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ABSTRACT

Block copolymers play a vital role in materials science due to their diverse self-assembly behavior. Traditionally, exploring the
block copolymer self-assembly and associated structure-property relationships involve iterative synthesis, characterization, and
theory, which is labor-intensive both experimentally and computationally. Here, we introduce a versatile, high-throughput work-
flow toward materials discovery that integrates controlled polymerization and automated chromatographic separation with a
novel physics-informed machine-learning algorithm for the rapid analysis of small-angle X-ray scattering data. Leveraging the
expansive and high-quality experimental data sets generated by fractionating polymers using automated chromatography, this
machine-learning method effectively reduces data dimensionality by extracting chemical-independent features from SAXS data.
This new approach allows for the rapid and accurate prediction of morphologies without repetitive and time-consuming manual
analysis, achieving out-of-sample predictive accuracy of around 95% for both novel and existing materials in the training data set.
By focusing on a subset of samples with large predictive uncertainty, only a small fraction of the samples needs to be inspected
to further improve accuracy. Collectively, the synergistic combination of controlled synthesis, automated chromatography, and
data-driven analysis creates a powerful workflow that markedly expedites the discovery of structure—property relationships in
advanced soft materials.
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1 | Introduction

Block copolymers are an important class of materials known
for undergoing self-assembly into well-defined nanostructures,
underpinning their use in applications including drug delivery,
high-performance materials, and advanced electronics [1, 2].
Self-assembly into a variety of nanostructures, including body-
centered cubic spheres (BCC), hexagonally packed cylinders
(HEX), double gyroid networks (GYR), and lamellae (LAM),
can be precisely tuned by various parameters including block
chemistry, volume fraction (f), molecular weight (M,), and
architecture [3]. More recently, Frank-Kasper phases, hexago-
nally close-packed spheres, hierarchical X-in-Y structures, and
complex network phases have been discovered in block copo-
lymers, highlighting the ever-expanding palette of potential
morphologies and properties achievable in this class of soft ma-
terials [4-8].

Traditionally, studying the phase behavior of block copolymers
is laborious, involving iterative synthesis across many differ-
ent compositions and molecular weights, coupled with charac-
terizing each distinct material using tools such as small-angle
X-ray scattering (SAXS). The complexity of this approach is
underscored by the need for rigorous peak indexing of each
SAXS pattern to accurately determine a given structure, which
is complicated by issues including poor long-range order, miss-
ing reflections (i.e., form-factor minima that suppress allowed
reflections), limited peak resolution, sample purity, coexisting
phases, and extraneous atmospheric scattering [9-13]. At best,
analyzing SAXS data sets is time-consuming and slow; at worst,
the aforementioned issues cause challenges that only an expert-
level understanding of X-ray theory can help resolve. The con-
siderable complexity, time, and effort required to accurately
identify nanostructures formed by block copolymers—and other
materials—is compounded by an expansive parameter space,
highlighting the potential utility of a workflow that accelerates
the study of new materials, ideally in a fashion that is accessible
to researchers from many different backgrounds.

Thinking about solutions to such experimental bottlenecks
can find inspiration from recent advances in computation and
theory. In many ways, similar issues are encountered with the
de-facto tool for simulating block copolymer phase behavior,
such as self-consistent field theory (SCFT) and coarse-grained
model [14-20]. Yet SCFT and other simulation approaches rely
on idealized parameters and assumptions that may not capture
the distinct phase behaviors of block copolymers with different
monomers. In addressing these challenges, recent advances
in machine learning have created new opportunities to au-
tomate structural analysis by detecting patterns in data sets
with high dimensionality [21-24]. For example, Jayaraman
and coworkers developed a high-throughput machine learn-
ing enhanced computational method which analyzes SAXS
patterns to reconstruct real-space 3D structures of materials
[25-27]. Pozzo and colleagues introduced an algorithm which
analyzes the shape of SAXS profiles to automatically generate
phase maps [28]. Furthermore, Olsen and colleagues leveraged
a random forest model to analyze the phase behavior of diblock
copolymers using experimental data mined from literature [29].
While Olsen's method is effective in predicting phases of ex-
isting polymers in the database, this method, which we refer

to as a chemistry-dependent random forest (CD-RF), relies on
chemical-specific features, such as monomer identity, volume
fraction, molecular weight, and temperature, which limits the
predictive accuracy of phases formed by new monomers that
are not in the database.

Here, we build on these advances and report a machine-learning
method that rapidly, automatically, and accurately determines
the morphology of block copolymers SAXS data to enable real-
time data analysis. Unlike conventional machine-learning meth-
ods for analyzing SAXS data that process the full intensity curve
without explicit noise filtering, our approach is informed by X-
ray scattering theory and automatically extracts pivotal physics-
informed morphological features from the reduced 1D intensity
scattering pattern to construct a universal classification model
and enable real-time data analysis for researchers. Statistically,
our method introduces two major innovations. First, by mod-
eling each intensity curve with a Gaussian process [30, 31], we
incorporate experimental uncertainties across different wave
vector magnitudes, g. Second, by integrating the physical princi-
ples of X-ray diffraction, we enhanced the effectiveness and ac-
curacy of our predictive models. X-ray diffraction measures the
power spectrum of the Fourier transform of the sample's elec-
tron density. Thus, details of a sample's phase and nanostructure
manifest most prominently as diffraction peaks in the X-ray data
profile; where the g-location of the strongest peak, peak width,
and peak locations of all peaks with respect to the primary peak
are the most important features with direct physical signifi-
cance. With this knowledge, full-intensity curves were instead
transformed into a small set of informative features, dramati-
cally reducing the required size of the training set.

The combination of advanced statistical modeling and informed
feature reduction significantly enhances the robustness and re-
liability of our predictive model for accelerating materials dis-
covery. Our machine-learning process is structured into three
stages: filtering the noise of intensity curves with a Gaussian
process, detecting peaks and extracting crucial curve features,
and applying a classification model, such as random forest [32],
bagging [33], and gradient boosting [34] for material phase
prediction. Importantly, we couple this new physics-informed
machine-learning algorithm with a powerful experimental
technique recently developed by our groups—automated chro-
matography—that yields a large set of well-defined and purified
block copolymers from a very small number of as-synthesized
samples [6, 7, 11, 35-38]. A notable advantage of this separa-
tion process over traditional iterative synthesis is its ability to
remove homopolymer impurities and reduce the dispersity of
each fraction compared to the as-synthesized parent block co-
polymer, enhancing the purity and reproducibility of fraction-
ated samples’ morphologies. Together, this combined workflow
minimizes the synthetic burden of creating comprehensive and
systematic sets of training data that were used to evaluate the
accuracy and predictive capabilities of the machine-learning
framework. Notably, this method achieves approximately 95%
predictive accuracy across a variety of block copolymer chemis-
tries, molecular weights, domain spacings, and nanostructures,
including both new and existing materials in the training data
set, which is much higher than other alternative approaches.
Furthermore, this method can further identify and correct
data that was initially mislabeled as a result of human error

20f8

Journal of Polymer Science, 2025

9sULDIT suowwio)) aanear)) ajqeorjdde oy Aq pauroAoT are so[onte v asn Jo sajni 10y A1eiqry auruQ A3[IAY UO (SUONIPUOD-PUE-SULIA)/W0d Ad[1m Areiqijaur[uo//:sdny) suonipuoy) pue sua 1, 2yl 23S "[§z07/10/L7] uo Areiqi aurjuQ A1 ‘erutojie)) JO Ausioatun £q €90 1+202'10d/2001°01/10p/wod Aaim Areiqiaurjuo,/:sdpy wolj papeoumo( ‘0 ‘691++97



based on quantified uncertainty of the prediction. After scru-
tinizing about 15% of the data with the highest uncertainty in
predictive labels, the accuracy of our method approaches nearly
100%, marking a crucial advancement toward automated, high-
throughput laboratories integrated with SAXS systems [39, 40].
The data and code used in this paper are publicly available
(https://github.com/UncertaintyQuantification/automated_
polymer_phase_identification).

2 | Results and Discussion
2.1 | Generating Block Copolymer Libraries

To evaluate the efficacy of our new machine-learning algorithm
as applied to analyzing small-angle X-ray scattering data, we lever-
aged a large experimental data set (364 SAXS patterns) spanning
four different block copolymer chemistries with systematically
varying molecular weights and volume fractions as derived from
automated chromatography. Note that we recently reported the
phase behavior of these materials, which was manually deter-
mined by painstaking analysis of each individual SAXS pattern;
these experimental phase portraits are reproduced in Figure 1
[11]. Each material is a diblock copolymer with a poly(dodecyl ac-
rylate) block connected to one of four semi-fluorinated acrylates;
we denote the volume fraction of the semi-fluorinated block in
each case by f. Four classes of AB diblock copolymers with in-
creasing degrees of fluorination were synthesized via sequential
photo-initiated atom transfer radical polymerization: poly(dodecyl

acrylate)-b-poly(2-fluoroethyl acrylate) (D-1F), poly(dodecyl
acrylate)-b-poly(2,2,3,3,3-pentafluoropropyl  acrylate) (D-5F),
poly(dodecyl acrylate)-b-poly(1H,1H,2H,2H-nonafluorohexyl ac-
rylate) (D-9F), poly(dodecyl acrylate)-b-poly(2,2,3,3,4,4,5,5,6,6,7,7-
dodecafluoroheptyl acrylate) (D-12F). Readers interested in the
experimental details of the synthesis and chromatographic sepa-
ration are referred to our previous publication and the Supporting
Information [11].

2.2 | Filtering and Feature Extraction

Automated chromatography yielded an extensive library of ma-
terials with high-quality self-assembly across a wide range of
volume fractions (fp =0.02 —0.80). Representative scattering
patterns from six distinct morphologies (disordered (DIS), BCC,
o, HEX, GYR, and LAM) are plotted in Figure 2, where the blue
curve represents the scattering intensities after noise filtration
via a twice differentiable Gaussian process with a Matérn kernel
[41]. We have innovated an approach that integrates experimen-
tal uncertainties in filtering and denoising with minimal com-
putational demand, which is crucial for processing experimental
data. In X-ray diffraction, certain peaks may be absent or sup-
pressed due to factors like poor resolution or limited long-range
order. For example, the o pattern typically requires synchrotron-
level capabilities to resolve its intricate diffraction pattern often
comprised of circa 48 distinct peaks, whereas using traditional
bench-top SAXS instruments would impart significant peak
broadening despite analyzing the same nanostructure [4].

O_
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o GYR
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FIGURE1 | Alibrary of 364 well-ordered diblock copolymers derived from the synthesis and separation of only 16 parent copolymer samples was
used to evaluate the machine-learning algorithms developed herein. These data sets were recently reported in Physical Review Materials and are re-

produced here for clarity [11]. Overall block copolymer molecular weight is denoted by M,,. Volume fraction of the semi-fluorinated block is denoted

by f. Color indicates the morphology as determined by manual analysis of SAXS data.
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Excessive smoothing can obscure these critical small or over-
lapping peaks, whereas insufficient smoothing might misinter-
pret noise as peaks. The smoothing level in Gaussian process
regression is controlled by the range and nugget parameter of
the covariance [42], which are determined using the maxi-
mum likelihood estimate from all DIS samples in our data set.
Comprehensive details on the formulae for smoothing and peak
detection are provided in the Supporting Information.

Figure 3a shows a t-distributed stochastic neighbor embedding
(t-SNE) plot of logarithmic SAXS intensities curves [43], where
each point represents an individual curve, color-coded by mor-
phology. Utilizing the entire 1D intensity scattering curves
leads to poor separation in t-SNE visualization, likely due to
subtle differences in overall scattering patterns across various
morphologies as well as baseline noise interference. To address
these challenges, we employ X-ray scattering theory to construct
physics-informed morphological features (PIMF), which are
automatically extracted and input into the machine-learning
model rather than using the full scattering curve. Specifically,
the analysis of the location of the first three peaks proved highly
diagnostic of distinct morphologies. Figure 3b,c, respectively,
show the first primary scattering peak location against the
ratio between the first and second peaks and the ratio between

DIS

the second and third peaks. These plots illustrate that physics-
informed features, such as ratios between peak locations, facil-
itate a more effective structural determination than traditional
methods which analyze the entire scattering curve. These re-
fined features—the location of the first primary scattering peak
and pairwise ratios of the first three peak locations—hold par-
ticular significance for researchers seeking to analyze novel ma-
terials that may lack extensive long-range order. We limit our
analysis to the first three peaks here, as using fewer yields insuf-
ficient information and extending beyond often proves impracti-
cal, given that over 30% of samples lack a fourth peak, leading to
less accurate classification.

In addition to peak locations, the width and sharpness of the
peaks are also critical for identifying morphologies in block
copolymers. Typically, disordered samples exhibit a single
broad and low-intensity peak, whereas ordered block copoly-
mers often display multiple well-resolved and sharp reflections.
However, there are instances, such as in HEX, BCC, and ¢
phases, where a single peak might emerge due to overlapping
peaks or being close to the order-disorder boundary. To address
these challenges, we include in our model the width of the first
primary scattering peak and its sharpness, measured by the
second derivative of the peak.
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Our approach effectively reduced the original intensity curves to
six salient features: the pairwise ratio of the first three peak loca-
tions, and the location, width, and sharpness of the first primary
scattering peak. These physics-informed features substantially
simplify the high-dimensional scattering intensity patterns to
enable facile structure determination. Importantly, these fea-
tures are independent of the specific chemical composition of
the material, underscoring the versatility of this approach as a
universal algorithm for phase identification in a wide range of
block copolymers. Including more morphologically relevant fea-
tures can improve predictive accuracy in similar tasks, whereas
adding a large number of less informative features may also de-
grade the predictive accuracy of the model. Significantly, this
method’s ability to extract essential morphological information
from scattering patterns enables its broad applicability across a
diverse chemical landscape extending to various block chemis-
tries, molecular weights, disparities, number of blocks, and poly-
mer architectures. Notably, well-ordered materials of a specific
morphology exhibit identical series of scattering reflections,
regardless of polymer identity. The q values of these reflections
may shift based on polymer molecular weight, but the overall
pattern remains consistent. By removing the impact of specific
chemical characteristics, our model offers a powerful tool for an-
alyzing diverse block copolymer systems efficiently.

2.3 | Phase Identification of New Block Copolymer
Chemistries

To demonstrate the effectiveness of our method with PIMF in
rapidly analyzing novel block copolymers, we first trained our
model using manually identified SAXS patterns from three
block copolymer chemistries to predict the morphologies of
a fourth material group. Due to the increased conformational

asymmetry of D-1F and D-5F block copolymers, these materials
exhibit a window of o stability that vanishes in more conforma-
tionally symmetric D-9F and D-12F materials [11]. Holding out
these two groups as the training data could lead to inaccurate
predictions due to the limited number of ¢ samples. Thus, we fo-
cused on two testing scenarios: using D-1F, D-5F, and D-12F to
predict the morphology of D-9F, and using the other three block
copolymer libraries to predict D-12F.

We present the results of out-of-sample prediction by the
physics-informed morphological features in the random forest
(PIMF-RF) model [32] and compare the accuracy with the CD-
RF model that relies on volume fraction, total molar mass, tem-
perature, and monomer identity of the diblock copolymers [29]
and the Curve-RF model that directly uses the original SAXS
curve. We also employ bagging and the gradient boosting model
with our feature set, which provides similar results detailed in
the Supporting Information.

Table 1 presents the classification performance of different ap-
proaches when predicting the phase behavior of group D-9F.
Notably, our approach only has two misclassifications out of 57
samples, significantly outperforming the 22 and 38 misclassifi-
cations observed in the CD-RF and Curve-RF methods, respec-
tively. Compared with using the entire SAXS curve as the input
in the Curve-RF method, the six physically formed features in
PIMF-RF are informative in reducing the high dimensionality of
the SAXS curve, and they lead to much higher accuracy in pre-
dictions. Furthermore, the CD-RF approach does not rely on the
use of SAXS data, and it is shown to be accurate for predicting
phases with monomers that appear in the training data set [29].
The results indicate that the automated analysis of SAXS data
in PIMF-RF effectively enhances the accuracy of predicting the
phase of the novel monomers not in the training data set.

TABLE1 | Prediction results of random forest models on predicting D-9F block copolymer morphologies using PIMF-RF, CD-RF, and Curve-RF.

Pred DIS BCC c HEX GYR LAM # Misclassified
PIMF-RF
True DIS 10 1 1

HEX 12 0

GYR 7 0

LAM 1 26 1
CD-RF
True DIS 4 2 5 7

HEX 12 0

GYR 7 7

LAM 4 4 19 8
Curve-RF
True DIS 10 1 1

HEX 8 2 2 10

GYR 2 3 2 7

LAM 11 9 7 20
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The RF model classifies phases based on the predicted proba-
bility for each phase, where the phase with the highest proba-
bility is selected as the predicted outcome. The low maximum
predicted probability indicates high uncertainty of the method,
which can be used to control the predictive error [44]. Figure 4a
represents the maximum predicted probabilities for all test sam-
ples, overlaid on violin plots that illustrate the distribution of
these probabilities [45]. The plot reveals that the two misclas-
sified samples in group D-9F have probabilities below 0.55,
indicating low prediction confidence. Conversely, correctly clas-
sified samples generally display maximum probabilities exceed-
ing 0.7, demonstrating a higher confidence level. This pattern
suggests that inspecting a small subset of test samples with low
maximum predicted probabilities could enhance the accuracy
close to 100 %, which will substantially reduce the manual re-
view workload compared to examining all samples.

(a)1.01
8
& 0.8+
3
= 0.61
< O———
Correct Incorrect

Subsequently, we applied the same PIMF-RF approach to predict
the morphologies of the D-12F block copolymer library with the
classification results detailed in Table 2. Of the 91 D-12F block
copolymers, only three are inaccurately predicted, an improve-
ment over the CD-RF [29] and Curve-RF approaches, which
misclassify 21 and 71 morphologies, respectively. Figure 4b
shows that the maximum predicted probabilities of three mis-
classified samples in the D-12F library are all below 0.5, rein-
forcing the earlier observation that reviewing samples with low
predicted probabilities can reduce prediction errors of our ap-
proach. Significantly, our PIMF-RF model accurately identifies
the morphology of 142 out of 147 block copolymers (96.6 % ac-
curacy) consisting of novel monomers not present in the train-
ing data set, highlighting the power of this synergistic approach
combining machine learning with automated chromatographic
separation toward accelerated materials discovery.

(b) 1.0
o)
© 0.8
o
306
s 0.6
oal ==
Correct Incorrect

FIGURE4 | Maximum predicted probability for correctly and incorrectly predicted morphologies for (a) the D-9F block copolymer library; (b) the

D-12F block copolymer library using PIMF-RF.

TABLE 2 | Results of random forest models on predicting D-12F block copolymer morphologies using PIMF-RF, CD-RF, and Curve-RF.

Pred DIS BCC o HEX GYR LAM # Misclassified
PIMF-RF
True DIS 12 0

BCC 5 0

HEX 3 36 3

GYR 2 0

LAM 33 0
CD-RF
True DIS 8 1 3 4

BCC 4 1 4

HEX 4 1 29 1 4 10

GYR 1 1 2

LAM 1 32 1
Curve-RF
True DIS 9 2 1 3

BCC 3 2 5

HEX 8 1 6 5 19 33

GYR 1 1 2

LAM 6 22 5 28
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FIGURES5 | Maximum predicted probability for correctly and incorrectly predicted samples of all diblock copolymers using the physics-informed
features for (a) the original samples; (b) revised samples after correcting three mislabeled detected by our method.

2.4 | Phase Identification of Mixed Block
Copolymer Chemistries

To further evaluate the robustness of our high-throughput anal-
ysis method under diverse training conditions, we combined all
four classes of diblock copolymers and implemented a five-fold
cross-validation strategy. The data set was randomly divided
into five folds, with each iteration using four-folds for training
and one-fold for testing. Employing the PIMF-RF approach re-
sults in 25 misclassified morphologies out of 364. Upon careful
review, we found three block copolymers initially mislabeled
during manual morphology assignment were identified and
correctly predicted by our approach. These three SAXS patterns
are shown in the Supporting Information. Figure 5a displays
the maximum predicted probabilities for all morphologies,
with mislabeled materials highlighted in red. We retrained our
model of the revised data set after correcting these labels, and
the number of misclassified morphologies using our PIMF-RF
method reduced to 20, which is much smaller than the 62 mis-
classifications observed with the CD-RF approach [29] and 85
misclassified samples in Curve-RF approach using the same
training data. Detailed results are provided in the Supporting
Information.

Figure 5b presents the violin plot of the maximum predicted
probabilities of all held-out test samples by the PIMF-RF
method. Analysis shows that when using a threshold of 0.6 for
the predicted probabilities, we need to examine only 32 SAXS
patterns (9% of the data) to achieve a predictive accuracy of
98.4%. Increasing this threshold to 0.8 requires inspecting 69
samples (19% of the data), which results in remarkably accurate
predictions with 100% accuracy. This pattern suggests that stra-
tegically examining a small subset of SAXS patterns with lower
predicted probabilities enables the ML approach to attain high
predictive accuracy.

3 | Conclusions

In summary, we have developed a high-throughput, material-
independent workflow for characterizing the morphology
of unidentified block copolymers using a physics-informed
machine-learning algorithm that rapidly analyzes SAXS
data. Leveraging automated chromatography and controlled
polymerization to generate high-quality and expansive data
sets for training, our novel machine-learning approach rap-
idly extracted 1D scattering patterns and achieved a remark-
able 95% accuracy in identifying the nanoscale morphologies
of diblock copolymers for new monomers not in the training

data set. By integrating this automated synthesis method
with advanced feature extraction and uncertainty analysis by
machine-learning techniques, we established a robust, high-
throughput framework to enhance the predictive accuracy and
efficiency of analyzing polymer phase behavior. This advance-
ment paves the way for accelerated materials discovery and a
deeper comprehension of structure-property relationships in
soft materials. This research inspires several directions, in-
cluding predicting a new phase rarely appearing in the train-
ing data and inverse design to achieve a given polymer phase
by optimizing chemical identity, composition, and external
conditions. This approach is not limited to diblock copolymers
but also holds the potential for extension to higher-order mul-
tiblock copolymers and non-linear architectures, indicating its
broad applicability in materials science. We envision that the
synergy between laboratory automation and machine learning
will further catalyze the development of laboratories of the fu-
ture, ushering in new possibilities for research and innovation
in polymer science.

Data Availability Statement

All curated data are available in the manuscript or the Supporting
Information. The data and code that support the findings of this study
are openly available in GitHub at: (https://github.com/Uncertaint
yQuantification/automated_polymer_phase_identification).
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