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ABSTRACT: The macroscopic properties of molecular
materials can be drastically influenced by their solid-state
packing arrangements, of which there can be many (e.g.,
polymorphism). Strategies to controllably and predictively
access select polymorphs are thus highly desired, but
computationally predicting the conditions necessary to access
a given polymorph is challenging with the current state of the
art. Using derivatives of contorted hexabenzocoronene, cHBC,
we employed data mining, rather than first-principles
approaches, to find relationships between the crystallizing
molecule, postdeposition solvent-vapor annealing conditions
that induce polymorphic transformation, and the resulting polymorphs. This analysis yields a correlative function that can be
used to successfully predict the appearance of either one of two polymorphs in thin films of cHBC derivatives. Within the
postdeposition processing phase space of cHBC derivatives, we have demonstrated an approach to generate guidelines to select
crystallization conditions to bias polymorph access. We believe this approach can be applied more broadly to accelerate the
predictions of processing conditions to access desired molecular polymorphs, making progress toward one of the grand
challenges identified by the Materials Genome Initiative.

■ INTRODUCTION

Polymorphism, or the ability of molecules to adopt more than
one crystal structure, is a topic of significant interest for
functional materials across a breadth of applications, including
in pharmaceutics, pigments, explosives, food additives, and
organic electronics. Because the bulk properties of molecular
compounds can vary significantly with different crystal
structures,1,2 ultimately impacting their utility, strategies to
more fully explore their polymorphic phase space to
controllably and predictively access specific polymorphs are
highly desired. Despite the intense interest in polymorphism,
polymorphic discovery has largely been serendipitous, driven by
trial-and-error experimentation due to challenges in accurately
modeling the variety of weak and nondirectional intermolecular
forces involved in molecular crystal growth. Further complicat-
ing computational polymorphic predictions is the observation
that the energy differences between molecular polymorphs are
often only a few kcal/mol, creating a rich energy landscape with
many shallow local energy minima.3,4 Commonly, the crystal
structure that is accessed is one that is kinetically favored given
the specific processing conditions, as opposed to the
thermodynamically favored polymorph.4,5

Computationally capturing the structural rearrangement
during polymorphic transformation remains challenging. An

alternative and potentially simpler approach is to identify
predictive correlations between crystallization conditions and
resulting polymorphs using data mining approaches.6−10

Indeed, data mining to identify chemistry-processing-struc-
ture-function relationships is its own developing subdiscipline.
Referred to as materials informatics or cheminformatics, this
effort has been highlighted by the Materials Genome Initiative
as a means to accelerate materials discovery and develop-
ment.11−14 For example, data mining approaches have recently
been used to identify correlations between molecules and their
optoelectronic properties. These correlations have in turn been
used to predict the optoelectronic properties, like the highest
occupied and lowest unoccupied molecular orbital (HOMO
and LUMO) energy levels, of new molecules without additional
costly quantum chemical calculations and prior to syn-
thesis.15,16

Despite the demonstrated utility of data mining approaches,
they have not been widely applied outside the pharmaceutical
community to identify relationships between crystallization
conditions and molecular polymorphs. While the pharmaceut-
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ical industry routinely uses automated robotic systems to
explore varied crystallization conditions to yield large single-
crystal data sets from which correlations can be ex-
tracted,10,17−19 such automated single-crystal polymorph
screening techniques are less explored in the broader materials
community and less applicable to polycrystalline thin films. In
polycrystalline thin-film formats, different molecular poly-
morphs have been accessed by changing a number of
experimental parameters during film formation, including the
deposition technique,20 substrate temperature,21−24 choice of
chemical modification of the substrate surface,23−26 film
thickness,24,25,27−30 confinement effects,27,31,32 and the solvent
choice,27,28 and the application of postdeposition processing
techniques, like thermal annealing and solvent-vapor anneal-
ing.33−38 This rich experimental space is therefore rife with
opportunities to apply data mining techniques for extracting
more general and predictive relationships that are currently
lacking between molecules of interest, crystallization con-
ditions, and the resulting polymorph.
Here, we demonstrate the utility of data mining techniques in

predicting which one of two molecular polymorphs in thin
polycrystalline films of contorted hexabenzocoronene (cHBC)
derivatives is accessed given the postdeposition solvent-vapor
annealing conditions to which they are exposed. Due to their
limited solubility, cHBC derivatives are thermally evaporated
and form amorphous thin films. We previously showed that, by
depositing an amorphous film of cHBC and subsequently
inducing crystallization using postdeposition processing
techniques like solvent-vapor annealing, we gain more control
over the structural evolution of films and broader access to the
crystal energy landscape and other polymorphs.34,39 Solvent-
vapor annealing cHBC with hexanes induces crystallization of a
monoclinic crystal structure with P21/c space group symmetry
that we refer to as polymorph I,39 whereas solvent-vapor

annealing with tetrahydrofuran (THF) induces crystallization
of a second, likely triclinic, crystal structure that we refer to as
polymorph II.34 Recently, we demonstrated that this tunability
in polymorphic selection can be extended to chemically
modified derivatives of cHBC as well. Amorphous thin films
of four fluorinated derivatives of cHBC decorated with 8, 12,
16, or 20 fluorine atoms at the molecule’s periphery also adopt
one of two crystal structures comparable to cHBC’s polymorph
I and polymorph II depending on the postdeposition
processing conditions.33

Given that (1) we can access two different polymorphs of
cHBC and its derivatives by the choice of solvent used during
solvent-vapor annealing and that (2) these two polymorphs
appear to be common across a set of four fluorinated
derivatives of cHBC, we have the opportunity to determine
correlations between molecular structure and solvent choice
that influence polymorphic selection. Such correlations can
help guide the design of next-generation derivatives and the
development of processing routes to access the prespecified
crystal packing.
To generate a large data set that can be mined, we solvent-

vapor anneal thin films of cHBC and its four fluorinated
derivatives with twenty-seven different solvents. Solvent-vapor
annealing is carried out until crystallization is complete; i.e.,
longer solvent vapor exposure does not alter the film structure.
Annealing cHBC and its derivatives with some of the solvents
yields polymorph I, while with others it yields polymorph II
and yet with other solvents it yields a mixture of polymorphs I
and II. As the resulting film structures are kinetically
determined and do not represent thermodynamic equilibrium,
Gibbs’ phase rule does not apply. Applying a data mining
approach to our large experimental data training set, we
developed a correlation between the fraction of polymorph I
obtained upon solvent-vapor annealing with the molecular

Figure 1. Chemical structures of the five cHBC derivatives and twenty-seven solvents under study.
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properties of the solvent and the cHBC derivative. Using a test
data set separate from our training set, we further demonstrate
how this correlative relationship can be used to predict the
expected polymorph given the choices of solvent and cHBC
derivative undergoing crystallization.

■ RESULTS AND DISCUSSION
Starting with amorphous thin films of cHBC and its four
fluorinated derivatives, whose chemical structures are shown in
Figure 1, we subjected the films to solvent-vapor annealing for
4 h to induce complete crystallization (see Supporting
Information for details). The chemical structures of the
twenty-seven solvents investigated, which were chosen to be
as chemically diverse as possible, are also shown in Figure 1. As
we previously reported, cHBC and 8F-, 12F-, 16F-, and 20F-
cHBC have two distinct polymorphs.33,34 The presence of
polymorph I is most readily identified by the position of the
primary reflection, corresponding to the (100) plane, which
occurs at approximately q = 0.5 Å−1 in their X-ray diffraction
traces. The precise placement of this reflection varies between
0.48 and 0.53 Å−1 depending on the cHBC derivative. The
presence of polymorph II is most clearly identified by the
position of its primary peak, which occurs at approximately q =
0.7 Å−1 in the X-ray diffraction patterns of all the cHBC
derivatives after they had been subjected to THF-vapor
annealing. The precise placement of this peak varies between
0.65 and 0.70 Å−1 depending on the cHBC derivative.
Figure 2 shows optical micrographs and the corresponding

one-dimensional X-ray diffraction traces (obtained by azimu-
thally integrating 2D-GIXD images) of cHBC thin films that
were crystallized on exposure to toluene and benzene vapor.
The fraction of polymorph I in each film can be approximated
from the X-ray diffraction traces by dividing the integrated
intensity of the primary reflection of polymorph I at q = 0.5 Å−1

by the sum of the integrated intensities of the reflections at q =
0.5 Å−1 and the primary reflection of polymorph II at q = 0.7
Å−1. Because the integrated intensities of the reflections at q =
0.5 Å−1 and q = 0.7 Å−1 are comparable for completely
crystalline thin films that adopt solely polymorph I and
polymorph II, respectively, it is unnecessary to normalize the
integrated intensities of these two reflections when estimating
the fraction of the film adopting each polymorph. This exercise
also assumes that the films are completely crystalline and that
they adopt polymorphs I or II or a coexistence of both;
extended postdeposition solvent-vapor annealing of the films
confirms this assumption to be valid. Though we solvent-vapor
annealed films for 4 h, crystallization is typically complete
within 30 min, and longer solvent vapor exposure does not alter
the film structure. Using this methodology, we estimated the
fractions of polymorph I in the toluene- and benzene-vapor
annealed cHBC films to be 0.93 and 0.10, respectively, with the
remainder of the films adopting polymorph II.
In studying numerous optical micrographs of films having a

coexistence of the two polymorphs, we found that domains of
polymorph II appear darker and grainier compared to those of
polymorph I; these regions are therefore distinguishable in
optical micrographs so long as the domains are larger than ca.
10 μm. The optical micrographs of the toluene- and benzene-
vapor annealed cHBC films show a mixture of polymorphs I
and II; analysis of these images independently yielded fractions
of polymorph I that are comparable to those extracted from the
X-ray diffraction traces, i.e., 0.94 and 0.21 for toluene- and
benzene-vapor annealed films, respectively. The larger discrep-

ancy between the two estimates for the benzene-vapor annealed
film compared to the toluene-vapor annealed film may stem
from the fact that the domains in the benzene-vapor annealed
film are larger, so we sample fewer domains within a given
optical microscope image or within a given X-ray diffraction
footprint, effectively yielding poorer statistics for polymorph I
that is present in the film.
Expanding our examination to the full series of fluorinated

cHBC derivatives, Figure 3 shows the fraction of films of cHBC

Figure 2. (a, b) Polarized optical micrographs and (c, d) two-
dimensional grazing-incidence X-ray diffraction (2D-GIXD) images of
thin films of contorted hexabenzocoronene (cHBC) crystallized by
solvent-vapor annealing with (left column: a, c) toluene vapor and
(right column: b, d) benzene vapor. Azimuthally integrating the 2D-
GIXD images produces the traces shown in (e). Polymorphs I and II
have their primary diffraction peaks at q = 0.5 Å−1 and q = 0.7 Å−1,
respectively.

Figure 3. Quantification of the fraction of cHBC and fluorinated
cHBC derivative films that adopt polymorph I after exposure to
different solvent vapors. Films are fully crystalline (i.e., film is entirely
polymorph I or II or some mixture), and no further changes are
observed with longer solvent-vapor annealing.
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and 8F-, 12F-, 16F-, and 20F-cHBC that adopt polymorph I
upon solvent-vapor annealing with five different solvents:
hexanes (squares), trichloroethylene (circles), dichloromethane
(triangles pointing up), chloroform (triangles pointing down),
and tetrahydrofuran (diamonds). We see that annealing with
hexanes vapor yields polymorph I for all derivatives, whereas
annealing with THF vapor yields exclusively polymorph II
across the series of compounds. Annealing with the other three
solvents yields a varying amount of the two polymorphs
depending on the extent of fluorination of the cHBC
derivatives. In total, we have 199 data points of cHBC
derivatives films solvent-vapor annealed with solvents and
yielding polymorph I, polymorph II, or a mixture of the two
polymorphs (data includes repeats of some cHBC derivative
and solvent combinations; data are compiled in Table S1). This
compilation of data points to the importance of both the
solvent choice and molecule type in dictating the fraction of
polymorph I present.
Molecule−solvent combinations that yielded purely poly-

morph I or purely polymorph II did so consistently across
repeated trials, but for molecule−solvent combinations that
yielded a mixture of the two polymorphs, the precise fraction
varied between trials. To quantify the experimental variability in
the fraction of polymorph I in such mixed polymorph films, we
repeated several solvent-molecule combinations from which we
estimated the absolute spread in the fraction of polymorph I to
be 0.3. For example, when we solvent-vapor annealed 16F-
cHBC with dichloromethane, the fully crystallized film
comprised 0.68 polymorph I. In a second but analogous
experiment to assess reproducibility, we estimated 0.81
polymorph I in the fully crystallized 16F-cHBC film. We
believe the spread stems from variability in sample preparation
and crystallization conditions. While the error bar in predicting
the fraction of polymorph I is large for films that adopt a
mixture of the two polymorphs, it does not negate the impact
of this exercise. Since coexistence of multiple polymorphs is
practically undesirable, the value in this data mining approach is
in its ability to articulate processing conditions for accessing
either of the polymorphs in its entirety.
To identify by data mining the molecular and processing

parameters that influence polymorph selection, we must first
choose parameters that characterize and differentiate the cHBC
derivatives and solvents. Given that cHBC and 8F-, 12F-, 16F-,
and 20F-cHBC differ in their molecular structure by only the
number of fluorines decorating the periphery of the molecule,
we used the number of fluorines as the simplest and sole
variable to distinguish between the cHBC derivatives.
Characterizing the solvents is more challenging since they
exhibit greater chemical diversity, and so, a greater number of
parameters have to be considered. We chose to consider the
solvents’ Hansen solubility parameters (which characterize each
solvent’s polarity, dispersion quality, and hydrogen-bonding
potential),40 molar volume, vapor pressure, and chemical
structure motifs. Similarities in Hansen parameters are
commonly used to predict the solubility of polymers and
molecules in a given solvent.40 During solvent-vapor annealing,
the solvent vapor plasticizes cHBC films, enabling the
molecules to rearrange and crystallize.41 Thus, the size of the
solvent molecule and the concentration of solvent in the vapor
phase (quantified by vapor pressure at room temperature) may
affect the kinetics of crystallization and are both important to
consider. Table S2 contains the Hansen solubility parameters,
molar volumes, and vapor pressures (at 20 °C) of the twenty-

seven solvents we explored. The Hansen solubility parameters
and molar volume were obtained from Hansen’s handbook,40

and the vapor pressures were extracted from material safety
data sheets (MSDS). We also chose to categorize the solvents
by their chemical synthons, noting if their chemical
functionalities include aromatics, halogens, alkenes, alkynes,
ethers, alcohols, thiols, or ketones, to determine if there is any
correlation between chemical solvent families and the favored
polymorph. Table S3 contains these classifications with 1
indicating the presence of the specific synthon in the solvent
and 0 indicating its absence. Performing principal component
analysis42 on the solvents’ Hansen solubility parameters and
chemical synthons, we found no significant correlations
between these variables, indicating they are appropriate
independent input parameters for data mining.
Our training data set does not exhibit any direct correlations

with any one solvent characteristic for the tendency of cHBC
and its fluorinated derivatives to preferentially adopt poly-
morph I. We thus performed multiple linear regression analysis
on the data set to ascertain a relationship between the fraction
of the thin film that adopted polymorph I (the dependent
variable that varies between 0 and 1) and the solvent
parameters and number of fluorines on cHBC derivatives
(the independent variables). As described before, our goal is to
identify the conditions under which accessing either of the two
polymorphs across the entire film is most likely. Thus, we
specifically chose to use a logistic regression model,42,43 which
is commonly used when the dependent variable is categorical
(i.e., pass or fail, win or lose, 0 or 1, or as desired in our case,
polymorph I or polymorph II). The logistic function that is the
basis of this model is an S-shape curve (sigmoid curve) with the
following form:42,43

= + −e[fraction polymorph I] 1/(1 )y( )
(1)

where e is Euler’s number and y is a linear relationship
comprising all the independent variables under study.

β β β β= + + + +y x x x ... n1 1 2 2 3 3 (2)

Here, xi represents the independent variables and βi represents
their weighting coefficients. We refer to each term in this
equation as a parameter, and any function that describes our
system can contain up to 15 parameters given that we have 13
independent variables to describe the solvents (i.e., three
Hansen solubility parameters, molar volume, vapor pressure,
and eight different synthons), one to describe differences
between the cHBC derivative (i.e., the number of fluorines),
and one constant for linear regression. We used the Akaike
information criterion, AIC,44 to quantify the quality of fit to our
data. AIC imposes a penalty for functions that require more
parameters.44 In this framework, a lower AIC indicates a
function that more accurately describes our data set.44 Of the
199 experimental data points, we also randomly withheld 25
data points from this multiple linear regression analysis to later
validate our model.
Given that we did not know which parameters or how many

parameters were required to describe the correlation between
the independent and dependent variables in our data set, we
first tried fitting the training data set (199 minus 25 data
points) to all possible functions having up to 15 parameters,
requiring that the number of fluorines always be included as a
parameter in the function, as this is the only variable that
differentiates the cHBC derivatives. Figure 4a contains the
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resulting AICs of these functions, with each data point
representing an attempted function. The vertical spread in
AIC reveals the spread in the quality of fit for all possible
functions having the specified number of parameters. Looking
specifically at the functions that yield the lowest AIC (identified
with the red circle), Figure 4a indicates that the quality of fit
levels off with functions having eight or more parameters. Thus,
having more than eight parameters in any possible function
provides little gain in improving the quality of fit to our data.
Of the functions that yield the lowest AIC as a function of

the number of parameters, we investigated which of the 14
variables are involved in these functions to identify which
physical or chemical properties of the solvents may be most

relevant for polymorphic selection. Figure 4b provides a color
plot with the variables on the y-axis and the number of
parameters included in the functions on the x-axis. White
indicates that the parameter is not included in the function in
question; red indicates that the parameter is positively
correlated with the appearance of polymorph I (i.e., β is
positive), and blue indicates that the parameter is negatively
correlated with the appearance of the polymorph I (i.e., β is
negative) and instead positively correlated with the appearance
of polymorph II. From Figure 4b, we see that the number of
fluorines is positively correlated with the appearance of
polymorph I in all the functions examined. Other parameters
that consistently appear across the different “best case”
functions are the Hansen solubility parameter of the solvent
describing hydrogen bonding, which is negatively correlated
with the appearance of polymorph I, and solvents having
aromatic, ketone, and alcohol groups, all of which positively
correlate with the appearance of the polymorph I.
Given that the quality of fit between the function and our

data set levels off after the inclusion of 8 parameters, we
focused on functions having 8 parameters only. Figure 5a shows
the distribution of AIC for all the possible functions having 8
parameters. Of these functions, we selected 20 functions having
the lowest AIC scores (red box in Figure 5a) to further
determine which parameters appear consistently across these

Figure 4. (a) The AIC, which measures the quality of a function in
describing the data and imposes a penalty for having more parameters
in the function, of all possible combinations of parameters, plotted
against the number of parameters in each function. A lower AIC
indicates a better fit. The leveling off in the AIC beyond 8 parameters
indicates that using additional parameters provides minimal benefit in
yielding a better function. (b) Visual guide to the variables included in
each of the “best case” functions shown in (a).

Figure 5. (a) Distribution of AIC for all functions having 8
parameters; the 20 best functions having the lowest AIC score are
boxed in red. (b) Visual guide to the variables included in each of the
20 best functions having eight parameters.
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20 best 8-parameter functions to gain insight into the solvent
properties that are most relevant for polymorphic selection.
Figure 5b reveals which parameters are active in each function,
represented by the same color scheme used in Figure 4b.
Looking across the 20 best functions, we observe that several
parameters are active in all these functions. Specifically, the
solvent’s hydrogen-bonding Hansen solubility parameter is
consistently negatively correlated with the appearance of
polymorph I, and the presence of ketone and alcohol synthons
in the solvent is consistently positively correlated with the
appearance of polymorph I. Fluorination of cHBC is also
positively correlated with the appearance of polymorph I.
These correlations are thus consistent with previous observa-
tions in Figure 4b, which considered the best functions
independent of the numbers of parameters. Of the 20 8-
parameter functions examined, the 8-parameter function with
the lowest AIC score is

= − ‐

+ +

+ + +

−

y 0.574 (Hansen polarity) 1.32 (Hansen H bonding)

0.103 (solvent molar volume) 4.44 (aromatic)

26.5 (alcohol) 8.41 (ketone) 0.179

(no. F on cHBC) 8.87 (3)

To validate the accuracy of the predictions of our model, we
entered into eqs 1 and 3 the molecule and solvent parameters
for each of the 25 data points that were previously withheld
from the learning data set, obtaining for each film an expected
fraction of polymorph I. Figure 6 shows the absolute difference

between the expected and experimentally observed fraction of
polymorph I for each of the 25 data points. The test cases yield
a median absolute error of 0.023 and a root-mean-square error
of 0.34, which is within the absolute spread of experiments.
Indeed, 16 of the 25 samples were predicted within 0.1 absolute
fraction of the experimentally derived values of polymorph I.
The relationships we obtained are correlative and not

exhaustive because they are limited to the independent
variables we considered. Thus, eq 3 is not representative of
any fundamental relationship. However, the repeated appear-
ance of specific molecular and solvent parameters (e.g., number
of fluorines on cHBC, Hansen hydrogen-bonding, and presence
of ketone and alcohol groups in the solvent) across the best
models gives us confidence that these parameters are
influencing polymorph selection.
That solvents with ketone and alcohol synthons, which have

high tendencies to H-bond, are positively correlated with the
appearance of polymorph I whereas the Hansen H-bonding

parameter is negatively correlated with the appearance of
polymorph I is seemingly contradictory. We speculate that this
trend arises due to the fact that cHBC and its fluorinated
derivatives have poor solubilities in these two classes of
solvents. When precipitating the cHBC derivatives during
synthesis or when trying to grow single crystals, we have often
used alcohols and ketone-bearing acetone as the nonsolvent.
We surmise that these nonsolvents induce aggregation of cHBC
and its derivatives in their polymorph I form. Solvents with
high H-bonding tendency and in which cHBC and its
fluorinated derivatives have good solubility (e.g., THF) yield
polymorph II.
These trends point to the complexity of molecule−molecule

and molecule−solvent interactions at play and the nontriviality
of gaining physical insights with which solid-state assembly
takes place from data mining. While data mining by itself does
not provide these physical insights, it makes targeted studies to
explore specific questions such as these more tractable by
reducing the experimental phase space and parameters of
interest. For example, we found here that fluorination of cHBC
is positively correlated with the appearance of polymorph I.
Through an entirely different set of experiments specifically
focused on understanding the effects of fluorination on
polymorph selection in cHBC derivatives, we tried to
interconvert fluorinated cHBC films having polymorph I to
polymorph II and films having polymorph II to polymorph I.
We found that fluorinated cHBC films irreversibly converted
from polymorph II to polymorph I.33 Furthermore, the energy
barrier to convert fluorinated cHBC films from polymorph II to
polymorph I decreases with increasing fluorination,33 and the
empirical correlation determined in our present study
reinforces that the fluorination of cHBC derivatives favors
polymorph I.
We previously speculated that fluorination of cHBC favors

polymorph I because it disrupts the balance of intermolecular
C···C and C···H interactions upon fluorination.33 Large
polycyclic aromatics, like cHBC, tend to adopt one of two
different molecular packing motifs, brickwork or herringbone,
depending on the balance of C···C (i.e., π···π) and C···H (i.e.,
π···H−C) interactions.45−48 The brickwork packing motif tends
to be favored when C···C intermolecular interactions dominate
over C···H interactions, and the herringbone packing motif
tends to be favored when C···H intermolecular interactions
dominate over C···C interactions.45−48 Polymorph I has a
brickwork packing motif, and we believe polymorph II has a
herringbone packing motif.33 It follows that the brickwork
packing motif (polymorph I) would be increasingly favored
over the herringbone packing motif (polymorph II) as the
amount of intermolecular C···H interactions that favor the
herringbone packing decreases with increasing fluorination of
cHBC.

■ CONCLUSIONS
While macroscopic properties of molecular materials are known
to depend on their crystal structures, controllably and
predictively accessing a given crystal structure remains
challenging. Starting with amorphous films of cHBC and four
of its fluorinated derivatives, solvent-vapor annealing provides
access to polymorph I, polymorph II, or a mixed fraction of the
two depending on solvent choice. Applying a data mining
approach to our data, we found a correlative relationship
between the crystallizing molecule, the postdeposition crystal-
lizing conditions, and the resulting polymorph that has allowed

Figure 6. Absolute error between the predicted (using eq 3) and
experimentally obtained fraction of polymorph I in 25 cases examined.

Chemistry of Materials Article

DOI: 10.1021/acs.chemmater.8b00679
Chem. Mater. 2018, 30, 3330−3337

3335

http://dx.doi.org/10.1021/acs.chemmater.8b00679


us to predict the fraction of polymorph I that is present in test
samples. Such experimentally derived correlative relationships
can be extremely powerful for guiding future design of
molecules and development of processing conditions to access
desired polymorphs and cannot be derived using current
computational methods. Our correlative relationship that
predicts polymorph access may be directly applicable to other
polycyclic aromatic hydrocarbons and their fluorinated
derivatives that are similar to cHBC. More broadly, the
methods of polymorph screening and data mining that we
employed are applicable to other molecular materials beyond
organic semiconductors, like pharmaceutics, pigments, explo-
sives, and food additives, for which predicting and controlling
molecular polymorphism is critical but as yet nearly
nonexistent.
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