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Manganese dioxide compounds are widely used in electrochemical applications e.g. as electrode
materials or photocatalysts. One of the most used polymorphs is y-MnO, which is a disordered inter-
growth of pyrolusite f-MnO, and ramsdellite R-MnO,. The presence of intergrowth defects alters the
material properties, however, they are difficult to characterise using standard X-ray diffraction due to an-
isotropic broadening of Bragg reflections. We here propose a characterisation method for intergrown
structures by modelling of X-ray diffraction patterns and pair distribution functions (PDF) using y-MnO, as
an example. Firstly, we present a fast peak-fitting analysis approach, where features in experimental diffr-
action patterns and PDFs are matched to simulated patterns from intergrowth structures, allowing quick
characterisation of defect densities. Secondly, we present a structure-mining-based analysis using simu-
lated y-MnO, superstructures which are compared to our experimental data to extract trends on defect
densities with synthesis conditions. We applied the methodology to a series of y-MnO, samples syn-
thesised by a hydrothermal route. Our results show that with synthesis time, the intergrowth structure
reorders from a R-like to a p-like structure, with the p-MnO, fraction ranging from ca. 27 to 82% in the
samples investigated here. Further analysis of the structure-mining results using machine learning can
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enable extraction of more nanostructural information such as the distribution and size of intergrown
domains in the structure. Using this analysis, we observe segregation of R- and p-MnO, domains in the
manganese oxide nanoparticles. While R-MnO, domains keep a constant size of ca. 1-2 nm, the -MnO,

rsc.li/dalton domains grow with synthesis time.
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Introduction

Due to the increasing need for sustainable technologies, a
high interest has grown for functional materials based on
earth abundant elements. Manganese dioxide MnO, is an
interesting compound in that perspective. Manganese oxide
crystallises in several polymorphs including layered structures,
tunnel structures, as well as spinel, rutile, and hollandite
structures. These show a range of different electrochemical
properties, allowing for targeted materials design for e.g.,
energy technologies.’™® In this study, we focus on the y-MnO,
polymorph in the MnO, family. y-MnO, is of great interest as
it is frequently used in commercial batteries as an electrode
material and is investigated for secondary battery systems.” °
However, the structural complexity of y-MnO, has made it
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difficult to fully map its relations between synthesis, structure
and properties. The structure can be represented as an inter-
growth of B-MnO, (P4,/mnm) and R-MnO, (Pnam) slabs
(Fig. 1). p-MnO, crystallises in the rutile structure and is built
from single-chains of edge-sharing [MnOg] octahedra, which
are connected through corner-sharing octahedra along the a-

Pnam

a=9.32A
b=445A
c=285A

P4,/mnm
a=b=445A
c=285A

y-MnO,

Fig. 1 B-MnO; (a) and R-MnO, (b) can randomly be stacked along their
common a-axis to form an intergrowth y-MnO, structure (c).
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and b-axis. R-MnO, is closely related but contains double-
chains of edge-sharing [MnOg¢] octahedra along the g-axis. The
mixing, or intergrowth, of these two parent structures within
the same 0>~ hep sublattice results in the y-MnO, structure as
illustrated in Fig. 1."*™"* The intergrowth structure can be con-
sidered a sub-ordered sequence of faults along a common crys-
tallographic direction, here the a-axis, within the O*>~ hcp
sublattice.’>'* The structure is also referred to as containing
“De Wolff defects”, named after P. M. De Wolff who was one of
the first to work on the characterisation of this phase.™ A con-
sequence of intergrowth is a huge variability in the structure of
different y-MnO, samples, which heavily influences the
material properties.®>*®8

However, the defects make the characterisation of y-MnO,
challenging. The structural disorder gives rise to anisotropic
broadening of Bragg reflections in powder diffraction patterns
from y-MnO,, and analysis beyond e.g., standard Rietveld
refinement is required. In the past decades, several approaches
using X-ray diffraction (XRD) have been developed to character-
ise the y-MnO, structure. A first approach was proposed by De
Wolff,"® who related the broadening of specific Bragg peaks in
R-MnO,-like y-MnQO, to the amount of f-MnO, domains. Later,
Chabre and Pannetier'” interpreted De Wolff defects using a
statistical model of the intergrowth structure. By defining a De
Wolff defect distribution to describe the intergrowth rate, they
modelled a library of y-MnO, XRD patterns. From this library,
they were able to find patterns in the line position and broad-
ening and determined empirical rules to estimate the inter-
growth rate of y-MnO, for real samples from their diffraction
patterns. Another approach has been used by Simon et al.,
who performed multi-phase Rietveld refinements on patterns
from y-MnO, samples using the R-MnO, and $-MnO, struc-
tures, as well as a highly disordered e-MnO, model, where
Mn*" ions partially occupy all octahedral sites in the O*~ hep
sublattice.'® This provided good agreement between the model
and experimental data and allowed quantification of the
different phases. The intergrowth in y-MnO, have also been
characterised using Pair Distribution Function (PDF) analysis.
The PDF is obtained by Fourier transforming the normalised
and corrected total scattering data, and can provide infor-
mation on the local and medium range structure in materials.
Using PDF, Galliez et al.®® characterised y-MnO, samples by
fitting their PDFs with the f-MnO, and R-MnO, parent struc-
tures. This approach gave information about the fractions of
parent structures in y-MnO, samples, but was not able to
account for the De Wolff defect distribution in the structure.

In a broader context, several tools have been developed for
characterisation of planar faults in various crystal structures.
In DIFFaX,*' faulted crystal structures are modelled by defin-
ing the unit layers that the system consists of along with a
stacking fault probability for each layer, which allows calcu-
lation of scattering intensities. The scattered intensity of the
faulted structure is calculated analytically using the structure
factor of individual unit layers and an inter-layer interference
term that account for the stacking probability of the different
layers. This method was used by Chabre and Pannetier in their
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analysis of the effect of De Wolff defects in y-MnO, in XRD pat-
terns.'® DIFFaX+, developed by Leoni et al.?* allows to directly
refine stacking probabilities in order to quantitatively estimate
defect densities. A similar methodology has been
implemented in the FullProf suite software package through
the FAULTS program, developed by Casas-Cabanas et al®® A
tool for simulating XRD patterns from structures with stacking
faults has also been implemented in TOPAS by Coelho
et al.>*® This approach is based on the generation of super-
cells, from which individual scattering signals can be calcu-
lated. Simulated XRD patterns are then obtained by averaging
over these signals. Other approaches in the literature are also
based on modelling supercells for calculation of scattering
patterns.”®*” Planar defects in nanocrystalline materials have
furthermore been studied with PDF analysis, where the unit
layers can be accurately described by the local range of the
PDF and medium range by modelling faulted supercells.*®*"**

In this paper, we develop a new method for intergrowth
characterization. We combine analysis of y-MnO, XRD patterns
and PDFs, which allows to investigate which of the two
methods is better suited for characterization of intergrown
systems such as y-MnO,. First, a large database of intergrowth
superstructures with varying De Wolff defect distributions is
constructed, using the statistical model developed by Chabre
and Pannetier,'” and XRD patterns and PDFs from these struc-
tures are simulated. We then use the modelled patterns to
establish trends in XRD/PDF peak intensity and shape with
intergrowth parameters, which allows development of a peak-
fitting method for estimation of defect densities. Secondly, we
use the structures in the database for ‘structure-mining’
through Rietveld analysis against experimental data from
hydrothermally synthesized manganese oxide nanoparticles.
This analysis allows identification of the best fitting structure
for a given dataset, so that trends on defect densities in a
series of samples can be extracted. Thirdly, the structure-
mining results are given to a machine learning algorithm
which makes it possible to extract information on the size of
domains in the intergrowth samples. This gives new insight
into the formation and growth of y-MnO, intergrowths.

Methods

Sample synthesis

All y-MnO, samples have been synthesised using a soft chem-
istry route. The synthesis method is adapted from the protocol
used by Wang et al.** MnSO, and (NH,4),S,0; are dissolved in
deionised (DI) water. The synthesis was conducted hydrother-
mally at 150 °C for 2 h, 3.5 h and 5 h with a starting concen-
tration of Mn®" ions of 0.7 M and a Mn>": $,04>™ ratio of 5: 3
using a Teflon-lined steel autoclave. The autoclaves were then
left to cool down at room temperature after heating. The as-
synthesised black solid was filtered and washed 3 times each
with DI water and ethanol before being left to dry at room
temperature. The samples were labelled sample 1, 2 and 3,
corresponding to heating time of 2, 3.5 and 5 h, respectively.
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XRD and X-ray total scattering measurements

The samples were put in Kapton tubes and XRD as well as
X-ray total scattering patterns were measured at the I15-1
beamline at Diamond Light Source, United Kingdom.
Scattering patterns from an empty Kapton tube and from a Si
standard sample were measured as well. The Kapton tube data
were used for background subtraction and the Si standard was
used to account for instrumental broadening of the Q-space
peaks. The total scattering data were acquired on a Perkin
Elmer XRD 1611 CP3 2D detector with a pixel size of 100 x
100 pm®. The XRD data were collected on a Perkin Elmer XRD
4343 CT 2D detector with a pixel size of 150 x 150 pm>. The
sample to detector distances were 283 mm (total scattering)
and 670 mm (XRD) using a wavelength of 0.1618 A.

The 2D images were integrated using Dawn.’> PDF data
were obtained by Fourier transformation of the normalised
and corrected total scattering patterns using XPDFSuite*® with
a Qmin value of 1.0 A™' and a Q. value of 23 A™! after sub-
tracting the scattering contribution of the Kapton tube.

Transmission electron microscopy (TEM)

Transmission electron microscopy images have been recorded
with a Tecnai T20 G2 S-TEM with HT 200 keV and a LaBy fila-
ment. The samples were prepared by dropcasting a suspension
of MnO, nanoparticles in ethanol on lacey carbon coated
copper TEM grids. The Image]*” software was used for image
processing and analysis.

Results and discussion

Three y-MnO, samples with different amounts of De Wolff
defects were synthesised. To achieve different defect densities,
the samples were hydrothermally treated for 2 h (sample 1),
3.5 h (sample 2) and 5 h at 150 °C (sample 3), respectively.
Fig. 2a and b shows experimental XRD patterns and PDFs
obtained for sample 1, 2 and 3 along with calculated patterns
of B-MnO, and R-MnO,. The preparation of the samples differs
only by synthesis time, and we can observe that the longer the
synthesis (sample 3), the structure of the samples becomes
closer related to f-MnO,. The samples prepared with shorter
syntheses times, sample 1 and 2, show reflections from both
phases, indicating a structure containing features from both
f-MnO, and R-MnO,. For all three samples, some reflections
in the XRD patterns are broader than others, such as the 110
peak of R- and p-MnO, at 1.5 and 2.0 A" in comparison to the
011 peak of p- and R-MnO, around 2.5 and 2.6 A™', high-
lighted by the dotted line in Fig. 2a. This anisotropic broaden-
ing is coupled with a small shift of the peak position of the
110 peaks of the parent structures from one sample to the
other. According to DIFFaX simulations from Chabre and
Pannetier,” this peak shift is related to changes in the De
Wolff defect distribution, confirming the presence of inter-
grown structures in our y-MnO, samples. Micro-twinning
along the 201 and 601 planes of the R-MnO, parent structure
can also happen in y-MnO, samples, but only affects the peak
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Fig. 2 Experimental XRD patterns (a) and PDFs (b) of samples 1, 2 and 3
showing diverse intergrowth rates as relative intensity of reflections of
XRD and peaks of PDF varies. The presence of a secondary phase
a-MnO; is indicated by (*) in the XRD patterns. Theoretical XRD and PDF
patterns of R- (red) and p-MnO, (black) parent structures are shown as
well. Yellow, green and blue lines in (b) correspond to the first Mn—O
and Mn-Mn distances found in these structures as emphasised in (c) in
the R-MnO, structure. TEM images of samples 1 (d), 2 (e) and 3 (f).

position of these particular reflections, according to DIFFaX
calculations of Chabre and Pannetier.'> We do not observe any
such significant effect here. In addition to y-MnO,, we observe
impurities of a-MnO,, indicated by stars in Fig. 2a. No evi-
dence of a significant fraction of remaining Mn>" ions from
the precursors could be observed. Mn>* containing com-
pounds would likely give rise to a Mn-O peak around 2.2 A in
the PDF,*® which is not observed in our experimental data.
Furthermore, synthesis of manganese oxides often leads to the
formation of manganese dioxide hydrate MnO(OH), that give
rise to a peak on the XRD data around 0.5 A=*.* Such a peak
is not observed in our experimental data.

The PDFs of the three samples (Fig. 2b) show similarities in
peak positions, but differ in relative intensities. They also
clearly reflect different sizes of the crystallites, or at least their
coherent scattering domains, which increases from sample 1
to 3, as less damping of the PDF signal is seen at high r
values. TEM images of the synthesised samples (Fig. 2d-f and
Fig. S17) do indeed show that samples 1, 2 and 3 show needle-
shaped particles whose diameter increase with synthesis time,
and we estimate them to be ca. 7 nm, 15 nm, and 54 nm,
respectively. According to previous work, the long dimension
of the needles can be assigned to the [001] direction of the p-
and R-MnO, structures,”**™** such that the intergrowth direc-
tion is along the diameter of the needles. This anisotropic
shape can also explain partially the anisotropic broadening of

This journal is © The Royal Society of Chemistry 2022
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the peaks on XRD data. However, the effect of De Wolff defects
is prominent as it gives rise to even smaller intergrown
domains within the sample.

Creation of y-MnO,, supercells with various De Wolff defect
distributions

To characterise the defect chemistry of the three samples, we first
investigate how different De Wolff defect distributions generally
affect the XRD patterns and PDFs. The first step for the develop-
ment of the methodology was therefore to generate a database of
y-MnO, supercells containing various De Wolff defect distri-
butions using the approach sketched in Fig. 3. To do so, rules
based on the study from Chabre and Pannetier'” were applied.
First, a pair of asymmetric units A and B (Fig. 3a) were identified
and described in a primitive cell. Both consist of a pair of [MnOg]
octahedra sharing one corner. However, for A, one of the Mn
atoms is placed at the origin of the cell and the other one at (1/2,
1/2, 1/2), whereas for B the Mn atoms are placed at (0, 1/2, 1/2)
and (1/2, 1/2, 0). Stacking of 2 similar units A-A or B-B with a
stacking vector (ag, 0, 0), (ag being the a cell parameter in the
structure) yields a regular p-MnO, structure. In contrast, stacking
of two different units A-B or B-A yields a regular R-MnO, struc-
ture. Here, the stacking vector is (ag/2, +0.026bg, 0), with ax and
br being the a and b cell parameters of R-MnO,. The slight shift
(0.026) along the b-axis needs to be added to adjust for corner-
sharing [MnOg| octahedra in the R-MnO, structure. To keep a
straight structure, the shift along the b-axis alternates from one
sequence to the other. As such, the unit B will be shifted by
+0.026b; along the b-axis with respect to unit A in a stacking
sequence A-B, whereas an opposite shift of —0.026b; along the
b-axis is applied in a B-A sequence.

The statistical approach of Chabre and Pannetier'? involves
the definition of De Wolff defect distribution probabilities Py,
and P.. P, corresponds to the probability of having a regular

a Presentation of asymmetric units:
A-A-A-.... or a=440A

c=285A

B-B-B-...

a=46.6A

Unit B ABABA-.., b=4.40A
c=285A

with

a=b=440A

c=285A

b lterative stacking of asymmetric units:

@i-1)" unit i unit (i+1)™ unit i=10 a=445A
. AA‘-.'.‘\ c=285A

X<l
/ Py anB a=456A
A% _ W& b=440A
= c=285A
a=455A
c=285A

5 x<P,_» ABA <
. AB-:;‘-/
.3, Generation of a m ABB <:
*+ random number
X with 0<x<1
Fig. 3 Creation of supercells. The asymmetric units A and B (a) stacked
in a regular fashion yield either the p- or R-MnO, structure. When
stacked iteratively based on De Wolff defect distribution probabilities Py,
and P, (b), superstructures with different amounts of De Wolff defects
are created. (b) gives an example of a stacking sequence where the (i —
1)™ unit A is assumed to be part of a $-MnO, block, and therefore the
stacking of the i*" unit relies on Py,
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B-MnO, stacking, i.e. an A-A or a B-B sequence and P, corres-
ponds to the probability of having a regular R-MnO, stacking,
i.e. an A-B or a B-A sequence. A combination of these two
probabilities gives the respective phase fractions of $-MnO,
domains (%p-MnO,) and R-MnO, domains (%R-MnO,) by eqn
(1) and (2):

1-P
%p —MnO, = ————"— x 100% 1
op 2 P 0 (1)

2—P —Py

By
- b x100% (2)

P, — Py,

We generate the supercells with varying P, and P}, using a
simple method based on iterative stacking of asymmetrical
units A and B. The process is based on setting the value of Py,
P, and of a random number x (between 0 and 1), which is gen-
erated in each stacking step as shown in Fig. 2b. The following
rules were used: if the i and (i — 1)™ units are the same, i.e. A
and A or B and B, the type of the (i + 1) unit to stack depends
on Py, and x. If x < Py, the stacking remains regular (A-A-A or
B-B-B) representing $-MnO,. If x > P, the opposite unit is
stacked (resulting in A-B-A or B-A-B), thus generating stack-
ing faults in the p-MnO, structure. Conversely, if the i-th and
(i — 1)™ units are different, i.e. A-B or B-A, the nature of the
(i + 1)™ unit depends on P,. If x < P,, the same unit present in
the (i — 1)™ step is added, resulting in A-B-A or B-A-B struc-
tures, corresponding to a regular R-MnO, sequence. If x > P,
the same unit is stacked (resulting in A-B-B or B-A-A) creating
a stacking fault in the R-MnO, structure.

We generated such superstructures in the whole (Py, P;)
parameter space, varying both probabilities between 0.01 and
0.99 with an increment of 0.01, yielding 9801 different super-
cells. The starting point was sequence A-A. Each of them con-
sists of 250 stacked sequences. The a cell parameter of the
supercell is calculated by summing up all individual a-com-
ponents of the stacking vectors for the whole supercell,
ranging from 900 A to 950 A.

Pattern simulation and peak-fitting analysis

Using the database of 9801 supercells generated above, we first
use a simple, peak-fitting analysis to estimate the defect distri-
bution in our experimental samples from the appearance of
the scattering patterns and PDFs. XRD and PDF patterns were
calculated from each of the supercells using TOPAS
Academic.** In both cases, the isotropic atomic displacement
parameters (ADP) of manganese and oxygen Bjs, were set to
0.2 A% A Gaussian profile with a peak width based on a
Caglioti polynomial, Utan(6)* + Vtan(0) + W** with U = 0.42, V
=-0.36 and W= 0.70 was used.

PDFs from the superstructures were calculated in an
r-range up to 20 A with a Qgamp Of 0.04 A™" and a Qmax of
23 A™" to model instrumental parameters close to those of a
real experiment.

Fig. 4a and d show contour plots of the simulated XRD pat-
terns and PDFs for supercells for which eqn (1) satisfies the
condition %p-MnO, = P, (and conversely eqn (2) satisfies the

Dalton Trans., 2022, 51,17150-17161 | 17153
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Fig. 4 Modelled XRD patterns (a) and PDFs (d) from supercells for
which eqn (1) satisfies the condition %p-MnO, = Py, 110 (1.5 A~ and
2.0 A™Y and 011 (ca. 2.6 A™) reflections of R-MnO, and $-MnO, are
shown by (°) and (*), respectively. Modelled XRD patterns (b) and PDFs
(e) for %p-MnO, — 0% (red curve) compared to parent R-MnO, (blue
curve). Modelled XRD patterns (c) and PDFs (f) for %p-MnO, — 100%
(red curve) compared to parent f-MnO; (blue curve).

condition %R-MnO, = P,) in the range 0% < %p-MnO, <
100%. The modelled XRD patterns show good agreement with
those previously reported.">*® When %p-MnO, is close to 0%,
the PDF and XRD pattern show features and Bragg peaks of
pure R-MnO, (Fig. 4b). Similarly, when %p-MnO, tends
towards 100%, XRD peaks sharpen, ie. the structure orders
back again. At %p-MnO, = 100%, the XRD patterns and PDFs
show similar features to the ones calculated from p-MnO, as
shown in Fig. 4c and f, respectively.

When the p-MnO, fraction deviates from the two end
members (0% < %p-MnO, < 100%), reflections from both
parent structures can be observed. Some reflections strongly
broadened, indicating a loss of long-range order in the y-MnO,
structure. These are for instance the 110 reflections of both f-
and R-MnO, reflecting disorder along the a-axis. On the con-
trary, 011 reflections are not affected by the intergrowth.

The simulated data show that an estimate of the -MnO,
fraction can be obtained from the intensity ratio between the
011 reflections of R- and -MnO,. For the simulated XRD pat-
terns we extract the intensities and FWHMSs by fitting Pseudo-
Voigt functions to these peaks. An example of such a fit is
shown in Fig. S2a.f With increasing p-MnO, fraction, a
decrease of the intensity ratio (1011R/1011B) can be observed. By
fitting an empirical quadratic function (eqn (3)) to the calcu-
lated data points, the intensities of the 011 reflection of the p-
and R-phases can be linked to their structure factors F(hkl)
and to %-B-MnO, via eqn (3):

Toi1g _ |For1,|> 1 — %p — MnO,
o1y, !FOllu |2 %pB — MnO,

(3)

This procedure can be compared to a simple phase quanti-
fication in a binary mixture system, where the intensity ratio of
two peaks is proportional to the ratio of the phase fractions,
weighted by the ratio of their squared structure factors. The
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Fig. 5 (a) Intensity ratio between 011z and 011; lines from the modelled
XRD patterns plotted against the $-MnO, fraction (%p-MnO,, blue dots)
and fitted using eqn (3) (red solid line). (b) Intensity ratio between PDF
peaks at 2.8 A and 3.4 A from the modelled PDFs plotted against
%B-MnO, (blue dots) and fitted using a linear function (red solid line).

fitted (1011R/1011ﬁ) ratio is plotted as function of %p-MnO, in
Fig. 5a. We note that some data points (%p-MnO, < 20%,
Fig. 5a) do not follow the same trend. This can be attributed to
the fact that the 011 reflections of p- and R-MnO, have very
similar d-spacings. In the case where the structure of a y-MnO,
sample is closely related to those of one of the parents, its
reflections will dominate the XRD pattern. In that situation it
becomes difficult to fit two peaks as the XRD would show a
strong reflection next to a weak one and some lack of conver-
gence may thus occur.

While this intensity ratio can inform on %p-MnO, from
XRD patterns, a second relation is needed to fully quantify the
stacking disorder within y-MnO, intergrowth. Once %-$-MnO,
is determined, we still need to find P, or P, as they are all
related to each other through eqn (1). Determining these three
values would allow not only to get an estimate of the fraction
of both parent structures, but also how their domains are dis-
tributed within the intergrowth. For this purpose, the ratio
between the FWHM of 011z and 110y is calculated for all
simulated XRD patterns of the y-MnO, superstructures. While
the first reflection is not impacted by the intergrowth (its struc-
ture factor does not have any contribution from the position of
atoms along the a-axis) the second one is. Therefore, a given
fraction of R-MnO, in the intergrowth will impact the relative
broadening of these two reflections which will depend on the
domain size of R-MnO,. The calculated ratio of XRD patterns
of all supercells having the same p-MnO, fraction are then
plotted against P, and are shown in Fig. S3.f When values for
P, and %p-MnO, have been established, P, can be calculated
using eqn (1).

We can now calculate the p-MnO, fraction, P, and P, for our
three experimental XRD datasets of sample 1, 2 and 3. The
Bragg peak intensity ratio was determined for each of the three
samples by fitting Pseudo-Voigt functions to the 110g, 110,
011 and 011 reflections of the experimental data as shown in
Fig. S4a, d and g.t The corresponding p-MnO, fraction can be
estimated from the ratio of intensities as presented in eqn (3).
Once this value is determined, P; is estimated using the fitted
FWHM of 011 and 110 and, Py, is calculated using eqn (1).
The resulting %p-MnO,, P, and P, for the three samples are
listed in Table 1. The f-MnO, fraction gradually increases from

This journal is © The Royal Society of Chemistry 2022
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Table 1 Calculated %p-MnO,, P, and P, values of samples 1, 2, 3 based
on XRD and PDF peak-fitting analysis

%p-MnO, Py P, %B-MnO, Py P,
Sample  XRD XRD XRD PDF PDF  PDF
Sample 27 053 0.83 21 0.4 0.84
éample 40 072 0.81 48 0.69  0.72
éample 82 0.97 0.9 87 0.98  0.87
3

sample 1 to 3. This can be related to the chemistry of the
system. The chosen synthesis pathway leads initially to a meta-
stable R-MnO, phase that reorders into p-MnO, as the syn-
thesis progresses. Conversely, the structure becomes more and
more ordered, as P, and P, both increase with synthesis time.
Besides having more and more $-MnO, blocks in the structure,
the p- and R-MnO, blocks tend to segregate with time.

Having established a simple method for intergrowth charac-
terisation from XRD data, we can use a similar approach for
PDF analysis. We first identify peaks arising from specific
motifs in the f-MnO, and R-MnO, structure. The PDF peak at
2.8 A can be attributed to the Mn-Mn distance between two
[MnOg] edge-sharing octahedra, while the peak at 3.4 A arises
from the Mn-Mn distance between two [MnOg] corner-sharing
octahedra as shown in Fig. 2c. R-MnO, contains more edge-
sharing octahedra in its structure (4) than p-MnO, (2).
Conversely, a manganese atom has less 2"? neighbours at
3.4 A in R-MnO, (where it has 4) than p-MnO, (with 8 neigh-
bours). The intensity ratio between the height of the two peaks
can thus be used as a measure for %f-MnQO,. We calculated
the ratio for each of the simulated PDFs by fitting Gaussian
functions to the two peaks, an example of the fitting procedure
is shown in Fig. S2b.t The results are plotted as a function of
%pB-MnO, in Fig. 5b. In contrast to the XRD analysis, a linear
trend is observed for the PDF analysis. This can be explained
by the fact that the amount of edge- and corner-sharing octa-
hedra changes linearly when switching from blocks of f-MnO,
to blocks of R-MnO,. The obtained data can be fitted using a
linear regression (red line, Fig. 5b). The %p-MnO, fractions of
sample 1, 2 and 3 were calculated by this approach and are
reported in Table 1.

As in the XRD analysis, a second trend is used to quantify P,
and P, once %p-MnO, is determined. The intensity ratio
between the peaks at 5.3 A and 5.7 A is calculated for y-MnO,
superstructures and plotted as a function of P, for super-
structures with a given %p-MnO, in Fig. S5.f Examples of fits
are shown in Fig. S2c.T The two peaks used here correspond to
second and third nearest neighbour in a (2 x 1) channel and
while the former is present in both - and R-MnO, structures,
the latter can only be found in R-MnO,. However, because in an
intergrown structure a f-MnO, block can be next to a R-MnO,
block, these two peaks may arise as well. Therefore, the ratio of
these two peaks contain information about how many p-MnO,
blocks are connected to R-MnO,, blocks, i.e. the stacking prob-
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abilities P, and Py,. The calculated ratio can be fitted using a
linear function. Again, we can use these correlations to deter-
mine the defect density in our three samples. For each experi-
mental PDF, the %p-MnO, is first calculated and used to extract
the corresponding P, value shown in Table 1. Knowing both
%pB-MnO, and Py, P; can be determined using eqn (1). Using the
described procedure, we can now estimate %fp-MnO,, P, and P,
for the experimental samples 1, 2 and 3 and the fitting of the
PDF peaks is shown in Fig. S4b, c, e, f, h, and i.T The results are
summarised in Table 1. We are thus able to get a full picture of
the intergrowth in y-MnO, using PDF analysis.

As seen in Table 1, the values extracted from the XRD and
PDF analysis are of the same order of magnitude. However,
some variations can be observed, especially regarding the esti-
mation of P, and P,. In general, the peak analysis from PDF
gives higher values than those obtained from XRD. This could
imply that some other effects influence the intensity of PDF
peaks in the local range. Indeed, other types of defects, such
as micro-twinning and proton-induced defects may be seen in
R-MnO,-like intergrowth samples (as in sample 1).'>1%47:48
Those may alter the short-range order in the crystal, and thus
the intensity of the first peaks of the PDF. The proton-induced
defects consist of substitution of Mn** by Mn*®" along with the
formation of hydroxyl groups on the neighbouring O*~ site, or
by compensation of a manganese vacancy by four hydroxyl
groups. Such defects may have a large impact on the properties
of the material,®® however, characterization of these is outside
the scope of this paper, and will be addressed in a future
study. Finally, some stacking faults in the MnO, O*~ hcp sub-
lattice has been predicted®® but no experimental evidence of
such stacking events has been reported.

Structure refinement and structure-mining

The peak-fitting-approach presented above gives a good first esti-
mate of the defect density in the materials. However, to further
extend our analysis and to identify the best model to describe
the data, we use ‘structure-mining’. Here, the structures gener-
ated above are fitted to the experimental data, and the trends in
the goodness of fits of the different models are investigated. In
order to optimise calculation time, P, and P, were limited to (0.0
< P, < 1.0, 0.5 < P, < 1.0) for sample 1, (0.5 < P, < 1.0, 0.5 < P, <
1.0) for sample 2 and (0.5 < P, < 1.0, 0.0 < P, < 1.0) for sample 3
according to the results of the peak-fitting analysis.

All the structure refinements were performed using
TOPAS." For the XRD analysis, the supercell cell parameters a,
b and ¢ and the isotropic atomic displacement parameters
(ADP) for both manganese and oxygen were refined along with
background and peak shape parameters, as described further
in Table S1 in the ESL.{ To minimise the number of refine-
ment parameters, all atomic coordinates in the supercell are
expressed as a function of the ones in the asymmetric unit. To
achieve that, a translational operation in accordance with the
stacking sequence in the supercell is applied to the atoms in
each layer. In addition, the hollandite a-MnO, structure was
added as a secondary phase. A similar approach was used for
the PDF analysis.
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Fig. 6 shows the R, values obtained for the fitting of
mined structures for samples 1, 2 and 3. The R, values are
represented in a colour map, where the P, and P, values used
for the superstructure generation are plotted on the x- and
y-axes. The results are also represented in one dimension as a
function of p-MnO, fraction of the refined superstructures
(Fig. 6b-q). The R, value corresponding to a simple two-
phase refinement using the two parent structures (f-MnO, and
R-MnO,) on the same experimental dataset is shown as a red
vertical line (Fig. 6b-q).

When performing refinements of the mined super-
structures on the three samples, we see that the lowest Ry
values are systematically clustered in a region of the (P,, P,)
space (dark blue regions). This is the case for both the XRD
and PDF analysis, which means we can use this region as a
B-MnO, fraction estimate: for sample 1, we estimate the
B-MnO, fraction to be in the range 20-40%, sample 2 in the
range 40-60% and for sample 3 in the range 80-100% (see
Fig. 6b-q respectively). The fact that a whole range of super-
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Dalton Transactions

cells yielded similar fits, i.e. similar Ry, values, implies that in
the case of such intergrown system, a single model is not
sufficient to describe the material structure, as also seen from
the poor fit quality for especially sample 1 which is further dis-
cussed below. This can be related to the random nature of the
stacking of R- and B-MnO, blocks in the supercell. Indeed,
some key structural motifs in different quantities may be
present in all the superstructures that yielded a good fit in the
blue area on Fig. 6a-g and j-p. The idea of structural motifs
will be further investigated in the next section.

When comparing the results of the fitting of mined struc-
tures on sample 1, 2 and 3 for XRD and PDF (Fig. 6b—q respect-
ively) as a function of %p-MnO,, we observe that the dip in the
Ry, around the best fits is deeper for the XRD superstructure
refinements than for PDF. This indicates that XRD is more sen-
sitive to disorder in the intergrowth sequence than PDF. XRD
probes the average structure of a material while PDF probes
the local structure. Defects such as intergrowth affect the long-
range structure, which is better characterised in XRD.

Rietveld refinement of mined structures

Sample 1
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Fig. 6 Results from fitting of mined structures of sample 1, 2 and 3. Contour plots show R, values from Rietveld (a, d and g) and PDF refinements

(j, m and p) as a function of (P,

Py for each superstructure for samples 1, 2 and 3, respectively. The same R,,, values as a function of the p-MnO,

fraction are shown in (b, e and h) and (k, n and q), respectively. The red solid line represents the R,,, value of the refinement of a two-phase mixture

of parent structure - and R-MnO,. The Rietveld and PDF refinement of the superstructure with (P,

lysis are shown in (c, f and h) and (I, o and r), respectively.
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The results of the peak-fitting analysis were also compared
to the ones from the structure-mining approach. The fit of the
superstructures corresponding to the (P,, P;) values obtained
from the peak-fitting analysis of samples 1, 2 and 3 are shown
in Fig. 6¢-i (XRD) and l-r (PDF). The P, and P, values identi-
fied from the peak-fitting analysis fall into the region where
superstructures fitted better to the experimental data than a
two-phase mixture of the parent structures. However, some dis-
crepancies are still observed, especially for sample 1 and 2.
This is more clearly seen in Fig. S6, showing a zoom of the
low Q region of the Rietveld refinements along with the low r
region or the PDF refinements presented in Fig. 6. For the
Rietveld refinement of the XRD data, the intensity of some
reflections is not fully described, including the 110z and 110
reflections. Furthermore, the 201y reflection at 2.4 A~ is not
matched in position or in intensity. In r-space, the intensity of
the first peaks, at 1.90 A, 2.88 A and 3.40 A are not well
described. The discrepancies in the fits can arise from
different effects. Firstly, the limited size of the supercells (250
asymmetric units) may not provide a sufficient statistical
average of the De Wolff defects distribution in the sample,
which affects the description of the peak intensities in the
XRD patterns. A second effect, as observed from TEM (Fig. 2
and Fig. S1%), is the particle shape, which affects the Bragg
peak width and r-dependent PDF peak intensity. Finally, as
discussed above, the y-MnO, structures can contain several
types of defects, i.e. De Wollf or intergrowth defects, micro-
twinning and H-related defects. All of them impact the XRD
patterns and PDFs. The aim of the present work is to develop a
simple and fast method, building on structure mining, which
can reveal trends in De Wolff defect densities. Therefore, our
structure refinements may miss some of the information
hidden in the scattering signal of the samples as we focus here
on only one aspect of the problem.

The Ry, values for the corresponding superstructures and
for the two-phase refinement of the parent structures are com-
pared and summarised in Table 2. The superstructure refine-
ments on experimental data generally yield a better fit than
the refinement of the simple mix of the parent structures, with
R, values being ca. 3% systematically lower. An exception
arises for the PDF refinements of sample 1 and 3. For sample
1, the Ry, values obtained for analysis in both Q- and r-space
are higher than those of the two other samples. Broader reflec-

Table 2 R,,, values of Rietveld and PDF refinements of the super-
structures corresponding to results from peak-fitting analysis and from
refinements of parent structures p- and R-MnO, on samples 1, 2 and 3.
Fits can be found in Fig. 6¢, f and Fig. S6(a—c)}

Rp, super- Ryp, p-MNO, +

Sample Refinement structures (%) R-MnO, (%)
Sample 1 Rietveld 13.7 16.7

PDF 52.3 47.9
Sample 2 Rietveld 11.2 14.5

PDF 40.0 44.4
Sample 3 Rietveld 9.5 13.4

PDF 36.9 33.6
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tions in Q-space as well as a rapid damping of the PDF in
direct space imply that sample 1 contains smaller crystallites,
as also seen from our TEM analysis.

Nanostructure analysis

In order to extract more information from the structure-
mining process, we use our recently published approach for
structure analysis, namely the Machine Learning-based Motif
Extractor (ML-MotEx).”" The idea of ML-MotEx is to give the
results from a large set of structure refinements to an explain-
able ML algorithm, which learns to predict the goodness-of-fit
value for a structural refinement to the experimental data.
Most importantly, the use of an explainable ML algorithm
makes it possible to obtain information on the effect that each
feature of the model has on the fit quality. ML-MotEx uses a
Gradient Bosting Decision Tree (GBDT)>* to predict the Ry,
value from structural information. SHAP (SHapley Additive
exPlanation)>®* values are used to explain each feature’s
effect on the R, value by taking into consideration the full
dataset given as input. While the magnitude of the SHAP value
quantifies the importance of a feature, its sign signifies
whether the presence of the feature in the model affects the
Ry, value positively or negatively, as described further below.
The method is also described in detail in our recent
publication.>

We here want to use the ML-MotEx method to extract infor-
mation on the nanostructure of the samples, ie. determine
the size of the R-MnO, and $-MnO, domains present in the
intergrowth structures. Results from each of the 2500 super-
structure refinements, performed on both XRD and PDF data,
were used as input parameters for ML-MotEx. The structural
features investigated using explainable ML were the f-MnO,
fraction, P, and P,, and the intergrowth sequence of each
supercell. This input allows to investigate what structural fea-
tures are important for the fit quality.*> The intergrowth
sequence of a superstructure is generated from the asymmetric
unit sequence used to build it (presented in Fig. 3). By taking
the asymmetric unit at the i™ and (i — 1)™ position we deter-
mine whether a “block” constituting the intergrowth sequence
corresponds to - or R-MnO,.

Fig. 7a shows the results of using ML-MotEx on the PDF
measured on sample 2. ML-MotEx on the XRD and PDF
obtained for samples 1 and 3 are shown in Fig. S7 in the ESL¥
For each fit, a SHAP value is obtained for all of the features.
We first consider the %p-MnO, fraction, which we also investi-
gated from the XRD and PDF analysis above. In the figure, the
feature value (i.e. here %p-MnO,) is shown on the colour axis,
where red represents a low %p-MnO, fraction, while blue rep-
resents a high %p-MnO, fraction. The SHAP values obtained
for this feature show that when %p-MnO, is either high (red/
~100%) or low (blue/~0%), the SHAP values are positive. This
means that the R,, values are increased in these fits.
Conversely, medium %p-MnO, values (purple, ca. 50%) show
negative SHAP values and thus lower the R, value. This
agrees well with the results from the analysis in Fig. 6e, where
we determined %p-MnO, to be 48% for sample 2. The SHAP
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Fig. 7 Summary of the ML-MotEx analysis of the PDF data measured at
sample 2. Violin plot of the SHAP values obtained in the analysis of the
PDF data measured on sample 2, showing preferable % -MnO,, P, and
P, values and if intergrowth blocks in the starting model are favorable
rather as a p- or R-MnO, block for the fit quality. (a) Each block in the
supercell is colored with respect to the results from the ML-MotEx ana-
lysis. If ML-MotEx prefers the block to be R-MnQO,, it is colored blue, if
ML-MotEx does not differentiate between the blocks, it is colored black
and if ML-MotEx prefers f-MnQ, it is colored red. (b) Representation of
a p-MnO; and of a R-MnO, block (c).

analysis also suggests that the R, value of the refinements
can be pushed down by having a low P, value. This is new
information as refinements of the mined structures shown in
Fig. 6m did not indicate a region of better fits for particularly
low P, values. Finally, the SHAP analysis shows that the P,
value does not seem to have a strong effect on the fit quality.
To get deeper understanding of the influence of De Wolff
defect distribution on the fit, we next investigate the effect of
the intergrowth sequence itself on the refinements through the
SHAP analysis. We correlate here the nature of individual inter-
growth block within the intergrowth sequence to the R, values
using the SHAP analysis. As each block in the sequence is
directly related to the structure refined to the experimental data,
it is possible to establish a correlation between each intergrowth
block and the R, value when investigating the whole range of
supercells refined to one single experimental dataset. The influ-
ence of the intergrowth sequence on the fit quality is illustrated
in Fig. 7b, where “intergrowth block X” parameters refer to a
specific block in the 250-block long intergrowth sequence.
Here, a positive feature value (red colour in Fig. 7a) refers to a
B-MnO, block. Conversely, a negative feature value (blue colour
in Fig. 7a) refers to a block of R-MnO,. As an example, the SHAP
value for intergrowth block 79 in Fig. 7a is red in the negative
region which means that the Ry, value of the refinement is

17158 | Dalton Trans., 2022, 51, 17150-17161
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decreased if the unit is a p-MnO, block. Conversely, the SHAP
value is blue in the positive region so a R-MnO, block will
increase the Ry, of the refinement. The SHAP analysis per-
formed on XRD results of sample 2, along with PDF and XRD
results of samples 1 and 3 are shown in Fig. S7.1

Based on the interpretation of SHAP values given above, we
search for any continuous R- or f-MnO, domains. First, we
sort the intergrowth sequence blocks by whether it is more
beneficial for the refinement to have them as a - or a R-MnO,
block, i.e. when the SHAP value of a given block should rather
be negative or positive to push down the Ry, value of the
refinement. Then, we screen the complete intergrowth
sequence to search for sequences of consecutive “preferentially
B-MnO, block” or “preferentially R-MnO, block” and count the
number of similar blocks in these sub-sequences. The result of
this analysis is shown in Fig. 7b where blocks of R- and
f-MnO, are shown in blue and red, respectively. One can
notice that these blocks are not randomly distributed in the
intergrowth sequence but rather segregated into some small
domains of a few consecutive R- or p-MnO, blocks. We extract
the size of these continuous domains of R-MnO, and -MnO,
by multiplying this number to the unit cell parameter a of R-
and B-MnO,. The number of domains of a given size is
counted and normalised by the total number of domains. The
resulting domain size distributions are plotted as a function of
size to build a Domain Size Distribution (DSD) function. This
process is carried out for the results from structural refine-
ments performed on both XRD and PDF data for sample 1, 2
and 3 and shown in Fig. 8. The results show small domain

DSD R-MnO, domains DSD B-MnO, domains
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Fig. 8 Domain Size Distributions (DSD) determined by Whole Powder
Pattern Modelling (WPPM), ML-MotEx analysis of XRD (ML XRD) and PDF
(ML PDF) refinement results of R- and p-MnO, domains in samples 1 (a
and b), 2 (c and d) and 3 (e and f).
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sizes of 1-2 nm depending on the sample and the parent struc-
ture (either R- or f-MnO,), as discussed below.

As a reference for the approach presented above, we also
analysed the line profile of individual reflections for both R-
and B-MnO, in the experimental data using Whole Powder
Pattern Modelling (WPPM). We carry out this analysis indepen-
dently of the structure mining approach. This method,
detailed in ESI Notes 1,7 was used in order to determine the
domain size distribution in the intergrowth direction, i.e. the
[100] direction for both -MnO, and R-MnO, domains. The
software PM2K developed by Leoni et al.>®> was used to esti-
mate the DSD of f-MnO, and R-MnO, domains based on the
110 and 110g reflections of the XRD patterns of the three
samples. The coefficients of the Caglioti-based instrumental
profile were determined by analyzing the XRD pattern from
the Si standard beforehand and a Chebyshev polynomial func-
tion was used to model the background. A lognormal function
was used to model the DSD of f-MnO, and R-MnO, domains
and the average domain size and standard deviation in the
corresponding directions were determined. The fitting of the
peaks is shown in Fig. S8.f From the lognormal distribution
center y and variance ¢, the average crystallite size (Dayerage)
and standard deviation of the crystallite size distribution (s.d.)
can be derived as shown in eqn (4) and (5) below:

(145) (4)

Daverage =e€

s.d. = (ez,u-%—az(e(r

-1) (5)

Finally, as we aim to determine the DSD of R- and p-MnO,
domains along the [100] direction, we need to make some
assumptions since we use the 110 reflection which has a contri-
bution in the [100] and [010] directions. We assume that the size
of the domains is large along the [010] direction (no intergrowth
in this direction) and we correct the size by using the relation (a*
+b*)"?/a, i.e., 2"%/2 for B-MnO, domains, and ca. 1.11 for R-MnO,
domains. By doing that, we can consider the same dimension for
the results from DSD and ML-MotEx as the latter is already
looking at number of intergrowth blocks along the [100] direction.
The DSDs extracted from the WPPM analyses are plotted in Fig. 8
and compared to the ones obtained by ML-MotEx.

The DSD analysis show some differences between sample 1, 2
and 3. The R-MnO, DSDs, which is centred around 1.0 nm,
become narrower with increasing synthesis time. For instance,
the average crystallite size estimated from WPPM is 2.5 + 1.4 nm
for sample 1 and 1.3 + 0.9 nm for sample 3. This corresponds to
only one to two unit cells of regular R-MnO, domains within the
intergrowth structure. Meanwhile, the p-MnO, DSD shows a
narrow distribution of small domains of 1.4 + 1.0 nm in sample
1, which broadens and shifts towards larger domain size in
sample 2 (2.5 + 1.7 nm) and 3 (3.7 + 2.2 nm). Similar trends in
size are seen from the ML-Motex results. From this observation,
it seems that in y-MnO,, the intergrowth structure is stabilised by
small R-MnO, domains, around which p-MnO, domains may
grow. This is in line with theoretical studies from Sun et al
where they showed that the R-MnO, structure is the most

This journal is © The Royal Society of Chemistry 2022
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thermodynamically stable MnO, polymorph at small crystallite
sizes up to 5 nm.”® Beyond that size, f-MnO, becomes the most
thermodynamically stable MnO, polymorph. The calculated DSD
of the supercells determined by the peak-fitting method are
shown in Fig. S91 and show similar trends as those that we
observe using WPPM and ML. While the R-MnO, DSD remains
the same from sample 1 to 3, the f-MnO, domains in the super-
cell become larger, although shifting towards larger values than
expected for sample 3, with domain sizes ranging up to 12 nm.
Because we investigate here only one single supercell, there can
only exist a limited number of large domains, in opposition to
the ML results where these large domains are mitigated by
having some intergrowth blocks that are estimated are as neither
“preferentially B-MnO, block” or “preferentially R-MnO, block”.

The similarity between the WPPM and our ML-MotEx-based
method illustrates the crystal intergrowth observed can be
compared to a stack of ultra-small nano-sized domains of each
parent crystal structure, giving rise to the anisotropic line
broadening in XRD patterns. Although the model did not
account for all the effects impacting the XRD pattern of an
intergrown crystal (peak asymmetry, microstrain), this
approach gives a good description of the nanostructure.

For the 3 samples that we characterised, the size of the f-
and R-MnO, domains are ca. 1-2 nm, which corresponds also
to the range in which the PDF data are refined. This obser-
vation can explain why only a few superstructures yielded a
better refinement than that done with the two separate parent
structures. Because PDF probes short-range order in a
material, intergrowth systems can be treated as a binary
mixture of the parent structures. While PDF analysis can thus
be used to estimate the f-MnO, and R-MnO, fractions, XRD is
more sensitive with respect to the way the two crystal struc-
tures are intergrown, Le. the effect of P, and P,. However, in a
case of an intergrowth structure that shows a high amount of
disorder and where Bragg peaks can no longer be observed,
PDF can still provide the missing information.

Conclusion

We have developed a method to characterise crystal inter-
growth in y-MnO, using a combination of XRD and PDF ana-
lysis which is potentially applicable to many other systems.
Our samples were hydrothermally synthesised y-MnO,, where
different synthesis times led to different defect densities. Our
aim was to characterize the intergrowth density, and analyse
the size of the domains present in the structure.

We first simulated XRD and PDF patterns from a large data-
base of y-MnO, structure models generated with different
intergrowth densities. By considering trends in the simulated
patterns, we developed a simple peak-fitting approach to esti-
mate the defect density. This peak-fitting approach allowed us
to obtain an estimate for the three parameters characterising
the intergrowth, namely the f-MnO, fraction, Py, and P,.

To further characterise the materials, we used a structure-
mining approach. Again using our database of y-MnO, struc-
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ture models, we refined large subsets of these structures
against our experimental data. Using the fit qualities obtained,
we picked the best fitting structure for each sample and its
corresponding intergrowth parameters. As the synthesis time
of y-MnO, is increased from 2 to 5 hours, the intergrowth
structure reorders from a R-like to a p-like structure, with seg-
regation of R- and f-MnO, domains. Our structure-mining
approach also shows that structures with a fairly broad distri-
bution of P, and P; lead to similar fit qualities. This suggests
that it is in general difficult to assign one specific model to
describe the structure of such disordered samples.

To address this issue, and to analyse the nanostructure in
the samples, we characterised the size of the intergrowth
domains in the three samples. Here, we applied an explainable
machine learning algorithm, ML-MotEx, to extract information
from the 2500 fits done for the structure-mining approach.
ML-MotEx extracts the size of domains of both parent struc-
tures that help to yield a better fit of the structure, thus com-
paring crystal intergrowth structures to a mere stack of ultra-
small nano-sized domains of two parent structures. The
results showed that while R-MnO, domains keep a constant
size, f-MnO, domains tend to grow as synthesis is carried out
for longer time. The study furthermore showed that XRD is
more suitable than PDF to characterise crystal intergrowths.
The intergrowth affects especially the long-range order, which
is better investigated with XRD.
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