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Abstract:

Hollandite with the general formula A>BgOie is known for its potential to immobilize radionuclide Cs
in the tunnel along the z-axis of the crystal structure. The effective Cs incorporation in a hollandite
phase with an optimal loading capacity and the long term stability depends significantly on the B-site
cations, which, in addition to providing optimal structural compatibility, must ensure the phase’s
resistance to chemical weathering in an aqueous environment that includes external thermodynamic
conditions such as temperature and solution chemistry. Based on the importance of the B-site cations,
we explored in detail the possible B-site compositions by employing Artificial Neural Network (ANN)
simulations and crystal chemistry principles. With a set of 91 experimentally determined data collected
on hollandite that is available in open literature, we trained the network and subsequently tested the
predictive power of the trained network. Relying on the successful outcomes of the trained network at
the testing phase, we further utilized the trained network to map the dependence of the tunnel size,
which was used as a criterion for Cs compatibility in the channel, in a wide compositional space
encompassing eighteen 3+ cations and fifteen 4+ cations. By combining the Cs compatibility and the
structural tolerance factor for hollandite structure, the predicted B-site compositions, comprising of
cations spanning across the depth and breadth of the periodic table, can be employed as a guide in the

search for optimal hollandite composition for Cs immobilization.
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Introduction:

Safe storage and permanent disposal of nuclear wastes require appropriate isolation and immobilization
of the nuclear wastes in hosts such as ceramic materials and the glass matrix. High degree of thermal
stability and chemical stability under varying aqueous environments are essential in order to effectively
immobilize the nuclear-waste form. This is because, exposure to aqueous solutions with different pH
conditions is likely unavoidable under natural geological repositories and a significant amount of heat
is generated in the radioactive decay process. Borosilicate glasses, which have been used to dispose
nuclear wastes have some disadvantages because some of the radionuclides such as '*’Cs and '*°I
become volatile at borosilicate glass melting temperatures and also due to their low solubility for these

radionuclides [1].

Ceramic waste-forms such as synroc have instead been suggested as a potential alternative to
circumvent the aforesaid drawback and withstand higher waste loading [2-6]. In particular, to
immobilize Cs* and its transmuted radionuclide, Ba?>*, among several proposed ceramic waste forms,
e.g., sodium zirconium phosphate (NZP-CsZr2(PO4)3) [7], pollucite ((Cs,Ca)AlSi2O¢) [8] and
hollandites [Ba,Cs,|[(Ti(or Fe), AD, T AT y)]016 [9, 10], hollandites have emerged as a

viable option for Cs immobilization.

With the general formula A2BgO16, hollandites can potentially incorporate a wide-range of cations in
the A and B sites of the structure (Fig. 1). For instance, the A-sites can have either mono or divalent
cations such as: Na*, Cs* Rb*, Ba?*, etc., and the B-sites can accommodate di-, tri- and tetra-valent
cations such as: Mg?*, Fe?*, Fe**, AI**, Ti**, Ti**, Si**, among others. Owing to the tunnel (A-site)
surrounded by octahedral cation-anion units, hollandite structure is adept for immobilizing cesium (Cs).
The ionic radius of Cs is however relatively large (1.74 A for eight coordinated Cs*). In order to
stabilize the element inside the tunnel site and for relatively high Cs loading, the tunnel size should be
such that there is no size mismatch between Cs and the channel, or no residual internal stress at the
local site and in the overall lattice, which could occur as a result of the mismatch. That is where the role
of the B site cation(s) is utterly significant, i.e., by appropriate substitutions with a mixture of suitable
cation(s), the tunnel/channel size is optimized and the structure is stabilized, so that the phase is

thermodynamically stable and preferably it is also less prone to the environmental degradation.



Substantial experimental efforts have been given with regard to the compositional optimization of the
B-site and stability [9, 11-22]. For instance, studies on Barium hollandites have indicated that
substitution of Ti** with Mg?*, AI** or Fe** increases the thermodynamic stability of the hollandite
phase, with the Fe** substituted phase being most stable [14]. The results of this study [14] have also
indicated that the single phase Al- and Fe- (but not Mg-) hollandites are relatively stable with respect to
the phase assemblages containing BaTiO3 perovskite. In case of Ti-based hollandites with Cs and Ba in
the A site, it was reported that Cs incorporation in the hollandite phase was nearly perfect (~100% Cs
retention) for Fe**-hollandite, in contrast, Cs retention was only 46% in case of Cr’**-hollandite, with
rest of the Cs being present in some other Cs-rich segregated phase [13]. In another study on Ti**-based
Cs-Ba hollandites, with Cr**, Fe** and Al** cations in the B site, the Cr-bearing hollandites have been
reported to be better (in terms of relative durability) candidates than the Al-, Fe- or Cr-Al-Fe- bearing
hollandites for Cs incorporation and retention [15]. The difference in synthesis temperature, i.e., solid
state sintering [13] vs. melt processing [15], seems to be the apparent source of contradiction between
these two experimental data. It is worth noting here that despite using melt processing at 1500 °C, Cr-
hollandites were not melted at all, while the Fe-hollandites were completely melted and Cr-Al-Fe
hollandites were only partially melted in the study of Amoroso et al., [15]. Instead, all the samples were
processed by solid state sintering at 1200 °C in the study of Aubin-Chevaldonnet et al., [13]. In these
cases, it is intriguing to see how the composition and processing temperature and methods can lead to

the differences in Cs incorporation and retention [13, 15, 23].

The suitability of hollandite to immobilize Cs has also been recently assessed in terms of
thermodynamic stability [21] and its tolerance with regard to radiation [22]. The study on
BaxCsyZnx+yn) Tigx-y2)016 (0 < x < 1.33; 0 <y < 1.33) indicated that Zn-doped hollandites are not only
thermodynamically stable with respect to their parent oxides, the thermodynamic stability also
increases with increasing Cs content [21]. On the issue of radiation damage, elevating the temperature
seems to increase the tolerance. These studies have indicated that both, the loss due to thermal
evaporation and leaching, decreased with increasing Cs content [21, 22]. Recent increased research

effort to understand these potential nuclear waste form host materials is therefore clearly evident.

It is apparent however, that neither any clear consensus has been reached on the issue, nor is our
scientific understanding of the mechanism for Cs incorporation complete. However, it is clear that both
the individual and coupling effects from multiple cations in the B site on the Cs incorporation are

important in designing the composition of Cs-hollandite waste form. The effect of the concentration of



the elements at the A and B sites for Cs incorporation is expected to be non-linear. There is no doubt
that our knowledge on this ceramic phase design in particular and in general with regard to the waste
form development have greatly expanded, mainly due to the recent advancement by the experimental
community. But, our current knowledge about how Cs incorporation in hollandite is affected by
different cations is still limited, because, the available literature encompasses only a fraction of
possibilities in the B-site composition space. With such immensity of possibilities of different B site
cations, performing experimentation over the vast composition space is by all means is not realistic.
Computer assisted experimentation may however be able to address some of the aforesaid challenges.
An effort to that end has very recently been undertaken by Utlak et al. [24], who have developed a
thermodynamic database on the BaO—Cs20O-TiO>—Cr203-Al203—-Fe203-FeO—-Ga203 system by using
computer coupling of phase diagrams and thermochemistry (CAPHAD) methodology and available
experimental data. Their assessment of the thermodynamic stability of the predicted compositions
formed by combinations of five B-site cations provide valuable input to the experimental community.
The possible B-site composition space is, however, far wider than that have been assessed. A concerted
effort using computational and experimental methods is expected to accelerate the advancement in the
field. To this end, we carried out Artificial Neural Network (ANN) simulations on the hollandite
system to explore the B-site compositional space of Cs-bearing hollandite. As discussed earlier, the
optimization of the tunnel/channel size has been one of the key challenges to the use of hollandite as
the Cs nuclear waste-form. We focus on this particular aspect, i.e., assess channel size over the B-site
composition space while restricting the A-site compositions only to Cs and Ba to narrow the working
scope. The B-site composition space in our study encompasses eighteen 3+ cations and fifteen 4+
cations. After ascertaining the reliability of the predictive power of the trained network, we provide

detailed profiles of the tunnel size in the aforesaid composition space.

Methods:

Artificial Neural Network (ANN) methodology, as the name suggests, is inspired and framed on the
basis of complex biological neural networks, but with a simplistic viewpoint [25]. In a typical ANN
approach, the network consists of: (i) an input layer, (ii) one or more hidden layers, and (iii) an output
layer. During the learning/training process, the network establishes the relation between the input layer
and the output layer via the intermediate hidden layer(s). The hidden layer(s) continually adjusts the
weight and bias of the input layer until the desired outcome is reached or exceeds the iteration count.
Given the desirable outcome is achieved in the learning process, the trained network is put through a

testing cycle with a dataset that is completely unknown to the trained network. A well trained and



tested network is considered to be reliable and expected to have a predictive power with high degree of
accuracy. ANN, as implemented in the Matlab program package, was used for the simulation and
analysis in this study [26, 27]. Three (Levenberg-Marquardt, scaled conjugate gradient, and Bayesian
regularization) backpropagation training algorithms were tested and Bayesian regularization algorithm
provides the best performance. We refrain from any more details on ANN, but interested readers are
referred to Wang [28] for a recent study on its application for incorporation of iodine in apatite-
structured materials and the review by Mueller et al. [29] for details on the applications of machine

learning in materials science.

A dataset of 91 hollandite compositions sourced from the inorganic crystal structure database (ICSD)
[30], and crystallography open database (COD) [31] was used for the study. The dataset was divided
into ~70% and ~30% for the training and testing purposes, respectively. The dataset consists of
tetragonal (space group I4/m) phase hollandite, with octahedral B-sites and 8-coordinated A-sites. In
order to reliably predict the characteristics (such as lattice parameters, channel size, etc.) in unknown
compositions, the more diverse the compositions (accounting the elements in the periodic table) of the
training dataset, the greater accuracy one would or can expect from the predictions. From that
perspective, the mined dataset is very reasonable. For example, for A-site elements with charge of +1
and/or +2, it includes 12 elements covering alkaline, alkaline earth, some transition metal elements
among others (Ba, Cs, K, Rb, Na, Tl, Ag, Pb, Bi, Sr, Pr, Li). For B-site, the dataset includes 20
elements including light alkaline earth, transition metal, and group 13-15 elements (Mo, Rh, Al, Si, Fe,
Mn, V, Ru, Sb, Ti, Cr, Ga, Zr, Co, Mg, Ni, Ir, Sn, Nb, Sc) with a charge of 2+, 3+ and/or 4+.
Considering that several of the B-site elements are multivalent, the extent of composition space is even

larger.

There are two input parameters that were fed to the neural network — ionic radius [32, 33] and the
electronegativity. While the ionic radius depends on both the charge and coordination state, the
electronegativity of any element is constant. However, for elements with similar ionic radius and
charge, electronegativity plays an important role on their difference in chemical bonding. Therefore,
considering electronegativity as an input parameter may provide better constraints to the predicted
properties. In fact, the inclusion of electronegativity did provide better constraints on the predicted
properties in the ANN study on apatite system [28]. Thus, we stick to this consideration in the present
study. For consistency of the ionic radius, 8-coordinated A-site has been considered throughout. Both

of the input parameters were determined by the weighted (molar fraction) average of the individual



atoms in any specific site. The output of the ANN simulations in the present study are lattice

parameters and the channel size.

In a nutshell, during the supervised training phase, the ANN established the input (ionic radius and
electronegativity) — output (lattice parameter, channel size) correlation. The efficacy of the trained
network was subsequently put to the test (testing phase). The trained network was subsequently utilized
for predicting channel sizes in unknown hollandite compositions encompassing a wide B-site
composition space. A trained network is considered reliable for the prediction purposes only when the

output on both the training and the testing phases fulfills the desired outcome.

Results:

Training the ANN and Testing of the trained ANN:

The network was trained with a set of 64 data. Correspondingly, the trained network was tested with 27
data. The dataset was strategically divided so that each of the training and the testing dataset
encompasses the widest variation of compositions and channel sizes possible with the total of 91 data.
This strategy is appropriate for a small set of data for the present problem. The neural network
considered has a total of four (Fig. 2) input parameters, two (ionic radius and electronegativity) coming
from each of the A-site and B-site. Since, the third crystallographic site is occupied by only oxygen
atoms and is always fully occupied, the ionic radius and electronegativity for this site do not change
with compositional variance and thus need not be included for the simulation. The hidden layer

contains 4 neurons and there is one output layer.

Fig. 3 displays the correlation between the actual and predicted lattice parameter, a (in A). The result
indicates very high reliability of the predicted outcome from this trained ANN based on the correlation
coefficient value of R > 0.97, together with the very low average error values (0.34%, 0.54% and
0.40% for the training, testing and entire dataset, respectively) between the predicted and actual data
for either of the training and testing data. The maximum error is less than 3%. This high degree of
correspondence between the actual and the predicted outcome is also evident for the lattice parameter, ¢
(in A) (Fig. 4). The R is > 0.98, and the maximum error remains within 2.2% (the average errors for the
training, testing and entire dataset are 0.36%, 0.33% and 0.35%, respectively). In addition, the residual
distributions for all the fits of lattice parameters a and ¢ are approximately normally distributed around
zero error (the insets of Figs. 3 and 4), indicating a statistically reasonable prediction of the neural

network. These results provide further confidence to utilize the trained network for prediction purposes.



To put some perspective in terms of reliability of the results of the ANN in the current study, in the
early days of ANN based predictions, the fitting coefficient (R) value of greater than 0.60 was
considered reliable. Although we have come a relatively long way from those initial days of ANN, the
value of R depends significantly, among others, on the number of available data, the spread of that data
and subtle partition of the data between the training and testing data set. This is especially true where
the available data is relatively small. Because both our training and testing data have been strategically
chosen to encompass the entire regime of the lattice parameters (a or c¢), the network is likely to be

fairly reliable for predicting the aforesaid parameters.

As the channel size is linked to the incorporation of Cs at the A-site, the channel size was assessed by
employing the ANN. The assumption is that, due to the large size of Cs* ion, the channel of hollandite
structure needs to be large enough, but not too large, to host the ion. Because oxygen atoms are the 1st
nearest neighbor of the channel cation in the hollandite structure, the average Cs—O bond distance of
the 8—coordinated Cs is a good parameter to assess the channel size. The results of the ANN
simulations for the channel size are shown in Fig. 5. The value of R remains greater than 0.93 in all
cases. The errors are also small and approximately normally distributed, with the average error (for the
training, testing and entire dataset) varying from 0.91 — 0.94%, and the maximum error remaining <
4.1%. 1t is thus very likely that predictions of the channel sizes for unknown compositions from this

trained network will be fairly reliable.

Predictions of the channel size from the trained ANN:

Having assessed the reliability of the trained network for the channel size, we performed further ANN
modeling, scanning the entire B-site composition space for a given A-site composition. Out of the 20
B-site candidate elements considered here, we selectively constructed a 15 x 18 matrix with a
combination of M3* and M** cations in order to compensate the charge for the A-site occupancy. For
simplicity, we restricted the B-site composition to consist of only two (one 3+ cation and one 4+
cation) types of cation. Since the main emphasis is Cs at the A-site, we only considered Cs and Ba for
the A-site. For A-site occupancy, we have varied Ba from 0.01 to 1.33. For each Ba content, we have
varied the Cs content from 0.0 to 1.00. It is noted here that the maximum A-site occupancy is 2.0. The
variation of the occupancy is only for the sake of the numerical modeling. The feasibility of the
resulting hollandite compositions will be evaluated based on the channel size and the structural

tolerance factor, as will be seen later in the text.



The left panel of Fig. 6 displays the dependence of the channel size as a function of the average A-site
and B-site cation radius. The channel size profile does not show any apparent trend as a function of A-
site radius, but has a strong dependence on the B-site radius where it displays a decreasing channel size
from 3.3 A to 2.5 A with decreasing B-site radius from 0.9 A to 0.4 A. We note here that the channel
size range below 2.8 A may be too small to incorporate Cs, especially for medium to high load
conditions. In any case, as we want to understand how channel size depends on the A- and B-site
radius, we filtered the data for selected Cs content (Fig. 6, right panel). For a given B-site radius, the
channel size variation is not negligible, but it is clear that the effect of B-site radius is much more
significant than that of A-site radius and Cs content. This suggests strong influence of the B-site
composition on the channel size. This in fact is in agreement with experimental data where the
dominance of B-site cations in controlling the overall cell volume and the channel size has been

reported [34].

Assessment of predicted hollandite compositions:

While the effect of B-site composition on the channel size is apparent, the ANN simulations only
provide predictions based purely on the crystal chemistry consideration and the trained network from
known hollandites. In order to ascertain whether the predicted compositions are realistically plausible,
it is critically important to further assess the data including both those from literature and those from
the prediction using any available models. The most used and generally accepted criterion to assess the
stability of a crystal structure in this regard is called the tolerance factor, #, and for hollandite it is given

by [35]
1
_ [(TA +70)? —%(TB +T0)2F

ty = (D
J%(TB‘H'O)

where, average radius of the A- and B-site cations are ra and rg, respectively and ro being the oxygen

ionic radius. Proximity of the 7z value towards unity (~1) is generally considered to be indicative of
increasing structural stability of the hollandite composition and experimental studies have

demonstrated using this to assess the structural stability [19, 20].

In order to find if any correlation between the channel size and the stability of the composition exists,
we have explored the tolerance factor, ty, for the ANN predicted data. It is clear from Fig. 7 (left) that

numerous data points on the predicted compositional space deviate significantly from the g ~ 1,



suggesting not all predicted compositions may be feasible. It is interesting however to see the
correlation between fy and the channel size. An overall non-linear increase in the channel size with
decreasing ty is apparent along with a non-monotonous behavior around 75 ~ 1. The effects of Ba and
Cs content on the value of 7y for any given channel size are however clearly visible (Fig. 7, left). It is
noted here that a desired tunnel site of fixed channel radius can in principle be achieved by suitably
choosing the B-site compositions even in case of varying A-site compositions. Since the ionic radius of
Ba (1.42 A) is smaller than that of the Cs (1.74 A), for a given Cs (Ba) content, the A-site average
radius should decrease (increase) with increasing Ba (Cs) content. This effect is enhanced in the
tolerance factor because the numerator in Eq. (1) contains a quadratic term involving the A-site radius.
The total (Ba and Cs combined) occupation of A-site and Cs occupation seems to affect both the
channel size and ty (Fig. 7, left), which is not negligible with respect to the channel size dependence on

the B-site composition, a characteristic we have also seen in Fig. 6.

Using ty ~ 1 as an indicator of the structural stability, we consider the data lying within the range 0.90
<ty < 1.10 for the purpose of this study (symmetric deviation from the unity though chosen arbitrarily
is expected to be reasonable). We note here that Kesson and White [35] attributed a 7z value range of
0.93 — 1.16 for the stability of hollandites and values reported in recent experimental studies remain
well within that range [14, 19, 20]. Predicted channel sizes lying within this ¢tz range can be considered
as potential compositions with hollandite structure for Cs immobilization. In addition, from the ionic
radius consideration and given that the first near-neighbor is oxygen, a straightforward estimate
suggests that the channel size can vary from 2.8 A (for Cs free with full A-site occupancy, Ba radius
1.42A, and O radius 1.38A) to 3.12 A (Ba free with full occupancy of A-site, Cs radius 1.74 Aand O
radius 1.38 A) in hollandite. Therefore, hollandite compositions with a channel size > 3.12 A are less

likely to be relevant, but just for visual purpose we plot the data up to 3.15 A.

B-site compositional control:

In any case, at this point it is apparent that the channel size is primarily dictated by the B-site radius.
Therefore, mapping of B-site composition space can provide essential structural information and serve
as a guide to the future exploration of suitable hollandite compositions that incorporate Cs. In Fig. 7
(right panel), we provide such mapping with both the constraints discussed above, applied to the

dataset, as indicated by the rectangle in the left panel in Fig. 7. The heatmap shows the dependence of



channel size on the B-site 3+ and 4+ cations. While there is no standard technique to constrain the
channel size, in the high Cs loading limit, based on ionic radius consideration, a channel size value of
3.0 (x0.10) A is likely a fair assumption. The composition space shown here (Fig. 7, right) qualitatively
depicts that, apart from the widely studied Ti-based (Ti** as major B-site cation) hollandites, there can
be several other 4+ cations which can also result in the channel size range and tolerance factor, #m, that
is apt for Cs incorporation. For instance, Zr** or Sn** based hollandites at B-site mixing with Fe3*, Cr3*
or Ti** cations are possible considerations (Fig. 7, right) with their channel size varying from 3.07 —
3.12 A for BayCsyM**Zr** (M = Fe, Cr and x+y = 1.0 — 2.0) compositions and that for Ba,CsyTi3*Sn*
varying from 3.02 — 3.07 A (marked by black squares in Fig. 7, right).

The radioparagenesis [36] of Cs to Ba induces chemical changes and may cause instability in case of
insufficient charge compensation. So, for any potential composition, the ability to compensate the
charge imbalance that occurs by radioparagenesis process should also be assessed. From that
perspective, although the M* cations mentioned above cannot be readily reduced to M3* for charge
compensation, all of the M** cations discussed above are in principle capable of maintaining the overall
charge balance and redox state of the system by consuming the electron produced in the beta decay
process (i.e., 37Cs!* — 137Ba?* + B(e’) ) and M** + B(e") = M?*). Also, the relatively greater difference
in the ionic radius between the M3* and M?* (than the difference between M** and M3*) makes more
sense in terms of compensating the decrease in tunnel size due to Cs — Ba conversion. The reason is
that as only a fraction of total (eight) B-site cations participates in this charge compensation process as
compared to one-to-one for Cs — Ba (ionic radius 1.74 vs. 1.42 A, respectively), the effective increase
of the average ionic radius is suppressed in case of B-site cations. Further, with regard to long term
durability, Zr in particular is also well known for high resistance to heat and corrosion. It may therefore

be worthy of exploring Zr-based hollandite phases.

Because of their relatively high stability, Ti-based hollandite compositions are the most studied ones
with regard to radionuclide Cs incorporation. Given the importance of Ti-based hollandites, we further
explored the composition space for Ti- based hollandites (Fig. 8 & S1). For comparison purposes, we
plot Ti** and Ti** with the other B-site cation being M** and M?3*, respectively, for the t5 range 0.90 —
1.10 and channel size range 2.80 — 3.15 A. For any hollandite composition displayed in Fig. 8 (and Fig.
S1), Ba contents of 0.34 and 1.00 are shown, and for any given Ba content, Cs content varies from 0.0

— 1.00 with an interval of 0.2.



As expected, for any given Ba content, increasing Cs content increases the average A-site radius and
the channel size (except for Zr**-based hollandites, which display an anomalous decreasing trend in
channel size with increasing average A-site radius and remains inconclusive to us). This increased
channel size is likely to facilitate the stability of the Ti-based hollandites as has been demonstrated for
the [CsxBay][(AI}*, Ti**)2y+0 Ti**82y-9]016 composition [19, 20]. An M*Ti** combination displays a
larger variation in the channel size in comparison to the M**Ti** combination. For example, several
M*Ti3* (M=Mn, Rh, Ir, Mo) pairs display a wide range (~2.85 A — ~3.05 A). In contrast, for M3*Ti*
combination, most of the channel sizes remain in between 2.925 to 3.05 A, except for Pr, Ce, La, Bi
compositions. What is interesting is that, despite this large variation in the channel size with B-site
compositional difference, the variation in the average B-site radius is relatively small (Fig. 8, left). On

the other hand, as expected, the effect of Cs content is quite clear from Fig. 8 (right).

Based on this composition-space — channel-size profile, it can be said that several unexplored Ti-based
compositions are likely to be competitive in terms of their potential to Cs incorporation. There also
exists a number of compositions that display channel sizes > 3.10 A. For Ti** (Ti**) based
compositions, the general trend is that the upper bound of the channel size is pushed to higher values
with the increase in ionic radius of the M** (M?3*) cations. While this study cannot address the actual
stability of these possible candidate compositions from any thermodynamic point of view, or for that
matter, shed light on the issue relating to A- and B-site ordering and channel size, given that the neural
network was trained successfully and the dataset in Fig. 8 (and Fig. S1) has been filtered with 74 values
remaining around 1.00 (£0.10), the wide spectrum of compositions provided here may be worthy of

further exploration for Ti-based hollandite for Cs immobilization.

Concluding remarks:

ANN simulations were employed to explore the compositional space of the B-site cations in hollandite
phase. Predictions based on these simulations suggest that a wide variety of compositions that meet the
tolerance factor (#x) criterion and also display channel size in the range of 2.80 — 3.15 A are possible.
Being the most studied hollandite compositions, some Ti-based hollandites show relatively low
leaching rates under different environmental conditions. However, how their channel size influence
their chemical durability is not fully understood, especially for higher Cs loading compositions. In
addition to Ti-based hollandites, it would be interesting to explore the feasibility of other M** cation-
based hollandite compositions. The predicted dataset thus may serve as a starting point for studying

unexplored Ti-based and non-Ti-based hollandite compositions for Cs incorporation.



While the present study provides valuable data with regard to the B-site composition and the channel
size, it still remains within the realm of data science. Whether the proposed hollandite compositions are
feasible in terms of synthesis, thermal stability and long term durability with regard to decay of '3’Cs or
not remains unknown at present. Utilization and application of the data in materials research are,
therefore, needed to gain insights on the materials characteristics. It will be of interest to assess the
thermodynamic stability of the predicted compositions by experimental synthesis and/or computational

thermodynamics calculations.
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Fig 1: Representative hollandite (A2BgO1s) structure. Small red spheres correspond to oxygen atoms,
B-site octahedral cages (pale yellow) are connected either by edge or corner sharing oxygen atoms and
the large green spheres correspond to the A- site cations that includes Cs.

Fig 2: Schematic for the Artificial Neural Network used in the study. One input layer with four input
parameters (ideally there would be 6 input parameters, two each for A, B and oxygen sites. But, since
oxygen sites remain fully occupied with only oxygen atoms it need not be considered as input), one
hidden layer with 4 neurons, one output layer and one output parameter.
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Fig 3: ANN simulation results for the unit cell parameter, a (in A). Correlation between the actual and
predicted values are shown. Circles represent actual data points, solid magenta lines are ANN fit to the
data and the black dashed lines represent correlation coefficient value of R=1. The corresponding error

distributions around zero-error (shown by red solid triangles) are shown in the inset.
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Fig 4: ANN simulation results for the unit cell parameter, ¢ (in A). All other details are same as
described in the caption of Fig. 3.
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Fig 5: ANN simulation results for the channel size (in A). All other details are same as described in the

caption of Fig. 3.
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Fig 6: Left: Surface plot showing ANN predicted channel size dependence on the A- and B- site radius.
The plot considers entire predicted data set. The channel size value is shown by the color coded vertical
scale. Right: Scatter plot showing channel size variation with A- and B-site radius, obtained with
selected Cs content (0.0, 0.2, 0.4, 0.6, 0.8, 1.0). Cs content is color coded for visual purpose and shown

by the vertical color coded scale.
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Increasing ionic radius (M** cations for Ti°*)

Fig 7: Left: ANN predicted channel size — tolerance factor (zx) profile for some A-site compositions as
shown in the legends. B-site compositions comprises of combinations of 3+ and 4+ cations from the
entire data set considered here. Right: Heat map showing channel size dependence as functions of B-
site 3+ and 4+ cations for the selected region (0.90 <ty < 1.10 and 2.80 A < channel size <3.15 A) as
marked by rectangle in the left panel. We note here that for visual purposes we have considered 3.15 A
as the upper limit of channel size in the plot, instead of 3.12 A (from full Cs occupancy consideration)
mentioned in the main text. Note the heatmap plot consists of data corresponding to the A-site
compositions shown in the left panel and further filtered to data only within the rectangular box.
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Fig 8: Predicted channel size — B-site composition profile for Ti-based hollandites. The color coded
bars represent the B-site radius in A (left panel) and Cs content of A-site (right panel). Data with
tolerance factor range of 0.90 — 1.10 are considered. For clarity data with Cs content of 0.0, 0.2, 0.4,
0.6, 0.8, 1.00 and Ba content of 0.34 (small symbols) and 1.00 (large symbols) are shown. As indicated
by the axis labels for either of the plots, the left y-axis corresponds to Ti**M** compositions (solid
circles) and right y-axis corresponds to M**Ti* compositions (hollow diamonds). The compositions in
the shaded region between 2.90 — 3.10 A may be considered as potential candidates for Ti-based
hollandites.
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