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Machine learning prediction of glass
transition temperature of conjugated
polymers from chemical structure

Amirhadi Alesadi,1,3 Zhiqiang Cao,2,3 Zhaofan Li,1,3 Song Zhang,2 Haoyu Zhao,2 Xiaodan Gu,2,*

and Wenjie Xia1,4,*

SUMMARY

Predicting the glass transition temperature (Tg) is of critical impor-
tance as it governs the thermomechanical performance of conju-
gated polymers (CPs). Here, we report a predictive modeling
framework to predict Tg of CPs through the integration of machine
learning (ML), molecular dynamics (MD) simulations, and experi-
ments. With 154 Tg data collected, an ML model is developed by
taking simplified ‘‘geometry’’ of six chemical building blocks as mo-
lecular features, where side-chain fraction, isolated rings, fused
rings, and bridged rings features are identified as the dominant
ones for Tg. MD simulations further unravel the fundamental roles
of those chemical building blocks in dynamical heterogeneity and
local mobility of CPs at a molecular level. The developed ML model
is demonstrated for its capability of predicting Tg of several new
high-performance solar cell materials to a good approximation.
The established predictive framework facilitates the design and
prediction of Tg of complex CPs, paving the way for addressing de-
vice stability issues that have hampered the field from developing
stable organic electronics.

INTRODUCTION

Semiconducting conjugated polymers (CPs) are attractive organic electronic

materials for a wide range of applications due to their unique properties, such as

easy processability,1 tunable electrical performance, and mechanical flexibility

with diverse chemistry.2–9 Through the engineering of molecular structure and chain

architecture, these organic semiconductors have shown great promise in advanced

stretchable and flexible electronic devices and wearable electronics.10–14 In partic-

ular, thermomechanical behaviors of CPs are directly related to the glass transition

temperature (Tg) that governs the dynamics and thermal performance of polymer

chains. Despite tremendous efforts, design and prediction of Tg remain notably chal-

lenging for CPs due to their complex chain architecture associated with diverse

‘‘donor-acceptor’’ (D-A) chemical building blocks. The highly rigid backbone and

semi-crystalline nature of CPs complicate tracking the heat flow and accurate assess-

ment of glass transition.15 More importantly, due to the endless possibilities of CPs’

building blocks, experimental measurement of Tg for new designs of CPs can be time

-consuming, if not impossible. So far, only a limited number of CPs have been tested

and reported for their Tg through experiments.16 Hence, a computational predictive

framework to predict Tg directly from the geometry of chemical building blocks,

before any synthesis process, is profoundly advantageous for CPs in applications

of the next-generation electronic devices.
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Many physical parameters are found to play a vital role in influencing complex mol-

ecules, such as chain rigidity, intermolecular interactions, segmental structure, and

chain topology.16–24 For most glass-forming polymers, Tg would raise by increasing

the chain stiffness of the backbone due to the higher hindrance for translational and

rotational motion;17,25–27 consistently, for different CPs, Tg is found to be correlated

to persistence length and rotational volume.22,28,29 Alkyl side groups largely influ-

ence the chain mobility, where increasing side-chain length causes Tg to drop due

to a larger volume fraction of the side chain relative to the polymer backbones.

This causes increase in the free volume, which could be quantified in terms of the De-

bye-Waller factor at a picosecond timescale.30 Our previous study has shown that

increase of alkyl side-chain length of CPs leads to higher Debye-Waller factor and

mobility compared with the backbone, unraveling the origin of their decreasing in-

fluence on the Tg.
31 In addition, modifications in the topology of the polymer chain,

e.g., changing the grafting density, have been found to considerably affect the

Tg.
16,17,31 The coupled influence of these many structural and physical features

provokes the idea of quantifying Tg directly from the chemical building block and

fingerprints by delineating the underlying ‘‘structure-property’’ relationship.

To address this issue, the cheminformatics-based quantitative structure-property

relationship (QSPR) modeling approach has been utilized as a predictive computa-

tional framework that links the physicochemical properties of compounds to their

chemical structure.32 The QSPR aims to find a mathematical relationship between

the target variable and molecular descriptors that are extracted from the chemical

structure of the molecules. QSPR methods have been successfully employed to pre-

dict Tg of non-conjugated polymers with an appropriate level of confidence. Ka-

tritzky and coworkers33 developed a four-parameter QSPR model with a R2 of

0.928 for predicting the Tg values of 22 different linear-chain homopolymers and

copolymers. On a larger dataset,34 they developed a five-descriptor QSPR model

where the predictive model showed an R2 of 0.946. However, despite the predictive

capability of QSPR methodology, interpreting and quantifying a large number (i.e.,

over a few thousand) of molecular descriptors, e.g., molar refractivity, dipole

moment, polarizability, and constitutional descriptors, could be very challenging,

limiting its practical usage for the community.

In recent years, machine learning (ML) algorithms have been increasingly employed

to develop simplified surrogate models with excellent predictive capability.35–37 By

extractingmolecular features directly from the geometry of themonomer, ML-based

surrogate modeling could be advantageous over QSPR modeling by avoiding the

aforementioned complexities of feature descriptors. If successful, such simplified

models are much more desired for the experimental community to predict Tg for

newly designed CPs before any synthesis process. More recently, Xie and co-

workers38 proposed a single-parameter empirical model to predict Tg based on

the mobility parameter of different functional groups of the repeat unit. Their model

showed an excellent Tg prediction for 32 experimentally tested semi-flexible (mostly

conjugated) polymers with alkyl side chains, where a root-mean-square error (RMSE)

of 13�C was observed. However, without any out-of-sample testing for validation, it

is still questionable that such a simplified model is capable of Tg prediction over

diverse CPs with a much-enlarged dataset.

Built upon recent efforts, in this study, we employ an integrated experimental-

computational approach to predict Tg for a diverse set of over 94 polymers (mostly

CPs) with a drastic difference in their chemical structures (i.e., backbones and side

chains). As illustrated in Figure 1, built upon the backward elimination technique
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and regression analysis, a surrogateMLmodel is proposed that takes the geometry of

the chemical building blocks within a repeat unit as simplified molecular features to

make the Tg prediction. In addition to the existing Tg data collected from the litera-

ture,16 weperformdynamicmechanical analysis (DMA), differential scanning calorim-

etry (DSC) experiments, andmolecular dynamics (MD) simulations to improve the di-

versity of the dataset, which is further used to train the predictive model and perform

external validation. The simplified ML results reveal that Tg is strongly governed by

the chemical structure of the key building block of the CPs. Furthermore, MD

simulations allow us to gain valuable insights into the dynamic heterogeneity and

chain dynamics at a fundamental molecular level, which is experimentally verified

by performing quasi-elastic neutron scattering on CPs. Our study establishes an

Figure 1. Machine learning model

Flow chart of the current integrated machine learning framework, molecular dynamics simulations,

and experimental techniques to predict glass transition temperature of conjugated polymers.
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integrated predictive framework for Tgs of diverse CPs, paving the way for

materials by design for high-performance CPs and relevant materials via molecular

engineering.

RESULTS AND DISCUSSION

Predicting Tg from the chemical building blocks

In this section, we will introduce an ML-based surrogate model by employing the

ordinary least squares (OLS) multiple linear regression algorithm. Among 154

collected Tg data points, 119 values are from previously published litera-

ture,16,31,38 17 are from our experimental measurements (i.e., DMA and DSC),

and 18 are obtained via MD simulations. It should be noted that, for some CPs,

multiple Tg values are reported from different groups, and we consider all those

data points in our ML model. Overall, we collect Tg data points of over 94 diverse

polymers and acceptor units, reported in Tables S1 and S2. Then, we define

around 30 structural and molecular features (see Note S1) directly from the geom-

etry of the chemical building blocks within a repeat unit. Informed by the QSPR

modeling,17 these structural features can be categorized into four major groups,

namely the side chains, aromatic rings, different kinds of atoms, and double and

triple bonds that are not part of aromatic rings. In particular, the aromatic ring fea-

tures based on their chemical environment include isolated, fused, and bridged

rings. After defining all features, a backward elimination39 technique is utilized

to perform the significance level test (i.e., significance is used to determine

whether the relationship between features and Tg exists or not) and find the

most important structural features that are closely correlated to Tg. In the end,

six structural features are identified to develop the ML model for the prediction

of Tg of diverse CPs. Accordingly, Tg is found to be largely influenced by the

side-chain fraction, number of isolated, fused, and bridged aromatic rings; number

of halogenated atoms, such as ‘‘fluorine’’ or ‘‘chlorine;’’ and number of double and

triple bonds that are not part of aromatic rings. It should be noted that all afore-

mentioned features are normalized by the total number of atoms in the repeat unit

(i.e., excluding hydrogens). The multiple linear regression model based on struc-

tural features can be expressed as follows:

Tg = b0 +
X

biXi; Xi = ½NSC; NFCL;NDTB;NIR;NFR;NBR�=N; (Equation 1)

where b0 is a constant value and bi is the contribution coefficient of each feature in

the regression model. N is the total number of atoms in the repeat unit (excluding

hydrogens). NSC stands for the number of carbon atoms in the alkyl side chains,

NFCL is the total number of fluorine and chlorine atoms in the monomer, NDTB is

the number of double and triple bonds that are not part of aromatic rings, NIR is

the number of free/isolated rings either in the backbone or side groups, NFR stands

for the number of fused rings in which adjacent carbon atoms are shared, andNBR is

the number of bridged rings where adjacent rings are bridged via valence bonds. A

list of these selected structural features, their descriptions, and example of relevant

moieties are presented in Table S3.

Figure 2 shows a graphical illustration of different kinds of aromatic rings in repre-

sentative CPs. To simplify the feature calculations consistently, four assumptions

(or rules) have been made to count the number of aromatic rings prior to training

the ML model:

(1) There is no difference between different kinds of rings, for example,

thiophene, phenyl, and pyrrole compounds are treated in the same way.
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(2) If a ring is fused on one side and bridged on the other side, that compound

would be counted twice: one for fused rings (NFR) and one for bridged rings

(NBR) since those kinds of hindrances significantly increase the chain stiffness

and subsequently Tg (see Y2 acceptor unit in Figure 2).

(3) The pentagonal rings with grafted side chains on the tip that bridges two

adjacent compounds on both sides are not counted as any features, such as

fused or bridged rings. The examples of these rings, excluded from the fea-

tures, are highlighted with a purple ‘‘X’’ label in Figure 2.

(4) The number of successive fused rings is weighted differently before counting

the overall NFR for each repeat unit. According to our collected data, when

more than two rings are fused, Tg of CPs exhibits an excessive tendency to

increase. To address this phenomenon, the weighted number of successive

fused rings is calculated as 2+waðn � 2Þ, where n is the number of successive

fused rings and wa is a weighting factor, which needs to be determined. For

example, for the PTB7-Th polymer in Figure 2, there are two fused rings

groups: for those two fused thiophenes, the weighted number would be

2+wað2 � 2Þ = 2, implying that no weighting is needed when just two rings

are fused; however, that phenyl ring fused to two thiophenes at both sides

form three successive fused rings, which need to be weighted as 2+

wað3 � 2Þ = 2+wa. Then, the weighted values of all fused groups will be

summed to determine the value of NFR of that polymer. Another example

for naphthalenediimide (NDI)-based polymers, four successive fused rings

need to be weighted as 2+wað4 � 2Þ = 2+ 2wa. Then, the optimum value

of wa is determined by evaluating the coefficient of determination (R2) and

RMSE of the ML models as a function of wa, where the highest R2 or lowest

RMSE values lead to wa = 3:5 (see Figure S1), which will be used for training

the ML model.

Then, the contribution of each feature (bi ) is determined by fitting the regression

model to the training set, and the ML model for Tg prediction can be described

as follows:

Tgð�CÞ = 115:3+
� 239:8 NSC � 598:3 NFCL+ 170 NDTB+ 456:6 NIR + 666:5 NFR + 1323:9 NBR

N
:

(Equation 2)

A comparison between predicted Tg and experimental and computational values

is presented in Figure 3A for both training and test sets. Despite having a very

diverse library of CPs and acceptor units with different chemical structures,

assessment of the model shows excellent predictive performance as measured

by R2 of 0.86 and RMSE of 22.4�C for the training set. Furthermore, ML model

prediction for the external validation of the test set yields R2 of 0.83 and RMSE

of 27.8�C, showing a satisfactory performance based on an out-of-sample

dataset. The evaluation of the results demonstrates that the trained ML

model is capable of predicting Tg from the ‘‘simplified’’ features based on the ge-

ometry of a few chemical building blocks. In particular, for those high-Tg CPs with

complex D-A units, such as NDI-based polymers, poly[(2,6-(4,8-bis(5-(2-ethylhexyl-

3-fluoro)thiophen-2-yl)-benzo[1,2-b:4,5-b0]dithiophene))-alt-(5,5-(10,30-di-2-thienyl-50,70-
bis(2ethylhexyl)benzo[10,20-c:40,50-c0]dithiophene-4,8-dione)] (PM6), poly[(2,6-(4,8-bis

(5-(2-ethylhexyl-3-chlore)thiophen-2-yl)-benzo[1,2-b:4,5-b0]dithiophene))-alt-(5,5-(10,30-
di-2-thienyl-50,70-bis(2ethylhexyl)benzo[10,20-c:40,50-c0]dithiophene-4,8-dione)] (PM7),

and several other polymers and acceptor units with aromatic rings, our ML model

shows an excellent agreement between predicted and measured Tg.
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We next compare our model with a semi-empirical model recently developed by

Colby and Gomez group (i.e., we call it ‘‘Xie’s model’’ here)38 for the Tg predictions

from the chemical structure. In Xie’s model, they proposed a single adjustable

mobility parameter x, defined as the summation of assigned atomic mobility to

each functional group in the repeat unit to establish a quantitative relationship be-

tween Tg and chemical structures of about 30 CPs. To have a better comparison

between these two models, we calculate Xie’s mobility parameter x for the whole

dataset utilized in this study and predicted Tg values are reported in Figure 3B. As

it is indicated, despite an acceptable performance of Xie’s model, especially for

lower Tg CPs, such as thiophene- and polydiketopyrrolopyrrole (PDPP)-based sys-

tems, it does not yield reliable prediction for the aforementioned high-Tg CPs as

measured by a relatively low R2 of 0.57 and a large RMSE of 46.6�C. There are

three main differences between Xie’s model and our ML approach: first, Xie and

coworkers did not consider the influence of successive fused rings when more

than two rings are fused, resulting in an underestimated prediction of Tg for CPs

Figure 2. Graphical illustration of defining features related to the aromatic rings in the repeat unit of conjugated polymers

Features related to isolated rings (NIR), fused rings (NFR), and bridged rings (NBR) are shown in red, blue, and green fonts, respectively. Those rings

with a purple ‘‘X’’ label are not counted as any features, such as fused or bridged rings.
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with a larger number of fused rings, such as NDI-based polymers; second, their

model does not demonstrate the reducing influence of halogen atoms on Tg of

CPs; and third, Xie’s model is tested for a limited set of 32 semi-flexible polymers

and mobility value x does not generalize to our diverse dataset, and as they dis-

cussed, modifications of x values for specific chemical structures may be needed

to improve the predictive performance.

Relative importance of essential structural features

Based on the current developed ML model, we next discuss the relative impor-

tance and contribution of each structural feature to Tg prediction of diverse

CPs and other complex polymers to better understand the physical roles of

different chemical building blocks. For this purpose, the t-statistic parameter,

defined as the feature coefficient normalized by its standard error, is calculated

as a measurement of the feature contribution. A larger t-statistic parameter implies

the statistically significant contribution of that feature in which positive and nega-

tive sign of t-statistic is related to enhancing and reducing influences on Tg,

respectively.

Side chains

As indicated in Figure 3C, the coefficient related to the side-chain fraction (NSC)

shows the largest t-statistic that indicates its significant contribution, where the

negative value implies the reducing influence on Tg. To determine whether the

current trend that we observe in our samples remains valid on the larger population,

the p value of each feature is calculated. The p value assesses the null hypothesis if

the feature does not correlate with the target variable (Tg), in which a p value less

than the significance level (i.e., 0.05) provides enough evidence to reject the null hy-

pothesis over the entire population. For the side-chain fraction (NSC), a p < 0.001 is

calculated much below the significance level, proving this feature is statistically

considerable. Previous efforts have shown that increasing the side-chain length de-

creases the Tg due to an increase in free volume associated with higher segmental

mobility and governs localized relaxations.31,40,41 For instance, experimental results

showed a reduction in the Tg and elastic modulus of DPP-based polymer with

increasing the length of alkyl side chains.30 Consistent with experimental observa-

tions, this reducing influence of the alkyl side chains on Tg is captured well by our

ML model.

Halogen atoms

The next feature that lowers Tg is the number of fluorine and chlorine atoms (NFCL) in

the repeat unit. These halogen atoms are highly electronegative, being widely

utilized recently to control the energy bandgap and improve the power conversion

efficiency of organic solar cells.42 However, their influence on Tg still remains ambig-

uous. It has been shown that the C–F bond can form intermolecular interaction with

other atoms (e.g., phenyl-perfluorophenyl, C. H, F. F, and C–F. pF ),
43,44 which

inherently can influence the thermomechanical properties of the polymer.20 Kroon

and coworkers45 showed that the incorporation of two fluorine atoms on the

acceptor in poly[6,7-difluoro-2,3-bis(3-(octyloxy)phenyl)qui-noxaline-alt-thiophene]

(TQ-F) drops Tg from 100�C to 48�C. For TQ-F, the incorporation of fluorine atoms

was found to slightly increase the torsion angle, which increases chain flexibility

accompanied by backbone irregularity and thereby lowers Tg. Our MD simulations,

see Table S2, also show a similar reducing trend of Tg for Y5 acceptor unit and its

fluorinated and chlorinated versions (i.e., Y6 and Y7 units, respectively), where

both Y6 and Y7 yield lower Tg values compared to Y5. However, Tg of chlorinated

version, Y7, is slightly larger than fluorinated Y6 unit. Similar trend for fluorinated
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Figure 3. Predictive performance of the current machine learning model

(A) Comparison between glass transition temperature (Tg) predicted by multiple regression model

versus experimental and simulation values. Eighty percent of the dataset is divided into the training

set, and 20% is preserved unknown from the model for out-of-sample testing.

(B) Comparison between the Tg predicted by Xie’s model versus experimental and simulation

values of the whole dataset of conjugated polymers employed in this study.

(C) The contribution of features in the regression model assessed by the value of the t-statistic.

Large absolute values of t-statistic mean more noticeable contribution. Side chains and aromatic

rings are found to have the dominant role to determine Tg. The p -value of each feature is reported

inside the figure.
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PM6 and its chlorinated version (PM7) is also observed in our MD simulations— PM7

shows a higher Tg value compared with PM6. This could be because of higher steric

hindrance of chlorine atoms relative to fluorine as it was experimentally reported for

a series of halogenated CPs.42

The current ML model is trained by the aforementioned available CPs data, which

includes halogen atoms, and Figure 3C shows that their decreasing influence on

Tg is predicted. However, due to limited data points, this feature slightly falls beyond

the significance level test with a p value of 0.089, larger than the threshold value. We

decide to keep the current feature in the predictive model, since it captures the Tg

trend for halogenated organic semiconducting materials. With the development of

new CPs with halogen atoms, the model can be further improved by having more

experimental data in the future to train our model.

Double and triple bonds

The other feature that is found to noticeably contribute to the determination of Tg is

the number of double and triple bonds (NDTB) in the repeat unit, which considers

the influence of weakly mobile atoms. Vinylene, carbonyl, and nitrile groups are

counted as NDTB in our ML model (see Y2 units in Figure 2 as an example). As the

t-statistic parameter shows in Figure 3C, the NDTB feature has a noticeably

enhancing influence on Tg, where a small p value of 0.028 indicates this feature

passes the significance level test.

Aromatic rings

The structural features of aromatic rings (i.e., NIR, NFR, and NBR) in our predictive

model are found to have a significant enhancing influence on Tg, as they govern

conformational rigidity of the CPs’ backbone. As shown in Figure 3C, theNIR feature

for the isolated rings exhibits a considerable contribution to the model prediction

and successfully passes the significance level test, where a small p value of 0.006

is calculated. Hence, incorporating any isolated aromatic rings into the polymer

backbone is expected to increase Tg. This is consistent with experimental studies,

where the addition of the thiophene rings to the DPP-based CPs ended in an

increased Tg.
31,46 The fused and bridged rings as labeled byNFR andNBR features,

respectively, have the most significant positive contributions to Tg, where NFR

feature yields a slightly larger contribution parameter (t-statistic). Both features

have a very small p value (<0.001), indicating a passed significance-level test. Previ-

ous experimental studies also confirm this finding that the presence of fused and

bridged rings in the backbone largely correlates to stiffer CPs with larger Tg and

modulus.46–49

Dynamical heterogeneity of diverse chemical structures

As the glass transition is primarily governed by the segmental relaxation dynamics

and chain mobility, we next perform MD simulations, in conjunction with experi-

ments, to better understand the fundamental roles of diverse chemical building

blocks in the dynamics of CPs. Informed from theMLmodeling and feature analyses,

we focus on segmental dynamics of aromatic rings with different chemical

configurations and side chains (i.e., the most influential structural features) of four

representative CPs (i.e., DPPT, poly[N-90-heptadecanyl-2,7-carbazole-alt-5,5-
(40,70-di-2-thienyl-20,10,30-benzothiadiazole)] (PCDTBT), isoindigo (IID-2T), and

NDI-T) (see Figures 4 and S2). Specifically, we evaluate the local Debye-Waller factor

Cu2D, a fast dynamic physical property at a picosecond timescale,30 by calculating

mean-squared displacement (MSD) of the center of mass of each chemical group

in MD simulations. In particular, Cu2D can be experimentally measured via the
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quasi-elastic neutron scattering (QENS) technique, which is found to be closely

related to the local free volume and mobility and inversely related to the local mo-

lecular stiffness (1=Cu2D) (i.e., inverse local mobility).30 Previously, QENS was broadly

employed to study the dynamics of polycarbonate (PC) films,50 non-conjugated

polymers with alkyl side chains in bulk samples,51,52 and polyalkylthiophenes

CPs.53–56

Figure 4C shows the Cu2D results for DPPT with different side-chain lengths from MD

simulations. The results show that Cu2D increases with temperature due to the

enhanced segmental mobility upon heating; at a higher temperature above Tg,

Cu2D starts to deviate from a near-linear trend at a lower temperature. Another obser-

vation is that, at a lower T, there is no significant difference in Cu2D values for different

alkyl side-chain lengths; however, above 350 K, the increase in side-chain length is

found to increase Cu2D and thus the chain mobility. To validate our MD simulations,

we also calculate the MSD of DPPT polymer via QENS measurement (by directly

probing the dynamics of the hydrogen atoms due to its large incoherent scattering

section), and the results are shown in Figure 4D. For a temperature range up to 430

K, two observations are important for us to examine our MD simulations. First, for

both MD simulations and QENS, the range of Cu2D is varied from 0 to 5 �A
2
, while

the MD simulation yields a slightly lower magnitude. With increasing the side-chain

length, Cu2D values obtained via QENS start to increase at a higher rate beyond a crit-

ical temperature. Such characteristic behavior is observed for simulation data as

well. Considering the nature and control of the two measurements, the consistency

between experiments and simulation indicates that our MD simulation could serve

as a reliable tool to computationally explore the segmental dynamics of CPs. Below,

we focus on analyzing segmental dynamics of each functional group at an elevated

Tz1:5 Tg for different CPs.

Figure 4E shows the probability distribution of 1=Cu2D, a measure of inverse local

mobility, for four different building blocks of the DPPT polymers with C2C8C10

side chains, i.e., DPP core (labeled as M1 in blue), thiophene rings tied to DPP

core (group M2 marked in green), isolated thiophene moiety that is not tied to

DPP core (group M3 marked in red), and alkyl side chains (labeled as M4 in purple).

Apparent Gaussian distribution of 1=Cu2D is observed for all four functional

groups. The fused DPP unit (M1) shows a larger mean of 1=Cu2D = 0:72 �A
� 2

,

implying that this compound indicates relatively lowest mobility among all func-

tional groups in this polymer. In contrast, side chains (M4) exhibit the lowest mean

of 1=Cu2D = 0:53 �A
� 2

with a smaller standard deviation due to higher mobility of

side chains. The thiophene rings in the DPPTmonomer exhibit different inverse local

mobility based on their chemical environment—thiophenes directly tied to the DPP

core (M2) show a slightly higher mean in the distribution (1=Cu2D = 0:67 �A
� 2

)

compared with M3 thiophenes (1=Cu2D = 0:65 �A
� 2

). The MD simulation results of

segmental dynamics of the DPPT are largely consistent with our feature analyses

in the ML model, where the fused rings yield a steeper increase in the Tg compared

with the isolated rings. The observed lower inverse local mobility of the side chains is

also in line with the negative contribution coefficient of the NSC feature in the ML

model.

Figure 4F shows the distribution of 1=Cu2D of different chemical building blocks of

PCDTBT having three different groups of aromatic rings. Similar to DPPT, it can

be observed that CDT bridged unit (M1) shows the highest mean value of
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1=Cu2D = 0:44 �A
� 2

with a larger mean of the distribution, while the side chains (M4)

show the lowest value (1=Cu2D = 0:44 �A
� 2

). Furthermore, the fused benzothiadia-

zole (BT) unit (M3) exhibits a lower mean distribution of 1=Cu2D = 0:35 �A
� 2

compared

with thiophene rings (M2) (1=Cu2D = 0:38 �A
� 2

), implying that M3 fused moiety has

higher mobility than isolated rings (M2). This could be attributed to the fact that

Figure 4. Segmental dynamics of different building blocks of conjugated polymers

(A) Chemical structure of DPP-based polymer with four different side-chain lengths.

(B) Chemical structure of PCDTBT polymer.

(C and D) Mean-squared displacement (MSD) of the DPP-based polymers with varied alkyl side chains obtained by (C) molecular dynamics (MD)

simulations and (D) quasi-elastic neutron scattering.

(E and F) Normal distribution of inverse local mobility (1=Cu2D) of different functional groups of (E) DPP-based polymers (C2C8C10) and (F) PCDTBT

obtained by MD simulations.

(G) Spatial distribution of 1=Cu2D of different functional groups of PCDTBT polymer. Each point represents the center of mass of the relevant functional

group in the bulk system. Yellowish color means higher 1=Cu2D corresponding to lower mobility. The blueish color represents lower 1=Cu2D related to

higher mobility.

(H) A representative snapshot bulk simulation box and single-chain snapshot of PCDTBT polymer obtained by MD simulations. A larger transparent

sphere illustrates higher 1=Cu2D. To have more clear illustration, one repeat unit of the polymer chain is magnified.
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only the phenyl ring of the BT unit is tied to the backbone, and its current vertical

orientation makes it easier for out-of-plane rotation, resulting in relatively higher

mobility than isolated rings (M2). Our result again suggests that the local dynamics

of the functional groups are largely dependent on the chemical environment.

Figure 4G shows the spatial distributions of 1=Cu2D of different functional groups of

PCDTBT, confirming again that CDT bridged unit and side chains have the highest

and lowest magnitude of inverse local mobility, respectively. Each point illustrates

the center of mass of the relevant functional group in the bulk system, with the color

showing the magnitude of inverse local mobility 1=Cu2D. Interestingly, the spatial dis-

tribution of 1=Cu2D reveals a reduced level of dynamical heterogeneity observed from

M1 to M4 as their mobility increases, which reflects their packing efficiency at a

molecular level; i.e., a higher level dynamical heterogeneity corresponds to a

more frustrated molecular packing. Such dynamical heterogeneity associated with

different chemical groups of PCDTBT is further illustrated in Figure 4H, where larger

transparent spheres indicate higher local 1=Cu2D. Similar dynamics behaviors are also

observed for IID and NDI-based donor-acceptor CPs (Figure S2), where the fused

rings (i.e., IID and NDI core) and side chains exhibit the highest and lowest

magnitude of inverse local mobility, respectively. The MD simulation results of local

dynamics corroborate findings of ML modeling that aromatic rings (i.e., NIR, NFR,

and NBR features) and side chains (NSC) govern Tg prediction of CPs.

Application of ML model for predicting Tg of conjugated polymers

In this section, we test the ML model by applying it to predicting Tg of representa-

tive CPs particularly related to organic solar cell applications. Device stability is a

challenge that severely limits organic solar cells from being widely adopted

to replace silicon ones and their inorganic counterparts. Through decades of

optimizing the optoelectronic properties of narrow bandgap CPs together with

non-fullerene acceptors (NFAs), remarkable progress has been made in organic

photovoltaics (OPV) technology, with the power conversion efficiency (PCE)

reaching over 18%.57–59 However, the long-term stability of OPV devices is one of

the major hurdles that prevents this technology from being widely implemented,

along with the lack of scalable manufacturing techniques to obtain ideal bulk heter-

ojunction (BHJ) morphology. We expect that our ML model developed here can

potentially rationalize the stability issue and guide the new CP materials

development.

We apply the model to the leading optoelectronic polymers and NFAs (see Figure 5

for their chemical structure) that were recently reported in high-performance solar

cells. For the PM6, PM7, and PTB7 polymers, Tg values of 123.2�C, 123.2�C, and
91.7�C are predicted by theMLmodel, respectively.We further experimentally mea-

sure Tg for PM6 and PTB7 polymers, and the results are shown in Figure 5, in which

DMA and DSC techniques indicate a Tg of 138.6�C and 114.7�C, respectively, for
PM6 and a Tg of 73.8�C for PTB7 (obtained by DMA). Both conventional and fast

scanning calorimeter are employed to detect Tg for PM6, where the Tg values

were consistent for both methods regarding the difference in cooling rates (e.g.,

the conventional DSC cooling rate is 0.17 K/s and the flash DSC cooling rate is

0.1 K/s). In addition, MD simulations predict Tg value of 145.6�C for the PM7 polymer

close enough to Tg of 123.2�C predicted by our ML framework. For the Y-family

NFAs, as indicated in Figure 5 and Table S1, Tg values predicted by the ML

model are found in good agreement with those calculated by MD simulations. In

addition, for other experimentally measured as well as simulated Tg results for

different CPs employed in this study, listed in Figure 5 and Table S2, a good
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agreement is observed with ML prediction, implying the reliability of our predictive

framework.

Based on our discovery here, all PM6, PM7, PTB7, and Y-family NFAs possess a rela-

tively high Tg, as compared with other CPs, with the operating temperature of the

device at room temperature or up to 80�C for most upper limit in inorganic cells.

The Tg values for measured components are slightly higher than the operating tem-

perature; thus, CPs are limited in chain dynamics within the experimental timescale

for device degradation. The observed PCE drop over time below Tg thus is highly

likely due to changes in the interface property between the BHJ layer with electrodes

or due to the diffusion-limited cold crystallization in either donor or acceptors. For

the small molecules in Y-family NFAs, other researchers suggested this is possible.

In the case of tuning Tg based on our ML model, for example, for the PM6, Tg could

be improved by lowering the side-chain length from 2-ethylhexyl to 2-ethylbutyl in

order to raise Tg above 150�C. Additional attention should also be paid to the

role of cold crystallization with respect to Tg of both donors and acceptors, which

have been discussed in previous studies.60–63 In general, the practical usage of

our ML model is to quantitatively estimate the unknown Tg for advanced D-A CP

polymers used in organic solar cell field, since Tg determines the dynamics of

the possible cold crystallization occurred under operational conditions. Cold

Figure 5. Glass transition temperature (Tg) of high-performance conjugated polymers and acceptor units with aromatic backbones and alkyl side

chains

Results of Tg are obtained from MD simulations, machine learning (ML) prediction, and available experimental techniques (DMA and DSC).
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crystallization can form different polymorphs depending on the isothermal anneal-

ing temperature higher or lower than nominal Tg.
63 The polymorph formed at higher

temperature normally impairs the performance, whereas the polymorph formed at

lower temperature could improve performance presumably due to the stronger light

absorption from the continuous aromatic structures.62 However, the size of

crystallite also influences the performance of organic solar cells that the larger

size tends to be detrimental to the performance and stability.61 Therefore, the

observed PCE drop over time below Tg thus is highly likely due to changes in the

interface property between the BHJ layer with electrodes or due to the large size

of crystallites formed via diffusion-limited cold crystallization in either donor or

acceptors.

In addition to proposing a predictive ML framework, we would like to emphasize the

importance of the integrated methodology established in this study through the uti-

lization of ML, experimental measurements, and MD simulations. Although the ML

model shows an acceptable predictive performance, the current methodology could

be continuously improved with the availability of more reliable Tg data of newly de-

signed CPs, generated from both experiments and simulations. Particularly, for

those structural features with limited data (e.g., halogen atoms), the addition of

more data points can appropriately tune the contribution of different building blocks

on the Tg of CPs.

In summary, we establish a ML model to predict Tg of CPs from the chemical struc-

ture of the repeat unit. With 154 Tg values collected from diverse resources, a pre-

dictive model is developed where six functional groups in the repeat unit (i.e.,

side-chain fraction, isolated rings, fused rings, bridged rings, double and triple

bonds, and halogen atoms) are identified as essential structural features. Among

the selected features, side chains and halogen atoms show a decreasing influence

on Tg. The t-statistic parameter is employed to quantify the contribution of each

structural feature in the prediction of Tg, where aromatic rings and side chains are

found to have the most significant influence. Our MD simulations further reveal

that aromatic rings and side chains have the highest and lowest local mobility,

respectively, unraveling their dominant roles in the ML model. Our experimental

measurements of Tg as well as those calculated by MD simulations confirm the

noticeably good predictive performance of our ML model for high-performance so-

lar cell materials. We believe that the current ML framework provides an effective

strategy to design the next generation of organic electronics with tailored chain

dynamics.

EXPERIMENTAL PROCEDURES

Resource availability

Lead contact

Further information and requests for resources should be directed to and will be ful-

filled by the lead contact, Wenjie Xia (wenjie.xia@ndsu.edu).

Materials availability

This study did not generate new unique materials.

Data and code availability

All the necessary data supporting the main findings of the paper are available within

the main paper and its supplemental information files and from the lead contact

upon reasonable request.
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Materials

The materials for Tg measurements were purchased from Ossila Company,

including F8BT, PTB7, PTB70Th, PM6, PCPDTBT, TFB, TQ1, NDI(2HD)T, NDI(2HD)

2T, NDI(2OD)T, and NDI(2OD)2T.

Quasi-elastic neutron scattering

QENS measurements were performed using the Backscattering Spectrometer

(BASIS)64 at the Spallation Neutron Source (SNS) at Oak Ridge National Laboratory

(ORNL). Timescales for BASIS range from 10 to 1,000 ps.56 Elastic scan measure-

ments were carried out under vacuum to protect the material from degradation at

high temperatures between 50 and 450 K. Scattering data were reduced utilizing

the DAVE software65 to measure MSD.

Dynamic mechanical analysis

DMA measurements were carried out with a TA Q800 DMA by a modified DMA

method.31,66 For sample preparation, polymer solutions (5 to 10 mg/mL) were

drop casted on top of a glass fiber mesh. At a fixed frequency of 1 Hz, temperature

ramp experiments with a heating rate of 3�C min�1 were measured between �50

and 250�C to measure the Tg of the materials. For more details, please see

Figure S3.

Differential scanning calorimetry

DSC measurements were performed using both Mettler-Toledo fast scanning

calorimeter (Flash DSC 2+) and conventional DSC (DSC 3+). The Flash DSC was

equipped with an ultra-fast standard chip with heating and cooling rates up to

4,000 K/s. Flash DSC has been utilized to detect thin-film Tg since 2011.67 The

investigation of nanosized polystyrene (PS) thin-film Tg showed a good agreement

between conventional DSC and Flash DSC during the overlapped cooling rates

(0.1 K/s to 1 K/s).68 In addition to conventional polymers, the rigid backbone of

CPs restricted the Tg measurements by conventional DSC, but Flash DSC was

able to probe weak Tg of conjugated polymers.69 To fairly compare the results

from conventional and flash DSC, similar cooling rates were adopted, where

0.17 K/s for conventional DSC and 0.1 K/s for flash DSC were employed, respec-

tively (see Figure S4). For conventional DSC, the indium standard was used to

calibrate the heat flow and temperatures. All measurements were done under

nitrogen gas.

Dataset

The experimental values of Tg are collected from the previously published literature,

including 119 data points.16,31,38 To improve the diversity of the dataset, we further

experimentally measured an additional 17 Tg data points of different CPs from either

DMA and DSC measurements as well as 18 Tg obtained by MD simulations. These

additional data cover newly designed high-performance CPs, allowing for the

external validation and improvement of the model prediction. Overall, the dataset

is composed of 154 data points of 94 polymers covering thiophene-, fluorene-,

DDP-, bridged-, and fused-based CPs; newly designed non-fluorine acceptor units;

and some non-conjugated polymers with aromatic rings in their backbone. The data-

set is provided in Tables S1 and S2. It should be noted that sample quality, control

and resolution of the measurement equipment, size of the samples, and many other

factors are a matter of concern about the collected dataset. In this work, this

concern is alleviated by utilizing a relatively large dataset that covers a wide range

of Tg for CPs.
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ML-based surrogate model

Informed from the QSPR modeling and feature analyses, we use the aforemen-

tioned dataset of CPs to define the structural features based on the geometry

(i.e., chemical building block) of the repeat unit. We first define all possible struc-

tural features, including the number of different atoms in the repeat units, bridged

units, fused rings, free isolated rings, stiff bonds, heavy atoms, side-chain fraction,

etc. Then, backward elimination,39 a feature selection technique, is utilized to

screen those structural features while building the regression models. To perform

backward elimination, we introduce a significance level of 5% to test the null hy-

pothesis for each feature based on the p value.70 It should be noted that the p

value threshold is not considered here as a hard rule for the feature selection,71

and all final selected molecular features are physically interpreted to make sure

they are rationally relevant to the Tg of CPs. The regression model is then fitted

to the dataset, and the p value of each feature is calculated, which determines

whether the feature will generalize any population out of the current sample.

Next, the feature with the highest p value is removed from the predictive model,

and the process iterates for the remaining features. This mechanism continues until

all p values of all remaining features in the dataset are less than the significance

level. Then, a regression model is trained to the selected feature to make a Tg

prediction.

MD simulations

All-atomistic MD simulations of the 18 bulk CPs and acceptor units are carried out

using the Large-scale Atomic/Molecular Massively Parallel Simulator (LAMMPS) soft-

ware package.72 The interactions of the MD models are defined via the general

amber force field (GAFF), which was originally developed for the organic mole-

cules.73 The CP models are initially built using Materials Studio software followed

by geometry optimization. Then, the antechamber module of the AmberTools20

package73 is employed for the atom typing and calculation of atomic charges. To

equilibrate the system, the total potential energy is first minimized using an iterative

conjugate gradient algorithm,74 followed by the equilibration of the bulk system un-

der the isothermal-isobaric (NPT) ensemble at the melt state and then cooling down

to the target temperature. An integration time step of Dt = 1 f s is implemented in

all MD simulations. To determine Tg of bulk CP, the simulation is run further under

NPT ensemble to collect the density over a wide range of the temperature from

100 K to 800 K. The obtained density as a function of temperature can be fitted

with linear lines at low-temperature glassy and high-temperature melt regimes,

where the intersection of fitted lines marks Tg. To measure the local mobility of

moieties, MSD (i.e., a measurement of the deviation of position of atoms from the

reference position over time) Cr2ðtÞD values are obtained for the center of mass

functional groups of the repeat unit, Cr2ðtÞD = CjriðtÞ � rið0Þj2D, where riðtÞ is the po-

sition of the ith atoms at time t and Cr2ðtÞD is obtained from the average of all related

functional groups. Then, Debye-Waller factor Cu2D, a fast-dynamic property at a pico-

second timescale,30 is defined at t = 4 ps for all models to quantify local mobility.

SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j.xcrp.
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