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Predicting the Probability of Observation of Arbitrary
Graphene Oxide Nanoflakes Using Artificial Neural

Networks

Benyamin Motevalli, Lachlan Hyde, Bronwyn L. Fox, and Amanda S. Barnard*

Although it has been well established that the stability and properties of
graphene oxide nanostructure are strongly influenced by the concentration,
type, and distribution of oxygen groups on the surface, there has yet to be a
definitive way of predicting the thermochemical stability in advance of
detailed and time-consuming experimentation or simulation. In this study, a
data set of over 60 000 unique graphene oxide nanoflakes and supervised
machine learning methods are used to predict the probability of observation
(stability) with perfect accuracy, based on a limited set of structural features
that can be controlled in advance. A decision tree is used to show how the
features determine the stability, and a neural network provides an equation to
predict the thermodynamic stability of virtually any configuration in minutes.
This enables researchers to use machine learning as research planning tool or

to assist in analyzing results from microanalysis.

1. Introduction

To date, an ever-growing body of literature has cataloged virtu-
ally all the properties of graphene oxide (GO)!*™ for catalysis, ]
energy,® electrochemical,l’”! sensing,®?! biomedicine,*”) and
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environmental applications.['! Similarly,

GO nanoflakes, finite sized fragments
of GO, have also been studied in de-
tail and proposed for a diverse range of
applications.[1271%]

While it has been known for nearly a cen-
tury that GO is a hydrophilic 2D oxidized
form of graphene, with O functional groups
decorating (and disrupting) the sp? basal
plane, the structure of GO is complicated!?”]
but fundamentally important. The perfor-
mance of GO is strongly coupled to de-
gree and type of oxidation, and virtually all
physical properties can be tuned by control-
ling the number and distribution of func-
tional groups on the (upper and lower) sur-
faces. In addition, the type, concentration
and distribution of O-groups, defects in GO,
must also be considered, whether they are
constructive or destructive.”] Defects include topological features
such as edges and corners, and atomistic features such as va-
cancies, dopants, or reconstructions. For more than 10 years, an
enormous amount of scientific attention has been given to how
to control the chemical structure of GO during synthesis and
processing!?1-%l and create a predictable and stable product based
on a predetermined set of experimental conditions. Stability is
important in ensuring that GO structures that are successfully
produced are persistent and robust against perturbations during
storage or application.[?”-%] Ideally, the stability should be pre-
dictable, along with the functional properties being engineered.

Predicting the stability of GO in advance of synthesis and
characterization has traditionally been the provenance of com-
putational studies,3-*2] which were successful in comparing and
ranking small sets of structures or predicting instability with re-
spect to the environmental conditions. This approach is appro-
priate when the structures in the set are simple, well defined, or
if the set is small. In cases where the number of unique configu-
rations is large, the relative stability (with respect to the number,
type, and distribution of O-groups and defects) must be analyzed
using machine learning.[** To date, machine learning has been
used to predict various properties of graphene and GO,!*~>°] but
a single predictive model for the widespread prediction of the sta-
bility of arbitrary GO nanostructures has yet to be reported.

In this study, we have used interpretable supervised machine
learning methods to identify the chemical and topographical fea-
tures of GO nanoflakes that are most important in determining
the relative stability, and report their ranking and relationship
using a decision tree. We find that the stability of over 60 000
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Figure 1. Examples of the graphene oxide nanoflakes contained in the data sets, contrasting different sizes, shapes, and oxygen group concentrations.

nanoflakes can be perfectly predicted by only 15 structure fea-
tures, all of which are input variables that would be used to in-
form experiments or the generation of computational data sets.
We then train an artificial neural network on these features and
obtain an analytical expression capable of predicating the rela-
tive stability of GO nanoflakes prior to computationally intensive
simulations or from measurements using standard microanaly-
sis instruments.

2. Data Set and Methods

The GO data set used in this study contains 60 944 sam-
ple instances, each of which has been optimized using the
density functional tight binding (DFTB) method, as described
elsewherel?>°! and in Supporting Information. This set is a
combination of three data sets containing neutral, anionic, and
cationic nanoflakes, each of which is available for download.[>¢->®]
The sizes range from 320 to 2457 A% with oxygen group coverage
(including epoxide and ether or hydroxyl) varying from 0% to
~52%, and morphologies including hexagonal, triangular, rect-
angular, and rhombic. All epoxide and ether groups were orig-
inally adsorbed as ketones before relaxation, but no ketones re-
mained after relaxation. Variations in edges are also included by
combining different ratios of armchair and zigzag edges. The
data set was cleaned and outliers with a thermodynamic probabil-
ity less than 10~® were removed, leaving an ensemble of 60 909
unique nanoflakes. Examples of these nanoflakes are shown in
Figure 1.

To describe each sample, 830 structural features (including
the charge state) were extracted to encode a wide range of
information, based on atomic, morphological, and topological
descriptors.[?] After analyzing the correlation between the fea-
tures, it was determined that a combination of 203 features can
effectively describe the combined neutral, anionic, and cationic
set, where the charges were applied adiabatically. These features
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are listed in Supporting Information. The target property label
is thermodynamic probability of observation (P) calculated us-
ing a Boltzmann distribution and the free energy of formation
at room temperature and atmospheric pressure with respect to
a reservoir of water vapor. The method for calculating the envi-
ronmentally dependent free energy is provided in ref. [20], be-
ginning with the total electronic energy and using the software
QuickThermo.P® The distribution of the probability is provided
in Supporting Information, showing the test/train split. This dis-
tribution is both imbalanced and bimodal (due to a larger num-
ber of smaller nanoflakes in the set and a distinct subset of much
larger nanoflakes), indicating that standardization and stratifica-
tion are required, as described in the Results. This is an important
step to avoid information leakage, where the range of the testing
set impacts the range of the training set. Stratification ensures
the distribution is the same at the outset, so it is not necessary to
standardize the testing and training sets independently.[60-61]
Regression is a type of supervised learning where the tar-
get labels are also provided with the features. In this study, we
have used the non-linear, non-parametric decision tree regressor
(DTR) to train model that predicts the relationship between the
structural features and the thermodynamic probability of obser-
vation based on simple decision rules inferred from the features.
Decision trees are trained by recursively splitting the data and are
able to handle multi-output problems. They are simple to under-
stand, and an explanation for the condition is easily explained by
boolean logic. Advantages of a decision tree regressor is that it re-
quires little data preparation, it can be validated using statistical
tests, and it can provide feature importance rankings and can be
visualized as a decision tree. The hyper-parameters of the DTR
were optimized using a grid search and applied using ten-fold
stratified cross-validation and a 20/80 test/train split. Disadvan-
tages include possible instability with respect to small variation
in the data, locally optimal decisions at nodes dominating since
they are based on heuristic algorithms (given an optimal decision
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tree is known to be NP-completel®?)), biased trees being created
if some classes dominate, and a propensity toward over-fitting
(they do not generalize well). This makes hyper-parameter opti-
mization very important. For these reasons, the DTR was chosen
for its intuitive interpretability, but we also calculated the learning
curve to test for convergence of the training and cross validation
scores to evaluate the accuracy and generalizability.

As we will see, once the important features have been con-

firmed, we used a multi-layer perceptron (MLP, a type of artifi-
cial neural network) to obtain an analytical expression for rapid
prediction of the probability of arbitrary GO nanoflakes using a
limited set of variables. An advantage of using a neural network
is that the model can be extracted analytically, in the form:
o; =f(Zax +b) (1)
where x; is the output o of neuron i in the previous layer, g, is
the weight of neuron i in the previous layer which is determined
during training, b is the bias determined during training, and f
is the activation function. The output of neuron n in layer [ of the
neural network is given by:

o = [f(zdl,, [ [F(zap [f(zain+ 8 )| +82)] ] +8)]
(2)

where x; is the i input feature, alhk is the weight in neuron h of
layer l of the output of neuron k from layer I — 1 in layer I, b is the
bias added to neuron p in layer ¢, and once again f is the activation
function. The time complexity of the MLP with back propagation
as given by the scikit-learn package!®! is O(n x m x h' x i), where
n is the number of training samples, m is the number of fea-
tures, k' is the number of neurons in each layer, / is the number
of layers, and i is the number of iterations. Training the neural
network involves calculating the error and back propagating this
error to each of the neurons, which updates the coefficients and
biases. The MLP regressor uses the log-loss function and can be
evaluated using any metric. This also included ten-fold stratified
cross-validation with a 20/80 test/train split, and evaluation us-
ing training, testing, and cross-validation scores, and the learn-
ing curve.

3. Discussion of Results

To begin with, we trained a DTR to identify the most important
structural features responsible for predicting the thermody-
namic probability of observation, P. All structural features were
normalized using a standard scaler which removes the mean
and scales to unit variance, and the hyper-parameters of the
model were optimized using a random grid search of 1000 itera-
tions. The optimal DTR was found to require: criterion=“mae”,
max_leaf_nodes=None, min_impurity_decrease=10"7, max_
depth=10, splitter="best” , max_features="auto”, min_samples
_leaf=5, and min_samples_split=5, with a random state of 42.
Training this model on the 60 909 instances and in the 203
dimensional feature space gave a perfect result of an R? . =1.0,

2 =1.0, and cross-validation score 1.0 + 0.00003. It is rare to

train

achieve such a good result, which is partly due to appropriate
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model selection, partly due to the identification of ideal hyper-
parameters, and partly due to the existing of a strong underlying
relationship between the target label and the data. This is more
common in computational data sets than experimental data sets,
but is still difficult to achieve. The training and testing plots are
shown in Figures 2a and 2D, respectively. The decision tree is
provided in Supporting Information, but has only been used
here for the purposes of feature selection.

The learning curve shown in Figure 3a, which shows the
model performance with increasing amounts of data, testifies
to the lack of under-fitting or over-fitting, but to determine how
many of the features were contributing to the model, we per-
formed recursive feature elimination with ten-fold cross valida-
tion, and as shown in Figure 3b, there is no change beyond the
optimal number of 15 features. In Figure 3¢, we can also see the
feature importance profile, which provides a ranking of how in-
fluential each of these structural features are in determining P.
Here, we can see that the profile rapidly decays and that the im-
portance of the 15th feature of the 203 (the oxygen concentration)
is effectively zero. In principle, any interpretable feature selection
method could be used, including methods such as least abso-
lute shrinkage and selection operator regularization (LASSO)!%;
however, some that use shrinkage (like LASSO) have the disad-
vantage of basing the dimension reduction on the feature vari-
ance, rather than the relative importance to the label prediction.
Low variance features will be set to zero by the L1 regularization
(which adds a penalty equal to the absolute value of the magni-
tude of coeflicients), regardless of whether there is a strong cor-
relation to the target. Methods based as RFE using feature im-
portance profiles, or explainable AL®! ensure that features with
a strong relationship to the target are retained, even if the numer-
ical variance is low.

The 15 most important features are listed in Table 1. These
structural features are intuitive (which they may not have been
if a shrinkage method such as LASSO had been used), but do
not include the fraction of aromatic (sp>-bonded) carbon, or de-
fects related to ether groups,®! which are also often considered
to be energetically important. On a case-by-case basis broken
bond defects may impact the formation energy significantly, but
these results indicated that in a collection of over 60 000 a de-
fective nanoflake is no more or less probable than one with the
C-C bonds intact, as the only feature related to defect formation
(ring_density_7_reducible_all, drr,) is of low rank. In general, the
probability of observation is determined by the size, edge passiva-
tion, and the type and distribution of oxygen-containing groups,
but not their concentration. This is counter intuitive, since we
know that the total energy of the nanoflakes will be affected by the
oxygen concentration, however, according to the data, the quan-
tity oxygen is not as important as the it is clustered or separated
a over the nanoflake . This is good news for manufacturers as it
suggests that small variations in the oxygen concentration can be
tolerated, provided the coverage is controlled.

These results also provide a remarkable opportunity. All of the
most important structural features identified by the DTR relate
to input design parameters, and do not require electronic struc-
ture simulations (or any other simulations) to calculate them. The
fraction of sp?-bonded C atoms and many other structural fea-
tures in the set, all require the nanoflake structures to be fully
relaxed, but the features listed in Table 1 can be determined for
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Figure 2. a) The training results for the decision tree regressor trained on 48727 GO nanoflakes using 203 structural features, and b) the testing results

(12182 nanoflakes and 203 features).

Table 1. Important features from the optimized decision tree regressor in a 203 dimensional feature space, ranked in order of influence in determining
the thermodynamic probability of observation, P. Note that the H-C_-coordination and C—H_-coordination are not the inverse of the same feature, as
H—C_-coordination omits H-O bonds and ignores C-O bonds, whereas C—H_-coordination omits C-O bonds and ignores H-O bonds. No hydrogen
atoms were adsorbed in-plane during data generation, so H-C_-coordination omitting H-O bonds can only reside on the edges.

Rank feature Interpretation Symbol

1 all_agent_group_count The total number of hydroxyls, ethers, and carboxyls over a given area Neroups

2 H-C_-coordination The fraction of H atoms bonded to C atoms, reflecting the degree of edge passivation HCoord

3 min_diameter The minimum diameter, which is reflected in the anisotropy D pin

4 area The total area of the GO nanoflake, reflecting the overall size A

5 norm_lyy_hydro_area The moment of inertia of the normalized density distribution of hydroxyl groups around the I, (OH)
y-axis normalized by the area, reflecting the distribution of OH

6 H_concentration The concentration of H atoms c(H)

7 C—H_-coordination The fraction of C atoms bonded to H atoms, reflecting the degree of edge passivation CH pord

8 hydroxyl_concentration The fraction of oxygen groups that are hydroxyl (as opposed to epoxide, ether, or carboxyl) ¢(OH)

9 ZZ_edge The fraction of zigzag edges, which reflects the fraction of armchair edges, as they sum to 1 zz

10 C_concentration The concentration of C atoms c(H)

11 norm_Ixx_O_area The moment of inertia of the normalized density distribution of oxygen atoms around x-axis 1 (O)
normalized by area, reflecting the distribution of O

12 ring_density_7_reducible_all Density of reducible (all) 7 membered rings formed when an epoxide breaks a C~C bond to form drry
an ether, reflecting the density of ethers

13 density_loc_hydro_mean The average local density of hydroxyl groups, reflecting the degree of clustering of OH p(OH)

14 max_diameter The maximum diameter, which is reflected in the anisotropy D,

15 O_concentration The concentration of O atoms c(0)

un-relaxed nanoflake structures, or based on hypothetical combi-
nations. To confirm that these 15 structural features are sufficient
to predict P, we re-optimized and trained a DTR on the entire
60 909 GO set using only these structural features. Once again,
the model was optimized using a random grid search, but re-
turned the same set of hyper-parameters. The reduced set gave an
R’ . =R’ =1.0, and cross-validation score 0.999 + 0.003. This
confirms that this limited set of input design parameters can be
used to predict the probability of a given GO nanoflake prior to
any simulation. The hyper-parameters for this model, in addition
to plots of the results, is contained in Supporting Information.
The actual tree explaining how the model came to these re-
sults is provided in Supporting Information (due to the size),

Adv. Theory Simul. 2022, 5, 2200013 2200013 (4 of 9)

where we can see it has a depth of 16 and initially splits based
on the area, and then again on the area and H-concentration, be-
fore splitting on the most important feature at a depth of 4. It is
not essential that decision trees split in order of feature impor-
tance, as is the case here. Readers will also note that there are
“outliers” in the DTR prediction, though the disagreement is less
than 1%. These instances are hexagonal nanoflakes 4.8 nm in
diameter, with armchair edges and 16% oxygen concentration.
They have significant out-of-plane distortions, and a higher than
normal fraction of “strained” bonds, where angles are distorted
(more than 140 degrees).

Decision trees are generally not specific enough to make a
specific prediction. To increase the utility of these results, we
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Figure 3. a) The learning curve showing a perfect result with no over-fitting or under-fitting, b) the feature elimination plot showing no change in the
cross-validation score beyond an optimal number of features of 15, and c) the feature importance ranking of the top 15 structural features in order of

influence.

trained an artificial neural network (ANN) using the reduced fea-
ture set to predict P. The ANN was optimized using a random
grid search over 1000 hyper-parameter combinations allowing
up to three hidden layer and up to 15 neurons per hidden layer,
resulting in the hyper-parameters: solver=“adam”, activation =
“tanh”, max_iter=257, alpha = 0.008, learning_rate="“adaptive”,
hidden_layer_sizes=(8,), early_stopping=True, with a random
state of 42. The tolerance for the optimization was 107*, the nu-
merical stability was 1078, and samples were shuffled in each it-
eration. This means we have one hidden layer with eight neu-
rons. In this case, since we seek an analytical expression that can
be used to predict P directly, we have used the un-scaled feature
values, and obtained an R? . = R’ =0.995, and cross-validation
score 0.994 + 0.005. The resultant weights and biases give the fol-
lowing expression for predicting the probability of observation of
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any small GO nanoflake with a total oxygen concentration under
50%:

P = —0.07158h, — 0.1319h, + 0.0010k; — 0.0222h,

—0.1053h; — 0.0083h, + 0.0716h, — 0.0807hs +0.1192  (3)

with

+ —0.00472HC

coord

h, = £(0.00048N,

groups

~0.01325D,,,
—0.01397A — 0.044511, (OH) — 0.00429¢(H)

—0.02898CH_,,,; — 0.00229¢(OH) + 0.00196ZZ

coord

+0.00163¢(C) + 0.007571,,(O) — 0.00353drr,
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—0.04675p(OH) — 0.02241D,,, + 0.00441¢(O)
+0.31229)
hy = f(~0.00930N,,,,,,, + 0.01569HC,,,,, — 0.08178D,,,,

—0.05628A — 0.129891,,(OH) + 0.01784c(H)

—0.08519CH_,,,; — 0.02502¢(OH) + 0.03753ZZ

coord

+0.02478¢(C) + 0.016391,,(O) — 0.01584drr,

+0.00304p(OH) + 0.00023D,,,.. + 0.00181¢(O)

max

+0.70646)

hy = £(0.00021N,,,,,,, — 0.00007HC,,,,, + 0.00024D,,,,

TOUpS

+0.00014A + 0.00003I, (OH) — 0.00001c(H)

—0.00021CH, 0.00012¢(OH) — 0.00009Z2Z

coord —

+0.00014¢(C) + —0.000081,,,(0) — 0.00019drr,
—0.00191p(OH) — 0.00100D,,,. — 0.00022¢(O)

+0.04104)

hy = f(0.00279N,,,,,,, — 0.00269HC

roups coord —

0.00036D,,
—0.00368A — 0.009731,, (OH) — 0.00170¢(H)

—0.00838CH, 0.00319¢(OH) + 0.00229Z2Z

coord —

+0.00331¢(C) + 0.000921,(O) — 0.00417drr,
+0.00597p(OH) + 0.01535D,,,. — 0.00207¢(O)

~0.29152)

hs = f(0.00326N,,,,,, — 0.00894HC,,,,, +0.07964D,,

TOUpS

+0.09312A + 0.081931, (OH) — 0.00487¢(H)
+0.08820CH,,,; + 0.03253¢(OH) + —0.029152Z
—0.01515¢(C) — 0.021381,,(O) + 0.02707drr,

+0.04232p(OH) + 0.05010D,,,, + 0.00135¢(O)

max

+0.07012)

hg = f(0.00170N,,,,,,, — 0.00149HC,,,, + 0.00018D,,,

TOUpS

~0.00131A — 0.004521, (OH) — 0.00079¢(H)

—0.00433CH_,,,; — 0.00165¢(OH) + 0.00090ZZ

coord
+0.00176¢(C) + 0.000261,,(O) — 0.00242drr,
—0.00120p(OH) + 0.00122D,,,,,, — 0.00132¢(O)

—0.17209)
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+ 0.00746HC,

roups coord —

hy = f(~0.00911N, 0.00362D,,,,
+0.00636A + 0.024791, (OH) + 0.00399¢(H)

+0.01913CH_,,,; + 0.00438¢c(OH) — 0.00184ZZ

COoor¢
—0.00796¢(C) — 0.001791,,(O) + 0.01081drr,
—0.02900p(OH) — 0.00796D,,.. + 0.00556¢(O)

+0.34999) (10)

+ 0.00154HC,

oups coord —

hs = f(~0.00214N,, 0.02285D,,,
—0.02306A — 0.056801,,(OH) + 0.00219¢(H)

—0.03819CH, 0.01243¢(OH) + 0.014192Z

coord —
+0.01114¢(C) + 0.012451,,(O) — 0.00875drr,
— 0.04288p(OH) — 0.04409D,,. + 0.00197¢(O)

+0.52445) (11)

where f is the hyperbolic tangent (tanh) activation function,

e’ —e™
e e’

flx) = (12)
The model fits and learning curves for the ANN are shown in
Figure 4, where we can see that the ANN can handle the out-
liers effectively. Reducing the number of neurons in the hid-
den layer to seven resulted in a significant reduction in perfor-
mance, though with thmin=thest=0'995’ and cross-validation score
0.993+0.003. While these scores are not significantly different
and a reduction of one neuron would simplify the system of equa-
tions, a comparison of the predicted value and the ground truth
shows it is a fortuitous cancellation of errors and that the residu-
als have increased significantly (see Supporting Information). A
linear regressor using the same 15 important features returned
R’ . =R’ =0.948 cross-validation score 0.868 + 0.482, introduc-
ing only minor under-fitting, but severely undermining the gen-
eralizability by introducing significant over-fitting.

Although this is a complicated expression, particularly given
that f is the tanh activation function, it is possible to code this
into any program language or sophisticated spreadsheet pack-
age. With these expressions, it is possible to predict whether
a given GO nanoflake structure is likely to have a high or low
probability of observation (be stable or unstable), without need-
ing to simulate it or a range of alternatives to compare to.
This provides the opportunity for rapid pre-screening of can-
didates prior to high-throughput computational discovery and
design, reducing the risk of identifying high-performing con-
figurations that will be difficult to produce in reality.l It also
facilitates more targeted simulation strategies that reduce the
number of simulations required to find low-energy configura-
tions that converge rapidly to their ground state, making com-
putational studies less expensive and energy intensive. This
is particularly important given recent concerns about the ef-
fects of this power consumption on the environment, as high-
performance computing platforms typically use as much energy
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Figure 4. a) The training results for the artificial neural network trained on 48727 GO nanoflakes using the top 15 structural features, and b) the testing
results (12182 nanoflakes and 15 features), and c) the learning curve showing a perfect result with no over-fitting and minimal under-fitting, provided

sufficient data are over 35 000 instances.

as a small city.!®”] New processors such as tensor processing units

designed specifically for machine learning are even less en-
ergy efficient, so hardware optimization is likely to drive even
higher energy needs.[®®] Even the collective energy consumption
of the huge number of personal computers currently training
and running ML models is staggering[®®! and has led to calls for
“Green AI”.U7%]

These results demonstrate that decisions made regarding the
experimental design in laboratory studies have a salient influ-
ence on the stability of GO nanoflakes. Only stable structures
have a high probability of observation and may be expected
to survive the rigors of processing or purification strategies,
preserving the structure and composition intended during
synthesis.[21-%¢] By tuning the variables identified here, it may
also be possible to drive synthesis into a more stable region
of the configuration space without the need for excessive trial
and error.[¥*] Stability is one of the only areas with emerging
standards for nanomaterials, including graphene and graphene
oxide.l”t! Stable GO structures with a higher probability of obser-
vation will also be less prone to degradation, with limited aging
effects,”? and has so far limited the supply chain length for

Adv. Theory Simul. 2022, 5, 2200013 2200013 (7 of 9)

graphene products. This could be an advantage to manufacturers
who aim to provide reliable and reproducible products to their
customers.

4, Conclusions

To summarize the results, we have shown using a data set of
over 60 000 unique graphene oxide nanoflakes created using elec-
tronic structure simulations, and a series of machine learning
methods, that the probability of observation (stability) can be pre-
dicted in advance of simulations or experimentation based on a
limited set of human interpretable structural features. A decision
tree has been generated to show how these features determine
the stability, and a neural network has been used to provide an
analytical expression that can be used without needing to per-
form thousands of simulations, or in concert with measurements
taken in the lab. The models all have perfect accuracy and gener-
alizability and can be used with confidence to predict the thermo-
dynamic stability of virtually any configuration in minutes. This
enables researchers to use machine learning as research plan-
ning tool, as well as a powerful way to analyze new results.
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