chains is very challenging even with state-
of-the-art sequence-controlled polymerization techniques;*
second, the codon—property correlations cannot be experimen-
tally investigated, because conventional copolymer character-
ization using the monomer reactivity ratio can estimate the
codon compositions only at the ground-state sequence
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compositions/distributions, facilitating sequence engineering toward innovative polymer materials.

distribution,® but not at controlled sequence distribution. This
means that the impact of the controlled sequence on material
performances cannot be quantitatively evaluated although
various sequence-controlled polymerization methods have been
developed thanks to the continuous effort from the polymer
synthesis community. The well-known sequencing method
utilizes nuclear magnetic resonance spectroscopy (NMR);
depending on the adjacent monomer-unit species, the elec-
tronic environment surrounding the central monomer unit
varies, inducing peak shifts. However, such shifts are often
subtle and coupled with tacticity in most monomer combina-
tions, allowing only qualitative analysis, e.g., see our previous
attempts;>'* therefore, NMR sequencing can only estimate the
codon compositions of binary triads in very limited monomer
combinations, which is insufficient and ineffective.” As the
complexity of codons increases with the length and monomer
component number according to the system of interest, a data-
driven approach accommodating this increasing complexity by
expanding the dataset is attractive. Notably, if the codon
composition of growing copolymers can be estimated in real
time during the polymerization, the polymerization conditions
could be autonomously tuned via reinforced learning so that
the fraction of the theoretically designed codons would be
maximized.

Toward practical sequence-engineering, herein, we propose
a polymer sequencer quickly quantifying complex codon
compositions in diverse multi-monomer systems based on
ambient gas-phase mass spectrometry (MS)** of pyrolyzed olig-
omeric fragments (Fig. 1A). The observed fragment pattern
potentially reflects the codon compositions; however, direct
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Fig.1 Polymer sequencing via RQMS. (A) Intra-chain mixed codons are thermally fragmented and virtually reconstructed into inter-chain mixed
codons whose fraction (cy,...,Cx) represents the codon composition in the analyte (here, K = 5, an alternating-like copolymer ensemble is
depicted). The basis spectra were not measured in reality but inferred via the RQMS algorithm from the spectral dataset of random copolymers
(here, X: butyl acrylate; Y: styrene; the dataset size N = 21, and the sample information and spectral data are summarized in data S1). (B) The

outline of RQMS sequencing.

peak-wise characterization is ineffective, because the peak
intensities are strongly biased owing to different ionization
efficiencies and regioselective thermal cleavages of chemically
inequivalent main chains. Our key strategy towards codon
quantification is to interpret the observed fragment pattern as
that generated from a certain mixture of K-basis sequence-
defined copolymers repeating single-codon species (Fig. 1A,
here K = 5 for quantifying the simplest binary triad codons).
The actual copolymer ensemble is an intra-chain mixture of
codons; yet, via fragmentation, they can be likened to an inter-
chain mixture whose fraction (cy,...,cx) represents the codon
composition in the actual analyte. This interpretation is
equivalent to assuming that any observed spectrum of the X/Y-
copolymers can be approximated by a linear combination of K-
basis spectra. To intuitively understand this key concept,
consider an alternating-like copolymer ensemble as an example
(Fig. 1A). Its spectrum should be most similar to that of the ideal
alternating copolymer (XY); with strong peaks of XYX and YXY
codons. However, due to the imperfection of the alternating
sequence, the XYX peak appeared much stronger than the YXY
peak, indicating a significant contribution from the (XXY), basis
as well. Also, small peaks of blocky codons such as XXX and YYY
were observed, indicating a small contribution from (XXX); and

5620 | Chem. Sci, 2023, 14, 5619-5626

(YYY); basis spectra. Therefore, this observed spectrum would
be best approximated by mixing the basis spectra of sequence-
defined copolymers with different mixing ratios which would
quantitatively indicate the sequence tendency of the analyte
ensemble. If we can observe all the basis spectra, this process
would be a routine spectral deconvolution. The difficulty is that
sequence-defined copolymers are not synthesizable in reality,
and thus, the basis spectra are not measurable. We overcome
this issue by a data-driven approach; based on a lot of easily
synthesizable random copolymers with different monomer
compositions, each of which is interpretable as a mixture of
sequence-defined copolymers, we would infer the basis spectra.
The critical challenge here is thus summarized by the following
question: can we infer the basis spectra of the pure constituents
(i.e., references) only from the observed spectra of mixed
samples? If this basis inference would become feasible, we can
conduct quantitative compositional analysis on MS without
using references—we therefore named this framework
reference-free quantitative MS (RQMS)—which would solve the
sequencing task as well via subsequent spectral deconvolution
(Fig. 1B). Notably, the complexity of accessible codons is
defined by the inferred basis number, and the inferable basis
number is determined by the dataset size of random copolymer

© 2023 The Author(s). Published by the Royal Society of Chemistry
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spectra; binary triad, binary pentad and ternary triad codons
were quantifiable with five, nine, and 13 basis spectra, respec-
tively, inferred from 30, 80 and 84 samples of random copoly-
mers (see Fig. S1f for the basis number selection). Therefore,
the larger dataset is fed, the more complex codon information
RQMS would output, which goes beyond the analytical limita-
tion of the conventional NMR sequencing as later shown.

In the remaining part of this paper, we first theoretically
construct an RQMS algorithm. We then verify the RQMS accu-
racy with a benchmark compositional analysis of ternary
homopolymer films. This is because the verification of RQMS
sequencing result itself is very challenging owing to the lack of
alternative sequencing methods. Via the benchmark test, we
demonstrate that RQMS can conduct accurate compositional
analysis without using the pure constituent spectra nor any
prior knowledge about the constituents. We then apply RQMS
for the sequencing purpose. The inferred basis spectra of
sequence-defined copolymers look like real measured spectra
with the corresponding codon peaks at consistent peak posi-
tions. Finally, we compare the RQMS sequencing result to the
NMR and theoretically predicted sequence for verifying the
accuracy of RQMS sequencing.

Development of RQMS

In this section, a spectrum is represented by a D-dimensional
row vector, R,"*” (D: channel number), storing the non-
negative signal intensities at D-channels. The observed spec-
tral set of the N-mixed samples is then represented by X e
R,"*P where N-spectra are vertically stacked. The spectrum of
the nth sample is located at the nth row, and represented as X,,..
The unmeasurable K-basis spectral set is then represented by P
e R.,*P. Our mission is to infer the bases P from the observed
spectral set X under the assumption that every observed spec-
trum X,,. can be approximated by linear combination of K-basis
spectra:

K K
Xn: = ;anpkn S~t-;cnk = 17 (l’l = 17 >N)

where C € R, represents the basis fractions, whose (n, k)-
element represents the fraction of the kth basis in the nth
sample, satisfying the sum-to-one condition in every sample.
This can be simply written as X = CP in the matrix form, which
is called non-negative matrix factorization**** (NMF). This non-
negative constraint is requested because both fractionation and
spectral intensity cannot be negative. In this context, NMF is
a mathematical expression of compositional analysis that
simultaneously identifies bases P and their quantities C. If the
dataset does not contain all K-basis spectra P, it corresponds to
RQMS. The most significant difference between conventional
quantitative MS and RQMS is that RQMS does not require the
actual measurement of all basis spectra P. To verify RQMS
accuracy, we designed a ternary film system composed of pol-
y(ethyl methacrylate) (E), poly(methyl methacrylate) (M), and
polystyrene (S). The dataset (data S2) consisted of 24 binary and
ternary mixtures, whose highest fractions did not exceed

© 2023 The Author(s). Published by the Royal Society of Chemistry
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80 wt% (therefore, reference-free). The accuracy of the RQMS
algorithm can be evaluated by checking if the output C and P are
well consistent with the true composition and the observed pure
E/M/S spectra. This was actually achieved, as shown in Fig. 2A.
Even a biased dataset without samples beyond 40 wt% S-frac-
tion gave an accurate estimation (Fig. S2T). However, direct and
single-step NMF, X = CP, yielded inaccurate results (Fig. S31).
This is because pyrolysis-MS does not measure polymers
themselves, but measure their pyrolyzed fragments; therefore,
the spectrally distinct and independent components are not K-
polymers but their pyrolyzed M-fragments (K < M). This
problem is particularly acute when the basis polymers contain
common sub-structures such as the polymer backbone, which
can often occur in practical polymer science. In our benchmark
test, E and M have identical methacrylic backbones, which
would generate the same fragments (the black spectra in
Fig. 2B). To conduct fragment-based NMF, we assume a latent
hierarchical structure (Fig. 2B), where the kth basis polymer
generates the mth fragment spectrum S, with a fragment
abundance (FA) of By, (k = 1,...,K, m = 1,...,M), where S €
RM*P represents the M-fragment spectra, and B €
represents the FA of the basis polymers. The observed
spectrum of the nth sample then can be written as a linear
combination of S:

KxM
R

M

K
Xn: = Z (; anB/(m>Sm: = An:S7

m=1

where A = CB € R,"M represents the sample-wise FA. Our
developed RQMS algorithm first conducts fragment-based
NMF, X = AS, and subsequently second NMF, A = CB,
summarized as X = AS = CBS = CP, outputting the sample-
wise fraction C and basis-polymer spectra P. The actual imple-
mentation is slightly more complicated, as depicted in Fig. S4
and S5.7

Because both NMFs are low-rank approximations, the
fundamental driving force toward the optimum solution is
identical: e.g.,, A and S are determined so that the squared
residuals of X and AS are minimized while adhering to the non-

negative constraints, i.e., A>ngisn>0||X — AS||y>. A solution (4*,5%)

derived from this criterion is, however, not unique even for
a given component number M, as any non-singular Q € R**
satisfying A*Q = 0, Q'S* = 0 gives another solution (4*Q,
Q 's*).*° Imposing additional constraints is thus necessary to
approach a better solution. Soft orthogonal constraints'*'”** on
the fragment spectra S are particularly effective for narrowing
down the solution candidates, accounting for low yet non-zero
possibilities that different fragments occupy common chan-
nels (full formulation in the ESI Computational Methods
sectiont). NMF is called “unique” when Q is limited to the
identity or permutation matrices.'® Importantly, the first NMF,
X = AS, is not unique because this is a spectral interpretation
with no correct answer, whereas the second NMF, A = CB,
should be unique to determine the polymer fraction C with
a single correct answer.' The second NMF uniqueness can be
ensured by minimizing the volume of the simplex, which is
spanned by row-vectors of B and contains all the datapoints, i.e.,

Chem. Sci., 2023, 14, 5619-5626 | 5621
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Fig.2 Benchmark compositional analysis of ternary E/M/S films. (A) The fraction C is depicted as a triangular diagram by using the sum-to-one
constraints. There were no datapoints on the vertices (reference-free). RQMS-inferred basis spectra P were superimposed on the observed pure
E/M/S spectra with absolute intensities, showing good consistency between the inference and observation. (B) Latent hierarchical structure of
pyrolysis-MS. The FA of pure polymers B indicated that the green, orange, and blue fragment spectra were mainly generated from polymers 1, 2,
and 3, respectively. The black spectra were significantly generated from more than one polymer species. Some fragment spectra have periodic
peak series with the interval of the monomeric mass (E: 114, M: 100, and S: 104), suggesting that polymers 1, 2, 3 are E, M, and S, respectively.

row-vectors of A.">?**' The connection between the two non-
unique and unique NMFs is key to the RQMS algorithm. For
robustly outputting (C, B) from any “good enough” A, which is
a non-unique solution of the first NMF, the factorization
residual of the second NMF is evaluated using Riemannian
metrics,??** considering the non-orthogonality of S (Fig. S67).
The component number M for the first NMF is unknown and
thus statistically determined via automatic relevance determi-
nation (ARD),"*** whereas K for the second NMF should be
appropriately given depending on the analytical purpose
(Fig. S11). Two formulations were thus separately derived, as
presented in the ESI Computational Methods section.

Basis inference for binary triad
sequencing

RQMS sequencing consists of two steps: inferring K-basis
spectra P of sequence-defined copolymers composed of the
single-codon species and deconvoluting the targeted spectrum
X, into P (Fig. 1B). As forementioned, the simplest binary and
triad sequencing requires five-basis spectra of (XXX);, (XXY)j,
(XY);, (YYX);, and (YYY);. As two of the five bases are synthesiz-
able and, thus, referenceable homopolymers, the inference of
the other bases should be reliable even if the dataset is biased,

5622 | Chem. Sci, 2023, 14, 5619-5626

as demonstrated in the benchmark test (see Fig. S21). For
sequencing, a “biased” dataset indicates that at least one of the
K-basis codons does not occupy a sufficiently high fraction in
any samples.

Since the accuracy of the RQMS algorithm has been ascer-
tained in the benchmark test, the reliability of RQMS
sequencing now depends on the validity of the linear combi-
nation model assuming that any copolymers can be approxi-
mated by linearly mixed sequence-defined copolymers (Fig. 1A).
To verify this assumption, we began with M/S triad sequencing
because the alternating copolymer (MS); is exceptionally syn-
thesizable® (also see Fig. S77), which allowed us to compare the
inferred and measured (MS); spectra. A dataset of 30 M/S
random copolymers quickly prepared via free-radical copoly-
merization (data S3) was subjected to RQMS, outputting five-
basis spectra (Fig. 3). They were attributable to (MMM);, (MMS),,
(MS);, (SSM);, and (SSS); based on the proton-adducted triad
peaks at 301, 305, 305/309, 309, and 313 m/z reflecting the
molecular weight difference between M (100) and S (104). The
peak distributions are rational; e.g., (MMS), generates only MSM
and MMS triads at 305 m/z with the absence of the other triad
peaks at 301, 309 and 313 m/z. Furthermore, the inferred and
observed (MS); spectra showed good consistency. (MS); theo-
retically consists of an equivalent number of MSM and SMS

© 2023 The Author(s). Published by the Royal Society of Chemistry
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triads; nevertheless, regioselective thermal cleavages and indi-
vidually different ionization efficiencies biased the peak inten-
sities (SMS > MSM). Such coefficients were inexplicitly learned
and embedded into the basis spectrum by the RQMS algorithm,
allowing the precise basis inference. Note that the observed
(MS); spectrum was not included in the dataset and never used
for the basis inference. This elucidated that the spectra of
sequence-defined copolymers were accurately inferable only
from a random copolymer dataset. No explicit instructions
specifically oriented to sequencing were implemented in the
RQMS algorithm, justifying the assumed linear combination
model for reducing sequencing to compositional analysis
(Fig. 1A).

Basis inference for ternary triad
sequencing

For triad sequencing, J-multi (J = 3) monomer systems require
the basis number K = ;C; + 3;C, + ;C;. The three terms corre-
spond to ternary, binary, and unary triad codons. We here
demonstrate M/S/poly(butyl acrylate) (B) ternary triad
sequencing, based on a dataset of 4 terpolymers and 80 binary
copolymers (data S4). The output 13 basis spectra, including
ternary-alternating (MSB); basis, were rational spectra with
consistent peak positions (Fig. S8f). In contrast to NMR
sequencing, which is limited to J = 2, RQMS sequencing has no
limitations for J thanks to the data-driven nature.

Binary pentad sequencing

S/B binary pentad sequencing necessitated a more careful
dataset design based on the monomer-reactivity ratio (Fig. S9F).

© 2023 The Author(s). Published by the Royal Society of Chemistry

Based on the 80 S/B binary copolymers (data S5), RQMS output
nine basis spectra of pentad codons with reasonable peaks
(Fig. 4A). The output tetrad/triad distributions were also
appropriate; e.g., (BBBSS); and (BBSBS); spectra showed
a pentad peak at identical positions (593 m/z for the proton
adduct and 607 m/z for the ammonium adduct), but showed
triad peaks at different positions owing to the presence or
absence of the BBB triad (385 m/z). As another example, (SB);
had two pentads of BSBSB (607 m/z) and SBSBS (569 m/z),
a single tetrad of BSBS (479 m/z) and two triads of BSB (361 m/z)
and SBS (337 m/z).

After the basis inference, spectral deconvolution is con-
ducted by sequentially projecting the target spectrum X; onto
the inferred basis spectra (see the ESI “Sequential projection of
a target pyrolysis-MS spectrum”t for the detailed procedure).
The basis spectra are peculiar to the monomer combinations
and invariant to polymerization conditions such as catalytic
systems. Therefore, a different polymerization technique can be
employed for the target copolymer synthesis from the one used
for dataset preparation; e.g., the dataset and target copolymers,
respectively, can be synthesized by simple free-radical copoly-
merization and living copolymerization. Furthermore, impurity
signals on the target spectrum would be automatically filtered
out when being projected onto the basis spectra, allowing semi-
real-time direct sequencing from the polymerization solution
without any chemical purification. By coupling with reversible
addition-fragmentation chain-transfer (RAFT) polymerization
using 2-(dodecylthiocarbonothioylthio)-2-methylpropionic acid
(DDMAT) as a RAFT agent,"*® varying codon distributions along
the main chain were monitored (Fig. 4B and C). We selected S/B
copolymers as targets, since their B-centered triad fractions can
be obtained via NMR as well by decoupling their tacticity,”

Chem. Sci., 2023, 14, 5619-5626 | 5623


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d2sc06974a

Open Access Article. Published on 20 March 2023. Downloaded on 7/14/2025 4:41:26 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Chemical Science

SSB BBS
SSS SBS BSB BBB

(BBBBB),

View Article Online

Edge Article

BBSS
SSSB BSBS BBBS

i | i BBBB BBBBB

(BBBBS), BBBES
PRI | WU, OO FPORTYOU PR lh u. ..L B e (T PRy L e [ _.Ll*k_
‘ BBBSS
R
(BBSBS), 3 BBSBS
" e L S llL : i - - A
(SB), | 3 ; SBSBS BSBSB
el Lu. el s j " nhl_lj. W W
(SSBSB), j ‘ : SSBSB
ahe il M.& (e L s e ..L | . .
1 SSSBB
|
SSSSB
CRIREIT | TRy o
SSSSS
= |
200 300 400 500 600  (m/z)
0.4 C| 1.0+
—@— RQMS
---A--- NMR
0.8-sBs ——— Alfrey-Mayo
< S -
S B
3 8 06-
£ BBSBS N
£ 02 8
8 =
c 5 0.4
$ BS -
[0]
- 9
as] .
BBBBS 0.2 .
e
BBB o¢—* i
0- 04— — A4 A -
| [ T I | 1 T T T
0 20 40 60 80 100 Jo 40 6o 80 100

Conversion (%)

Fig. 4 S/B pentad sequencing. (A) Nine inferred basis spectra. (B and C)

Conversion (%)

Sequence modulation along the main chain of living copolymers (S/B

monomer feed ratio: 1/1). Polymerization conditions: [Slo/[Blo/[DDMATI]o/[AIBN]g = 20/20/0.2/0.06 mmol in 1,4-dioxane 2 mL at 70 °C. SSSSS,
SSSBB, BBBSS, and BBBB were negligible (<1%) and not shown. (B) The pentad codon fractions inferred via RQMS were downgraded to the triad
fractions (C) to make the analytical results comparable to the NMR results and Alfrey—Mayo prediction.

allowing result verification (Fig. S10%). Reflecting the lower
monomer reactivity of B as compared to S, the fractions of B-
rich codons such as BBBBS and BBSBS increased as the copo-
lymerization progressed (Fig. 4B). To verify this pentad
sequencing result, the RQMS pentad fractions were down-
graded to B-centered triad fractions (Fig. 4C, also see the ESI
“Downgrading the S/B pentad-fraction”t), so that the RQMS
sequencing result can be compared with NMR observations and
theoretical predictions from the Alfrey-Mayo equation based on
the monomer-reactivity ratio (s, ) = (0.70, 0.17)*® (see the ESI
“Prediction of sequence distribution from the monomer reac-
tivity ratio”t). The modulation of the B-centered triad fraction
throughout the polymerization was consistent between the
RQMS and theoretical prediction (Fig. 4C, the gap was within
5%), suggesting the validity of RQMS sequencing. On the other
hand, a significant gap between RQMS and NMR was observed

5624 | Chem. Sci,, 2023, 14, 5619-5626

for BBS and BBB codon fractions. We cannot explicitly conclude
which method was more accurate; however, NMR sequencing
seems to have failed to capture the increasing trend of the BBB
codon at the final polymerization stage, which was predicted by
theory reflecting the lower monomer reactivity of B as compared
to S. This could be attributable to the large peak fitting error in
the NMR spectrum as shown in Fig. S10, which may over-
estimate the BBS fraction and underestimate the BBB fraction.

Conclusions

In this paper, we proposed a sequencer determining the codon
compositions of synthetic copolymers where polymer
properties/functions could be encoded. Despite the lack of pure
constituent codon spectra, unsupervised learning of random
copolymer spectra allowed identification and quantification of

© 2023 The Author(s). Published by the Royal Society of Chemistry
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the codons in the analyte. Unlike the conventional NMR
sequencing, our method seems to have no restrictions on the
applicable monomer combinations; nevertheless, sequencing
of depolymerization-susceptible copolymers would be chal-
lenging. This is because a perfect depolymerization into single-
monomer units would leave no clues of the original sequence.
Such depolymerization would rarely occur in reality, since
pyrolysis is conducted under ambient air. However, we already
found that sequencing of methacrylic copolymer with a very
bulky side-chain, such as adamantane groups, was challenging
owing to the depolymerization issue even if pyrolysis was con-
ducted under air. To aid such a problematic monomer chem-
istry, we are further developing an analytical system and
algorithms. In this paper, we demonstrated that in versatile
vinyl monomer systems the simplest codon compositions of
binary triads were accurately determined with very small data-
sets (N ~ 30). Thanks to the data-driven feature, the composi-
tions of higher complex codons, e.g., binary pentads and ternary
triads, were also accessible with the expanded datasets (N ~ 80),
which was beyond the analytical limit of conventional NMR
sequencing. More complex codons would be accessible by
further expanding the dataset. For stress-free preparation of
a large dataset, feeding continuously changed monomer
composition into a flow polymerization reactor seems very
promising.* Since random copolymers now become describ-
able with their codon compositions, codon-property correla-
tions can be quantitatively analyzed in the framework of
material informatics.?® Furthermore, our semi-real-time
sequencing directly applicable to growing copolymers in
a polymerization solution would allow practical sequence-
controlled polymerization in tandem with autonomous self-
optimizing reactors.'* Overall, the proposed sequencer would
facilitate sequence engineering towards innovative polymer
materials.
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