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Abstract

Gel permeation chromatography (GPC) is a generally applied method for the mass analysis of
various polymers and copolymers, but it inherently fails to provide additional important
information such as the composition of copolymers. However, we will show that GPC
measurements using different solvents can yield not just the correct molecular weight, but the
composition of the copolymer. Accordingly, artificial neural networks (ANNs) have been
developed to process the data of GPC measurements and determine the molecular weight and
the chemical composition of the copolymers. The target values of the ANNs were obtained by
matrix-assisted laser desorption/ionization time-of-flight mass spectrometry (MALDI-TOF
MS) and nuclear magnetic resonance (NMR) spectroscopy. Our GPC — ANN method is
demonstrated by the analysis of various poloxamers, i.e., polyethylene oxide (PEO) -
polypropylene oxide (PPO) block copolymers. Two ANNs were constructed. The first one
(ANN 1) works in a wider mass range (from 900 Dalton to 12500 Dalton), while the second
one (ANN_2) produces more output values. ANN 2 can thus predict seven characteristic
copolymer parameters, namely two average molecular weights, the average weight fraction of
the EO unit, and four average numbers of the repeat units. The correlation between the
experimentally obtained outputs and the predicted ones is high, » > 0.98. The accuracy of the

ANN:s is very convincing, both ANNs predict the number-average molecular weight (M,,) with
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an accuracy below 5%. Furthermore, this work is the first step for creating an open database

and applications extending the use of the GPC—ANN method for the analysis of copolymers.

Keywords: gel permeation chromatography (GPC), copolymer characterization, machine

learning, artificial neural network, mass spectrometry

Introduction

The structural and functional versatility of copolymers with unique properties offers the
opportunity for their diverse applications in various fields. Therefore, the synthesis and
characterization of these complex polymeric systems have recently attracted extensive research
interest. Functional block copolymers with desired architecture can now be synthesized by
controlled/“living” radical polymerization techniques such as atom transfer radical
polymerization (ATRP)!-3, stable free-radical polymerization (SFRP) 4, and reversible addition-
fragmentation chain transfer (RAFT) polymerization 7. The development of advanced
functional materials requires not only the emergence of novel synthetic methods but also further
inventions in polymer/copolymer characterizations. Thus, to understand the structure-property
relationships of copolymers and to tailor their functionalities and properties, comprehensive
and accurate characterization of such complex chemical systems is of paramount importance 3.
However, due to their chemical diversity and structural complexity, the characterization of
copolymers is very challenging. The copolymers are complex chemical systems that can be
characterized by distributions of at least two different types of repeat units, their molecular
weight, chemical composition, and chain architecture. Furthermore, the analysis of novel
functional copolymers requires special evaluation methods rendering their detailed
characterization labor-intensive and time-consuming °-'3. Moreover, mass spectrometry and
hyphenated techniques enable the detailed characterizations of such complex copolymer
systems 416 but the interpretation of the results (e.g. the mass spectra with a huge number of
m/z peaks) necessity the use of special data mining techniques or computer software tools !7-2!,
Other molecular-weight determination methods such as light scattering, viscosimetry, and
nuclear magnetic resonance (NMR) spectroscopy can measure only the average, bulk properties
of polymers.

Gel permeation chromatography (GPC), or size exclusion chromatography (SEC), is generally

applied for the characterization of polymers. GPC is, however, a relative method meaning that
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the molecular weight and molecular weight distribution can be obtained from the calibration of
the instrument with known standards. Its speed, simplicity, and relatively low cost of operation
make GPC the most widely used method for molecular weight distribution analysis of
polymeric systems. However, GPC has limitations for the characterization of copolymers as it
separates the molecules according to their hydrodynamic radius that depends not only on the
molecular weight but also on the chemical composition of the copolymer, i.e., the molar ratio
of the co-repeating units and their sequence in the macromolecule. Therefore, copolymer
fractions with different molecular weights and different chemical compositions may co-elute
2223 Although GPC with multiple detectors can resolve this problem, however, it requires an
independent detector signal for each type of repeating unit. Furthermore, the hydrodynamic
radius of the copolymers also depends on the solvent used for separation and the chemical
composition of the copolymer. Therefore, to adequately characterize such copolymer systems,
the solvent-polarity — molecular mass — composition — hydrodynamic volume relationship
should be established, which is, however, not feasible. As an alternative approach, machine
learning (ML), an artificial intelligence (AI) method, can be used. By ML, the hidden trends
and relationships in data can be discovered for solving complex problems. 24. Machine learning
methods can be divided into two broad categories: supervised learners and unsupervised
learners. Supervised learning develops a predictive model based on both input and output data
by using training data with known labels 2> 26, For example, a model is created performing a
regression fit for predicting the average molecular weight of a polymer, where all the training
data have a known average molecular weight. On the other hand, unsupervised learning
methods analyze and cluster unlabeled data based only on inputs. Artificial neural network
(ANN) is one of the most widely used methods in machine learning, which mimics the cognitive
process of the human brain. ANNs model neurons of a biological nervous system as
mathematical functions which are connected by weighted links 2.

Artificial neural networks (ANN) are employed for diverse and complex tasks in the field of
chemistry spanning from molecular simulation and analytical chemistry to prediction and
design of chemical reactions, metabolic engineering and drug discovery, and so forth 26-3,

In this article, we report a new efficient GPC-ANN-based method for the characterization of
copolymers. Artificial neural networks have been developed that process the data of three
independent GPC measurements and determine the molecular weight and chemical

composition of the copolymers.
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Experimental Section

Chemicals

Copolymers and homopolymers produced by BASF were generous gifts (Ludwigshafen,
Germany). Copolymers signed (A) were received in 2006, while the others were obtained in
2021. Further samples were purchased from Merck (Darmstadt, Germany) and Fluka (Buchs,
Switzerland) details and the origin of the samples are summarized in the Supporting
Information as Table S1. Methanol (MeOH), acetonitrile (can), dimethylformamide (DMF),
tetrahydrofuran (THF), and dimethyl sulfoxide (DMSO) were received from VWR
International (Leuven, Belgium). Water was purified by a Direct-Q water system (Millipore,
Molsheim, France). In order to extend the number of samples, blends were prepared from the
poloxamer analogues and flash chromatography was applied to fractionate copolymers. The

suppliers of the samples are shown in the Supporting Information (Table S1).

Artificial Neural Network (ANN)

We developed an ANN model based on supervised learning which is the most common form
of machine learning 23738 The ANN modeling was performed using the Neural Network
Toolbox of MATLAB 2020b (The MathWorks, Inc., Natick, MA, USA). Two feed-forward
networks (ANN_1 and ANN_2) with sigmoid hidden neurons and linear output neurons were
constructed. The architecture of the ANNs will be detailed later. The networks were trained
using the Bayesian regularization algorithm. The input data were randomly divided into training
(90%) and test (10%) sets. The performance of the networks was evaluated by the mean square
error (MSE) and Pearson’s correlation coefficient () and was optimized by varying the number
of hidden neurons (1-15). When the increase of hidden neurons did not yield better
performance, the network with the smallest number of neurons at the maximum performance
was chosen.

The evaluation of the ANN was based on the entire data set (the training plus test data). The
accuracy (%) of the ANN prediction for the average molecular weights was calculated as the
average of abs(1 — predicted value/experimental target value) x 100 values for the entire data
set. In order to avoid the division by zero, the accuracy of the prediction for the EO% and the
average numbers of the repeat units were expressed as the average difference between the

experimental and predicted values.
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Matrix-Assisted Laser Desorption/lonization Time-of-Flight Mass Spectrometry (MALDI-
TOF MS)

The measurements were carried out by an Autoflex Speed MALDI-TOF MS instrument (Bruker
Daltonik, Bremen, Germany) instrument. Both reflectron and linear modes were applied. In the
reflectron mode, the ion source voltage 1, ion source voltage 2, reflector voltage 1, and reflector
voltage 2 were 19 kV, 16.65 kV, 21 kV and 9.55 kV, respectively. In the linear mode the ion
source voltage 1, and ion source voltage 2 were 19.5 kV and 18.3 kV. The mass spectrometer
was equipped with a solid-phase laser (355 nm). External calibration was applied using
polyethylene glycol and polypropylene glycol homopolymers. Trans-2-[3-(4-tert-
Butylphenyl)-2-methyl-2-propenylidene]malononitrile =~ (DCTB) matrix and  sodium
trifluoroacetate (NaTFA) ionizing agent dissolved in methanol were used for sample
preparation. The concentrations of the matrix, samples, and ionizing agents were 20 mg/mL, 10
mg/mL, and 5 mg/mL, respectively, while the mixing ratio was 25:2:1. 0.5 L mixture was

deposited on the surface of the MALDI plate and allowed to air-dry.

Gel permeation Chromatography

The gel permeation chromatographic measurements were carried out with a Waters Alliance
€2695 separation module. For detection, a Waters 2414 refractive index detector was applied
(Waters Corp., Milford, MA, USA). Three different eluents and methods were used. In the first
set, DMF was the eluent (flow rate: 0.3 mL/min, T: 42°C, run: 28 min), and the applied columns
were the following Shodex KF-603 and shodex KF-602.5 (1506 mm, Showa Denko GmbH
Munich, Germany). In the second set, THF,/DMSO/piperidine (94/5/1 V/V%) eluent was used
(flow rate: 0.5 mL/min, T: 40°C, run: 35 min), columns: Styragel HR 0.5, 1 ,2 and 4 (300x4.6
mm, Waters, Milford, MA, USA). In the third set, ACN:H,O (60/40 V/V%) was employed as
the eluent (flow rate: 0.48 mL/min, T: 40°C, run: 48 min, columns: two PolySep-GFC-P 3000
columns were coupled (length 300x7.8 mm, Agilent California, USA).

All GPC methods were calibrated by polyethylene glycol standards. Molecular weights
(determined by MALDI-TOF MS) and the origin of the standards are shown in Supporting
Information (Table S2.). Samples were dissolved in the eluents and filtered by a syringe filter

(0.45 um) prior to analysis with a concentration of approximately 10 mg/mL.

Nuclear magnetic resonance spectroscopy (NMR)
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NMR experiments were performed on a Bruker Avance II 500 MHz spectrometer equipped
with a 5 mm z-gradient TXI probe (Bruker Daltonik, Bremen, Germany). Quantitative 1D 'H
NMR spectra were obtained at 300 K with a single scan, a 90 degree 'H excitation pulse, a
spectral width of 14.97 ppm and 32768 total data points. An exponential window function with
0.3 Hz line broadening was applied to the time data before Fourier transform. Bruker TopSpin
computer software (version 2.1 and 4.1) was used for processing, baseline correction, and

integration of NMR spectra.

Results and Discussion

We demonstrate our new GPC — ANN method through the analysis of poly(ethylene oxide),
poly(propylene oxide) homopolymers and poloxamers, i.e., poly(ethylene oxide) — block -
poly(propylene oxide) — block - poly(ethylene oxide) (b-PEO—b-PPO—b-PEO) copolymers and
the reversed b-PPO—b-PEO—b-PPO structures. These amphiphilic block copolymers are
extensively used as nonionic surfactants in industrial and domestic applications ranging from
pharmaceuticals to cosmetics, and so forth 3°-#!, In the first set of our experiments, we analyzed
61 polymers (12 homopolymers and 49 poloxamers) with various number-average molecular
weights (M,,) ranging from 900 g/mol to 12500 g/mol and with different ethylene oxide (EO)
content, i.e., the different weight fractions of EO unit (EO%). The M, values were determined
by matrix-assisted laser desorption/ionization time-of-flight mass spectrometry (MALDI-TOF
MS). The average weight fractions of EO were determined by nuclear magnetic resonance
(NMR) spectroscopy. The M, and EO% values were used for the training and testing of the
ANNSs, as will be detailed later. Figure 1 shows the measured M, and EO% values for 16
representative copolymers together with the manufacturers’ specifications arranged in a 2D
plot. As can be seen in Fig. 1, for some copolymers, the measured M, and/or EO% values (blue
dots) differ from the expected ones (red dots). Additional examples of this deviation can be
found in our previous paper’!, where we also demonstrated that small variations in the
copolymer composition significantly affect the copolymer properties, for example, the
aggregation behavior of the amphiphilic block copolymers. It emphasizes the importance of

reliable copolymer characterization methods, even if their data sheets are available.
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Figure 1. The number average molecular weights (M,,, measured by MALDI-TOF MS) versus
EO wt% (determined by NMR spectroscopy) of 16 selected poloxamers.

Figure 2 shows the molecular weight distributions of the reverse triblock Pluronic RPE3110
with approximately 3500 g/mol number-average molar mass and 10 wt % EO content recorded
by GPC using three different solvents. The remarkable shifts of the distributions in Figure 2
clearly demonstrate that the hydrodynamic radius of the copolymers strongly depends on the
polarity of the solvent used. It must be noted that in some cases bimodal distribution was seen
on the GPC traces. Impurities in poloxamers were reported, however, the relatively low percent
of the impurity results in only small differences between the bulk and fractions of the main
components*’. As an example, the GPC trace of PE9400 copolymer is shown in Supporting
Information as Figure S1. Moreover, the effect of solvent polarity on the hydrodynamic radius
and thus, on the GPC results are influenced by the hydrodynamic volume and the chemical
composition of the copolymer, as it is demonstrated in Figure 3 which shows the differences
between the M, values measured by MALDI-TOF MS and GPC (with PEG calibration).
Consequently, the dependence of the GPC traces on the solvent polarity carries information on
the molecular weight distribution and the composition (e.g. block length distribution) of the
copolymers. Our idea was to construct ANN models that receive inputs from the GPC and
deliver the main copolymer characteristics as outputs. Excellent reproducibility of the GPC
measurements was obtained for the 31R1, RPE2525, PE6800, and L121 copolymers. The
standard deviation and RSD% are shown in the Supporting information (Table S3). Thus for

further analysis single injection was used.
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Figure 2. The GPC chromatogram of the RPE3110 poloxamer measured with different eluents.
The molecular weight was calculated based on the retention times by applying PEG standards
for calibration.
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Figure 3. The differences between the number-average molecular weights measured by
MALDI-TOF MS and the number-average molecular weights identified by GPC with different
eluent and PEG standards for calibration.
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First, a two-layer feed-forward ANN (ANN_I) with three sigmoid hidden neurons and two
linear output neurons was constructed (Figure 4). The network has three input variables
altogether which are the M,, values from the GPC chromatograms. The visualized summary of
the measurements and dataset for ANN [ is shown in the Supporting Information (Figure S2).
The outputs of the ANN are the predicted number-average molecular weight (M,) and the
ethylene oxide content (i.e., the average weight fraction of EO, EO%). The number of hidden
neurons was determined as detailed in the Experimental Section. The targets of the ANN were
the M, and EO% values determined by MALDI-TOF MS and NMR spectroscopy, respectively.
The polymer quantities, measured and predicted by ANN I, are summarized in the Supporting

Information (Table S4).

GPC Measurement

Mn
EO%

Solvent A
DMF 100%
Solvent B

THF 94%, DMSO 5%
Piperidine 1%

Transfer
Function:
TANSIG

Figure 4. ANN [ with a 3-3-2 architecture used for the M,, and EO% determination.

The neural network was trained, validated, and tested using the GPC, MALDI-TOF MS, and
NMR data of 61 polymers. The MATLAB regression plots displaying the network outputs
concerning targets for training, testing, and all data sets are shown in the Supporting
Information (Figure S3). Figure 5a and 5b reveal the parity plots comparing the experimental
number-average molecular weight, and the ethylene oxide content, respectively, to the

corresponding, predicted results for all data sets.
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Figure 5. Parity plot (a) between the M, experimentally obtained by MALDI-TOF MS and the
M, predicted by ANN 1, (b) between the EO% experimentally obtained by NMR and the EO%
predicted by ANN 1.

As seen in Figure 5, the correlation between the experimental and the predicted values is very
good, especially for the M, data, the Pearson’s correlation coefficients are » = 0.998 and » =
0.980 for the M, and EO% values, respectively. Moreover, the predicted M, values lie on the
diagonal line showing that ANN [ accurately predicts the number-average molecular weights
(Figure 5a). The EO% values fall fairly close to the diagonal, indicating an acceptable accuracy.
The accuracy of the ANN prediction can be quantified, as detailed in the Experimental Section.
Accuracy of 3.6% and 5.3 EO% were obtained for the M, and EO% prediction, respectively
(the latter is expressed as the average difference between the experimental and predicted
values). The paired T-tests show no significant differences between the experimental and
predicted M,, and EO% values (p = 0.84 and p = 0.95, respectively).

In the second series of experiments, 50 polymers (9 homopolymers and 41 poloxamers) with
M, up to 5000 g/mol were characterized. The lower mass range allows us the comprehensive
characterization of the copolymer composition by matrix-assisted laser desorption/ionization
time-of-flight mass spectrometry (MALDI-TOF MS) combined with our recently invented data
processing algorithm developed for the compositional assignment and the estimation of the
relative abundance of all molecular species present in the copolymer mass spectra?!. We also
determined, in addition to the usual molecular weight averages M, and M,,, the number-average
number of EO and propylene oxide (PO) repeat units (1,9, n,/°) and the weight-average

number of EO and PO units (»,£9, n,F°). The average weight fractions of EO (EO%) were also
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determined by "H-NMR. It is to be noted that detailed evaluation of the copolymer mass spectra
is not a straightforward task due to, for example, the presence of a huge number of m/z peaks,
some of them overlapped or having isobaric composition. This was one of our motives to create
ANNSs, which make GPC capable of comprehensive characterization of copolymers. The 7,29,
n, 9, n,f%and n,rO, values from MS characterization and the M, values from GPC
measurements were used for the training and testing of ANN 2. The M, M,, and EO% values

are easily derived from the training and testing data set.

nnPO
nwPO
nnEO
nwEO

) Transfer
e Function:
TANSIG

sequence

Figure 6. ANN 2 with a 4-5-7 architecture used for the detailed characterization of the

copolymers.

Figure 6 shows the architecture of the artificial neural network ANN 2. The two-layer feed-
forward ANN has five sigmoid hidden neurons and four linear output neurons. ANN 2 has four
input variables, the M,, values from GPC measurement and the flag “Block sequence”. The
outputs of ANN 2 are the predicted n,£9, n,°, n,£9, and n,r°, values. The number of hidden
neurons was determined as detailed in the Experimental Section. The targets of ANN 2 were
the n,9, n,r9, n, kO, and, n,rO results of the detailed MALDI-TOF MS characterization. ANN 2
was trained, validated, and tested using the GPC, and MALDI-TOF MS data of 50 (co)polymers
in the mass range from 900 g/mol to 5000 g/mol. The target variables (and additional copolymer
quantities) of ANN 2 are summarized in the the Supporting Information (Table S5). The
MATLAB regression plots displaying the network outputs concerning targets for training,
testing, and all data sets are shown in the Supporting Information (Figure S4). Figures 7a-7d
show the parity plots comparing the experimental target values to the corresponding predicted

results of ANN 2 for all data sets.
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Figure 7. Parity plots between the experimentally obtained (a) n,£9, (b) n,,£9, (¢) n,r9, (d) n,F°
values and the corresponding predicted values of ANN 2.

As seen in Figure 7, the correlations between the experimental and predicted values are

excellent with Pearson’s correlation coefficients greater than » = 0.98. It is also clear from

Figure 7, that the accuracy of ANN 2 is good because the predicted values lie close to the

diagonal line. The validation data are summarized in Table 1.

Table 1. Validation data of ANN 2: Pearson’s coefficient » of the correlation between the
experimental and predicted values; the accuracy of the prediction (see Experimental Section);
p-value of the paired T-test between the experimental and predicted values.

12

ACS Paragon Plus Environment

Page 12 of 19



Page 13 of 19

oNOYTULT D WN =

Analytical Chemistry

M, M,, EO0% n, o n,,FO n,F0 n,, O
r 0.988 0.987 0.990 0.996 0.995 0.983 0.983
Accuracy 4.9% 4.1% 2.3 1.6 1.6 2.2 2.2
p 0.95 0.83 0.51 0.09 0.08 0.34 0.35

* Percentage, as detailed in the Experimental.

As seen in Table 1, the quantified validation data also show a very high-quality prediction by
ANN 2, the accuracies are below 5% for the average molecular weights; the paired T-tests show
no significant differences between the experimental and predicted values.

In our previous paper, we introduced a novel copolymer quantity, namely the polydispersity
ratio (PDR) of the comonomers?!. PDR is the ratio of the polydispersity indices of the repeat
units. In the case of EO/PO block copolymers, PDR is calculated as PDR = PDIgo / PDlIpo,
where PDIzp = n,£°/n,E° and PDIpp=n,"°/n, °. As we have shown earlier?!, PDR can
predict the presence of diblock impurities in a triblock copolymer, for example, PDR > 1
indicates the presence of diblocks in the PEO-PPO-PEO poloxamers. Herein, we extend the
scope of PDR, because our ANN-based method is capable of the determination of copolymer
quantities 7,9, n,r9, n, £, and n,F° simply from the GPC results. Figure 8 demonstrates the
correlation between the percentages of the secondary OH ends measured by NMR and the PDR
values determined by our GPC-ANN method, both indicate the presence of PEO-PPO diblocks
in the PEO-PPO-PEO copolymer sample. It can also be surmised from Figure 8§ that the
presence of approximately 100% secondary OH group in the PPO-PEO-PPO copolymers is in
line with PDR = 1, i.e., suggesting also the absence of PPO-PEO diblocks.

13
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Figure 8. Correlation of the PDR values and the presence of secondary OH end-groups. The
PDR values were determined by the GPC-ANN_2 method while the secondary OH end-groups
were measured by 'H-NMR spectroscopy. 7 stands for Pearson’s correlation coefficient.

Conclusions

In this paper, we have proposed a new gel permeation chromatography—artificial neural network
(GPC-ANN) method for the detailed characterization of copolymers. The key was running
multiple GPC measurements using eluents with different polarities. The ANN was trained and
validated using the accurate chemical composition of the copolymers determined by MALDI-
TOF MS and 'H-NMR. We constructed two ANNSs, the first (ANN 1) is capable of the
characterization of copolymers with a wider mass range, the second (ANN_2) is limited up to
the masses of 5000 g/mol, but this latter provides more sophisticated copolymer
characterization. Both ANNs correlate at a very high level comparing the experimental target
values to the corresponding predicted results (the r coefficients are at least 0.98 for most of the
output variables). The accuracy of the prediction is remarkably high, e.g. for the M, it is 3.6%
and 4.9% for ANN 1 and ANN 2, respectively. The main benefit of our work is that the database
containing our GPC, MALDI-TOF MS, and 'H-NMR data can be accessed and extended with
additional experiments and thus the mass range and accuracy of our ANNs can further be

improved. All the measured data and excel documents are available making the direct
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application of the developed ANNs possible. It means that detailed characterization of a
poloxamer can be carried out by the use of three GPC methods combined with our ANNs.
Furthermore, the proposed method can easily be adopted for the characterization of other
copolymers with various structures. This work is the first step for creating an open database and

applications extending the use of the GPC-ANN method for the analysis of copolymers.

Associated content

Supporting Information

Implemented ANN _1.xlsx The implemented ANN 1 into an excel sheet, any measured data
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