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Fully sustainable Li-ion battery cathodes remain elusive as high
energy materials continue to rely on some Co and increasing
amounts of Ni. Materials that eliminate Co and minimize Ni
continue to struggle with poor long-term performance due

to processes such as transition metal dissolution. Maxime
Blangero, Eric McCalla et al. recently tested the impact of 56
different dopants in nearly 200 cathodes to identify optimal
materials that act as shields preventing transition metal
dissolution and improving long-term performance.
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Broader context

Elucidating the impact of metal doping in
Li1_15(Ni0_35Mn0_55)0_8502 cathodes USing hlgh'
throughput experiments and machine learning¥

Alex Hebert, 12 Nooshin Zeinali Galabi,? J. Michael Sieffert, 2 @ Maxime Blangero*®
and Eric McCalla (= *@

With the ever-increasing demand for Li-ion batteries amplifying the economic, environmental, and geo-
political issues of cobalt-containing electrodes, Li-rich Mn-based layered oxides (LMRs) are regarded as
promising next generation cathode materials. Due to the projected lower costs and higher energy density
than current-generation LiNi,Mn,Co,0, materials, LMRs have been the subject of extensive research.
However, cycling stability remains a key challenge with transition metal (TM) dissolution during cycling
being at the root of this problem. Several methods have previously been applied to reduce transition
metal dissolution, including doping. However, there has been no systematic study of the impact of a
wide variety of dopants on LMR materials, limiting our ability to gather foundational knowledge about the
role of doping in these structures and predict their impact to efficiently screen promising materials. In
this work, we applied high-throughput techniques established by the McCalla group to study both the
structural and electrochemical characteristics of cathodes made at 3 different temperatures with 57
different dopants. For the first time, transition metal dissolution was studied in high-throughput through
the elemental analysis of the Li anode after a high-temperature voltage hold. After collecting all these
data, we employed machine-learning techniques to establish predictive links between various properties
(both structural and electrochemical) and TM dissolution. Ultimately, we discovered 45 different dopant/
temperature combinations that showed both improved specific discharge capacity and reduced TM dis-
solution such that valuable lessons were learned about the impact of dopants in these materials to facili-
tate further accelerated material design.

Li-ion batteries are being scaled up to an unprecedented scale to meet needs for widespread implementation of electric
vehicles. However, it is widely acknowledged that the highest energy batteries, relying on Co and increasingly Ni, are not
sustainable: Co must be eliminated now, and Ni is likely to be in short supply in the future. The next-generation of high
energy cathode is therefore likely to be Co-free Li,Mn-rich oxides, where the Ni content is minimized and the excess Li
helps generate high energy densities that in fact outstrip those of the current Ni-rich state-of-the-art cathodes. However,
the Li,Mn-rich materials suffer from numerous problems during battery operation that are preventing commercialization;
an important one being transition metal dissolution from the cathodes. In this collaboration between an industrial
cathode maker and academia, 192 materials tested using high-throughput methods are used to discover composition/syn-
thesis condition combinations that overcome this challenge while maintaining high energy density. Furthermore, using
machine learning techniques, the reasons for the improvements are uncovered thereby guiding the future design of these
important materials. Achieving functional Co-free cathodes with beyond-state-of-the-art energy density remains a very
important sustainability target for electrification in general, and of immediate importance for vehicles in particular.
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1. Introduction

Electric vehicles are the main driver of Li-ion battery demand
and their stringent requirements are resulting in the contin-
ued acceleration of battery development.! In current Li-ion
battery systems, the cathode limits the specific capacity com-
pared to the higher capacity of anode materials.” Additionally,
current market-dominating cathode materials, LiNi,Mn,Co,0,,
contain at least some cobalt, which has a myriad of issues
associated with it including environmental toxicity, human
rights issues, and high cost.® Li-rich Mn-based layered oxides
(LMRs) provide a potential way to increase specific capacity
while relieving the problems posed by Co and its extraction.
LMRs have theoretical capacities upwards of 300 mA h g™
and do not contain cobalt. These properties make LMRs a
strong candidate for next-generation cathode materials.
Additionally, they have been explored for use with all solid-
state batteries, allowing us to bridge the gap between liquid
and solid electrolyte batteries and will, therefore, see longevity
in the battery space if its shortcomings can be overcome.” The
main shortcoming, however, cycling stability remains a key
challenge still impeding their mass adoption.® Structural
stability is at the heart of this issue, as these materials suffer
from poor cycle life due to oxygen loss during the high
voltage plateau where oxygen oxidation takes place. One con-
sequence of this oxygen deficiency is transition metal (TM)
dissolution into the electrolyte where Mn and Ni can react
with the electrolyte and migrate from the cathode, to the
anode where it deposits.” Several methods have been applied
to reduce transition metal dissolution, including doping and
coating of the cathode materials.*'® For example, tungsten
has been shown to increase structural stability and reduce
transition metal dissolution.® It is currently impossible,
however, to compare the magnitude of dopant impacts across
different studies conducted by researchers who use a myriad
of protocols in both synthesis and testing. To our knowledge,
there has been no systematic study of the impact of a wide
variety of dopants on LMR materials, limiting our ability to
gather foundational knowledge about the role of doping in
these structures and predict their impact to rapidly screen for
promising materials."”” Computational methods are often used
here to supplement our experiments and get to the root of
key questions such as the origins of material instability.
However, these calculations are quite expensive and do not
always completely reproduce the experimentally observed
behaviours. Increasingly, the predictive power of machine
learning is cementing itself alongside traditional experimen-
tation: using data-driven techniques to gather insights into
these materials and predict their properties."*>° Currently,
machine learning is mostly being applied using computational
datasets or material databases with data from different labs
with different experimental procedures.> > Ideally, to
uncover the relationships between the numerous properties of
cathode materials, one would collect structural and electro-
chemical data for hundreds of materials under the same
conditions.

© 2025 The Author(s). Published by the Royal Society of Chemistry

View Article Online

Paper

The McCalla group has developed methodologies to achieve
just this. We have employed high-throughput characterization
techniques to develop materials with over 50 dopants in them
including Li-ion anodes, cathodes,”® solid-electrolytes,”®*’
and Na-ion cathodes.?®?° Previously, we have screened the
entire Li-Mn-Ni-O pseudoternary system.’®*" Herein, we
focus on modifying an optimal composition within that
system, Li; 15(Mng ¢5Nig 35)0.85_xM0,. We are able to syn-
thesize and characterize 64 cathode compositions simul-
taneously in order to rapidly screen the effects of up to 57
different dopants on the structure and electrochemistry of a
given material. In this work, we apply these techniques to test
57 different elements as potential dopants in the LMR material
Li; 15(Mng ¢5Nig 35)0.85-xM;O, followed by machine learning to
predict transition metal dissolution and capacity retention
with information from only the first cycle. For the first time to
our knowledge, transition metal deposition on the anode was
studied in high-throughput.

2. Results and discussion

Here, we aim to gain a deeper understanding of the impact of
substitution on LMR materials and see if we can extract
relationships between structural features of the materials and
electrochemical and degradation behaviour. This begins with
the physical characterization of all undoped materials to vali-
date our synthesis and determine structural changes due to
doping. X-ray diffraction (XRD) of the undoped materials all
show the expected layered hexagonal a-NaFeO, structure of
Li; 15(Nig.35MnNg 65)0.850, at all three sintering temperatures
(Fig. 1). Furthermore, the inductively coupled plasma (ICP)
results on the undoped materials (Table S1t) show that
lithium loss was indeed managed correctly as described in the
Experimental section, with all three synthesis temperatures
yielding materials with lithium contents ranging from 1.15 to
1.18, within ICP uncertainty (3%) of the target 1.15. The XRD
results for the doped samples (x = 0.05 in
Li; 15(Mng ¢5Nig 35)0.85_xMxO5, L.e. 5% of the transition metal
layer was substituted with dopant) are shown in their entirety
in the ESI (Fig. S1-S31) with a few representative patterns
showed in Fig. 1. We chose 5% doping, as it has been shown
to incorporate into the layered structure for some commonly
studied dopants (Al and Ti) and have superior performances to
other concentrations.>”** 5% doping is also more likely to
cause a significant change in the electrochemistry compared
to lower concentrations, so this yields better contrast than
lower doping levels. Despite this, it is certainly worth exploring
other concentrations in future work. For example, 3% W
doping was not single-phase, while 2% doping was.**
Additionally, doping W at 2% in Li;»Nig13C00.13MnNg540,
resulted in around 3% higher capacity and a 20% difference in
capacity retention after 100 cycles compared to the 3% doped
material. Al is another example where changing composition
has a significant impact in another LMR material, 5% substi-
tution resulted in 10% less capacity loss compared to 2% sub-
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Fig. 1 SEM images of undoped HLM materials sintered at 800, 850, and 900 °C (a, b and c). Representative XRD spectra for select multi-phase
dopants after sintering at 900 °C (d and e). The reference patterns for the Mo-, Eu-, and Y-doped materials correspond to dilithium molybdate, euro-
pium oxide, and yttrium oxide respectively. The * symbols refer to peaks from a phase in the undoped Li—-Mn—-Ni-O phase diagram referred to as
the "ordered rocksalt” in ref. 31. Representative scans at 800 and 850 °C are included in Fig. S4.}

stituted and a 50 pV increase to average discharge voltage.*?
There is a wide variety of XRD patterns with some showing
that a single layered phase was maintained while others show
phase co-existence occurs. Careful analysis of Fig. S1-S31 was
performed to determine which samples were single-phase and
the results are summarized in Table S21 and in the ESI as well
as in Fig. S4.f The results show that 24 of the 56 doped
samples were single-phase at 800 °C, while this number was
27 and 23 at 850 °C and 900 °C, respectively. These tempera-
tures were chosen, as below 800 °C the undoped material dis-
plays poor crystallinity and above 900 °C Li loss is too great to
get high performing materials given the high specific surface
areas in such small samples. Fig. S4f shows that not all
dopants are equally capable of being integrated in the layered
structure at all temperatures. Numerous dopants (e.g. Na, Al,
Zn, T, and Pb) yield single-phase materials but others are only
single-phase at low temperature (e.g. Zr, Lu, Ta, W, Re) or high
temperature (e.g. Ru, Ir). These varied results demonstrate how
important it is to perform such systematic doping studies at
various synthesis temperatures as certain dopants show slow
kinetics at the lower temperatures while other dopants may
result in new secondary phases at elevated temperatures. A
visualization of whether a doped sample is single-phase or
multi-phase can be found in Fig. 1.

262 | EES Batteries, 2025, 1, 260-272

The XRD patterns were further analyzed by performing
single-phase Pawley fits on all XRD patterns. The resulting
lattice parameters for the layered phase of all materials are
shown in Fig. 2 and S61 and demonstrate the large impact that
substitution has on the lattice parameters at the three sinter-
ing temperatures. The cell volume changed significantly
during both the single and multi-phase substitution. In the
case of single-phase materials that show a clear change in
lattice parameters, we can confidently conclude doping has
taken place (i.e. the dopant has fully integrated into the
layered structure). For multiphase samples, it is more compli-
cated as a lattice parameter shift could occur in these samples
whether substitution into the layered materials happens or not
(the lattice parameters in the Li-Mn-Ni-O system evolve sig-
nificantly as detailed in ref. 31). As sintering temperature
increased, the cell volume tended to increase amongst the
doped and undoped samples. The variance in cell volume of
the undoped and single-phase doped materials decreased.

Scanning electron microscopy (SEM) images of the
undoped materials shown in Fig. 1 reveal an increasing par-
ticle size with temperature. When synthesized at 800 °C, the
primary particles were approximately 50 nm in diameter, while
at 900 °C, they increased to over 100 nm. Grain size is expected
to be larger at higher temperature due to the accelerated kine-

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 Lattice parameters of undoped, single-phase and multi-phase materials at each sintering temperature. Parameters were obtained through
Pawley refinement of the layered phase. Lines of constant column are drawn for the minimum, maximum, and mean of the undoped samples.

tics of crystal growth and this has been reported for many Li
cathode materials exhibiting larger grain sizes and particle
sizes with increasing sintering temperature.>*” These rela-
tively small primary particles are typical for our sol-gel
synthesis.*®?° Without the ability to perform high-throughput
SEM especially with the high resolution needed to resolve such
small particles, it is difficult to see trends in particle size for
all samples at the various sintering temperatures. However,
the crystallite size was estimated using the Scherrer equation,
L = KA/p cos 0, for all materials by first correcting for machine
broadening and using the main peak near 44° (visual inspec-
tion of the fits was made for all multi-phase samples to ensure
that the fit was of high quality on this peak and not distorted
by the secondary phases). The results in Fig. S67 show that on
average, the crystallite size increased with sintering tempera-
ture, consistent with the SEM results and previous literature.>®
The undoped materials show values from 20 to 30 nm with the
increase occurring at higher temperatures; this shows an
overall underestimate compared to the primary particle sizes
obtained from SEM. The Scherrer lengths, therefore, do corre-
late to particle sizes and will be used as an input parameter in
the machine-learning model below as particle sizes result in
changing areal contact between the cathodes and the electro-
lyte and as such play important role in determining battery
performance. The extracted lattice parameters will also be
used in the model.

Combinatorial electrochemistry was then performed on all
samples with the resulting CVs shown in Fig. S7-59.} The vast
majority of the CVs are consistent with those of Li-rich oxides
as detailed in ref. 30. One noticeable exception is the Mo-
doped sample which shows features consistent with high-
voltage spinel®® which is in fact consistent with the XRD
pattern of this material from Fig. S1-S3.1 Although Mo-doped
samples are of interest in the literature for LMR materials,
these are at lower doping levels*® and this explains the differ-
ence with our results. In fact, the 5% Mo-doped sample made
here shows a high lithium content secondary phase with
nearly all the Mo (dilithium molybdate) such that the remain-
ing materials is lithium deficient and the XRD shows a signifi-
cant amount of high voltage spinel phase (Fig. 1 and S4,}

© 2025 The Author(s). Published by the Royal Society of Chemistry

matched to ref. 31). The spinel particles can be seen as cubic
crystals without Mo in the SEM/EDX in Fig. S41 while the
other particles contain all the Mo. Since this spinel phase has
no capacity up to 4.8 V, the result of the Mo-induced off-stoi-
chiometry is very low capacities for our Mo-doped material
here (on the order of 10 mA h g™").

The CVs were further analyzed to extract the important
battery metrics shown in Fig. 3 and S11, S12.1 At the lowest
temperature of 800 °C, the average charge and discharge
capacities of the undoped material were 287 and 157 mA h g™*
respectively with a retention of 57% after 8 cycles. At 850 °C
the charge and discharge capacities increased to 315 and
166 mA h g™, respectively, while at 900 °C the charge capacity
decreased to 268 mA h g™ ' but the discharge capacity
increased to 193 mA h g™'. Fig. 3 also shows the standard devi-
ations of the values extracted from the CVs (the horizontal
bands represent +1 standard deviation from the mean values),
such that any doped sample lying outside of these bands is
deemed to having impacted the performance (ie. they lie
outside of the range expected for undoped materials).
Specifically, the standard deviation on the first discharge
capacities for the undoped materials were 4.8%, 7.4% and
8.9% for 800, 850, and 900 °C, respectively. These low stan-
dard deviations are consistent with our previous work and
allow for excellent screening of beneficial dopants as detailed
below. Furthermore, the reproducibility was outstanding as
illustrated by the fact that the charge capacities of the first
cycle of the TM dissolution cells had an average error of 4.0%
compared to those from the cells cycled long-term (note: the
first cycle protocols were identical). Thus, the best undoped
performance was found at the highest synthesis temperature.
The capacity retention of the undoped materials also improved
with temperature, increasing to 66% and 84% at 850 °C and
900 °C, respectively.

At each temperature, a number of materials increased the
discharge capacity and also decreased the TM dissolution (to
be discussed below), these samples are summarized in
Table S2.1 This large table demonstrates the clear benefit of
these dopants in order to improve the energy stored in the
cathodes, while still maintaining or even improving the
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via cyclic voltammetry at a rate of 0.1 V h™* over a potential range of 3 to 4.6 V followed by a rate of 0.02 V h™* over 4.6-4.8 V on charge and 0.1 V

h~! sweep on discharge from 4.8 to 3 V.

capacity retention. At 800 °C, a few that stand out are Y, In, Ir,
and Pb which increase the discharge capacity while also
increasing retention significantly. It is worth noting, however,
that the overpotential of all three of these doped samples
increased from around ~622 mV to ~700 mV. Pb increased the
discharge capacity to 207 mA h g~" while increasing retention
after 8 cycles to 82%. Ir pushed the retention slightly higher to
84% but only increases capacity to 174 mA h g™', and also
lowered charge capacity from 287 to 250 mA h g~'. These two
dopants maintained their effects of increasing capacity and
retention at the other two sintering temperatures. At 900 °C,
where the undoped performed the best, Y and Cd increased
capacity without sacrificing retention with capacities of 288
and 223 mA h g7, respectively, and retentions within 1% of
the undoped material. What is interesting is that the Ir-doped
material at 800 °C and the Y-doped material at both 800 °C
and 900 °C are both multi-phase. Thus, the minor phase may
be contributing to the observed effects, or seeking out the
single phase Y- and Ir-saturated materials may yield a material
with even better performance; this work therefore guides
further design of these materials. At 900 °C, many dopants
help reduce overpotential, but come at a performance cost,
except for Cs which does not compromise on discharge
capacity, but increases retention to 92%. This material was
also multi-phase. Looking at some materials whose capacity
grew over the 8 cycles. Namely, Sn and Bi, examining the cyclic
voltammograms (Fig. S7-S9t), the peak at 4.6 V is much
smaller than other materials, indicating incomplete activation,
which continued over multiple cycles, resulting in the increase
in capacity.

264 | EES Batteries, 2025, 1, 260-272

In order to obtain meaningful information about long-term
performance, a high-temperature storage experiment was per-
formed as detailed in the Experimental section. Such storage
experiments accelerate the damaging reactions occurring in
the cells and enables rapid distinction between the good and
poor performers.*' ™ Fig. 4 and Table S21 provide a summary
of the Mn and Ni detected on the Li anode for each of the
samples after the week long 4.4 V hold at 60 °C. At a sintering
temperature of 800 °C, the undoped materials have the highest
concentration of Mn and Ni on the Li electrode. As sintering
temperature was increased, the Mn dissolution was reduced,
reaching 5.2 pg mg™' of active material at 900 °C sintering
from 14.7 pg mg™" of active material at 800 °C sintering. This
is primarily attributed to the larger primary particle (crystallite)
size at higher temperatures, thus reducing the total surface
area. Ni dissolution seems to decrease sintering at 850 °C and
900 °C compared to sintering at 800 °C. Many dopants
decrease metal dissolution, even in cases where the Scherrer
length does not increase. Notably, Pb, which had positive
electrochemical effects, lowered the dissolved Mn to less than
1 pg mg™" of active material across all sintering temperatures.
Sm also lowered dissolution with a performance benefit at
800 °C, but significantly reduced performance at 900 °C.

It is worth putting into context the relative benefits of sin-
tering temperature vs. the benefits from doping. Fig. 5 and
S181 (zoom-in) show some clear trends with temperature. We
focus on three here: (1) the average crystallite size increases
with sintering temperature, (2) the average discharge capacity
at 900 °C is greater than at the two lower temperatures, and (3)
the average Mn dissolution is higher at 800 °C. These are the

© 2025 The Author(s). Published by the Royal Society of Chemistry
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three strongest trends with temperature and they have they
greatest significance in terms of cathode performance.
However, in all three cases the variation at any given tempera-
ture is well above the change seen in the average value
obtained by changing the sintering temperature. In other
words, the variation in property value due to doping is far
higher than the change seen in the average values due to
increasing the temperature. It is therefore far more important
to choose the right dopant (and then select the ideal tempera-
ture for that dopant) than to insist on selecting a particular
sintering temperature first.

We are also presented with an opportunity to better under-
stand some mechanisms at play to make the electrochemical
performance dramatically worse with doping, even in materials
that are single-phase layered oxides. First, subvalent dopants
may force Ni to be oxidized during synthesis (Mn cannot
change from its 4+ state) and this will reduce the amount of Ni
redox available. One such example is Ca sintered at 900 °C
which maintains a single-phase, but we nonetheless clearly see
a decrease in first charge capacity, especially below 4.5
V. However, we also see cases where supervalent dopants, like
Si sintered at 900 °C, result in some detrimental performance.
Although Si increases the first charge capacity below 4.5 V as
we would expect (i.e. some Ni was reduced down to 2+), it also

© 2025 The Author(s). Published by the Royal Society of Chemistry

results in an increase in the capacity above 4.5 V and this is
related to irreversible oxygen loss. Thus, Si shows a larger irre-
versible capacity than the undoped material. We speculate that
the surface instability created by the oxygen loss then leads to
poor long-term cycling and TM dissolution. Although much
can be learned by looking at this data case by case (and the
dataset provided as ESIt allows that exploration), we now turn
towards generating a global interpretation of this dataset
guided by machine-learning models.

With a dataset this large, showing a wide variety of battery
performance and high contrast in the TM dissolution results,
it is an opportune moment to learn from this data in order to
better understand what material property leads to the best per-
formance. First, we examine the data to see if trends/corre-
lations exist in the overall dataset. Fig. 5 and S13-S167 show
our extensive efforts in this regard where numerous pair plots
are shown to look for correlations between structural (a, c, L),
first cycle (capacities, average voltages), and extended cycling
results (capacity retention, Mn and Ni dissolution after storage
experiments). While some trends are visible such as those out-
lined above (e.g. generally the samples made at higher temp-
eratures yield lower TM dissolution), there are no clear corre-
lations and certainly no single parameter can be used in a pre-
dictive manner (e.g. if we knew L could we calculate the
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Fig. 5 Pair plot of cathode properties measured on all 192 materials (both doped and undoped) coloured by sintering temperature. The numbers
on the x and y axes represent the minimum and maximum values along the axis.

expected TM dissolution). We also provide the full dataset with
all extracted parameters to allow the reader to further explore
the data.

Visualizing the data like this certainly shows some interest-
ing trends based on sintering temperature. It is clear that the ¢
lattice parameter increases with sintering temperature, as does
discharge capacity and retention. However, charge capacity
seems to not depend strongly on sintering temperature.
Ultimately, our objective is to determine what material pro-
perties lead to improved extended performance (either 8 cycle
retention, or, preferably, TM dissolution as it correlates better
to very long-term cycling). Trying to extract predictive trends
out of this data in this manner is impossible. There does not
appear to be any strong relationships between either structural
or first cycle electrochemical properties and dissolution or
retention after 8 cycles. Thus, to better understand the dataset,
machine-learning techniques were applied. Several regression
models were applied to attempt to predict both Mn dissolution
and capacity retention after 8 cycles. We found that using a
voting regressor with a combination of a gradient boosting
regressor, random forest regressor, and linear regressor gave

266 | EES Batteries, 2025, 1, 260-272

the best results as demonstrated in Fig. S16.1 The voting yields
better R values for the test sets, better than any one model on
its own, thereby validating the use of the voting model. Fig. 6
provides an overview of the machine-learning performance on
predicting both Mn dissolution and retention from only struc-
tural and first cycle electrochemical information. We were able
to get a strong linear correlation between the predicted and
the measured values in both scenarios using our models. It is
worth noting that the model is most accurate in the region of
interest (<10 pg mg™') and tends to overestimate the dis-
solution but this is simply a constant offset so it can be easily
accounted for. This was also true of the model predicting
retention, as it underestimates retentions above ~80%, assum-
ing the validation set had an equal distribution compared to
the training set. Having successfully trained the model on our
data; we now aim to unravel the impact of each feature on the
model. To do this, the dataset was changed by either increas-
ing or decreasing one feature only by one standard deviation
for all samples and using this new dataset on our pre-trained
model. Table 1 shows the mean and standard deviation of the
features tested. Fig. 6 shows the calculated results for the

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 6 Predicted vs. measured Mn dissolution (left) and capacity retention (right) using a three-component voting model. The uppermost plots
show the training and validation set predictions with linear fits. The rest of the plots show the effect of adding (green x) or subtracting (red x) one
standard deviation of each of the properties listed above the plots. The blue points represent the unaltered training set.

changed datasets. This was repeated for all features and the lite size led the model to predict increased retention (green
features that led to significant changes in predictions are points) and decreased Mn dissolution (red points) universally
shown in Fig. 6. For example, artificially increasing the crystal- through the whole dataset. Since the change was a standard
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Table 1 Mean and standard deviation of various properties for all
192 materials

Property Mean Std. dev.
Crystallite size (nm) 22.0 7.8
Charge capacity (mA h g™") 275 53
Charge average voltage (V) 4.413 0.041
Discharge capacity (mAh g™') 163 42
Discharge average voltage (V) 3.715 0.063

deviation, this represents the average impact of this parameter
on the entire dataset. This result is a good validation of this
approach, it is certainly expected that larger particles will yield
better extended cycling and less TM dissolution as the contact
area between electrolyte and cathode is decreased. Similarly,
increasing charge capacity resulted in a higher dissolution to
be predicted and lower retention. Increasing the discharge
capacity had the opposite effect but to a smaller degree.
Together, the capacity results show that a small irreversible
capacity (first charge capacity minus first discharge) is best,
again an expected result and a good validation of the tech-
nique. Now, interestingly, increasing the average charge
voltage caused the model to predict lower Mn dissolution
while having no impact on the capacity retention. Increasing
the discharge average voltage, however, increased the predicted
dissolution overall, while predicting lower capacity retention.
Strangely, the average voltage results indicate that a large over-
potential (charge voltage minus discharge voltage) might be
best, particularly for TM dissolution. Upon manual analysis of
charge profiles and cyclic voltammograms, we were unable to
identify any simple feature in the CVs that separated materials
with large overpotentials and low TM dissolution from those
with lower overpotentials and higher TM dissolution. We
speculate that the high overpotential (particularly when due to
a high average charge voltage) may limit the TM dissolution by
decreasing the charge capacity (i.e. some of the voltage plateau
on charge is moved to above our voltage window), thereby pre-
venting some of the damaging mechanisms (e.g. oxygen
release) that occur at high states of charge. In the ESI, T we
further discuss the importance of features in the random
forest model, as this model is easily interpretable and was the
second best behind the voting model as shown in Fig. S17.f
Overall, it shows agreement with our interpretation here with
both crystallite size and average voltages being the most criti-
cal for TM dissolution. In future works, we intend to further
explore the mechanisms giving rise to the favourability of
higher overpotential. It is important to note that the model
was not given any sintering temperature information. Thus,
any conclusions drawn from the model apply regardless of sin-
tering temperature, and the model was able to fully predict the
performance with solely structural and first cycle information.
The success of this model clearly results in an improved
understanding of the root causes of performance in LMR
materials, but it also suggests the model can be used predic-
tively to accelerate future testing into co-doped materials
where a single cycle will suffice to identify the materials of
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highest interest. This will accelerate our screening into these
higher dimensional material spaces, and also enable our more
thorough screening of doping levels which were maintained at
5% in the present study.

3. Conclusion

The effects of 56 different elements on the
Li; 15(Nip.35MnNg 65)0.8502 System were determined after syn-
thesis at three different sintering temperatures. Several inter-
esting doping candidates were identified including Y, In, Ir,
Cd, Sm, Lu, Eu and the complete dataset was shared as ESL}
The extensive dataset helps identify dopants that fully inte-
grate into the layered materials and shows what sintering
temperature is optimal for each dopant; this was found to be
highly dopant dependent further justifying such thorough sys-
tematic studies. For the first time, Mn and Ni dissolution were
quantified in high-throughput after a high temperature
storage experiment, a metric that must be improved to further
develop lithium-rich oxides. The data for the resulting 192
samples (available in the ESIf) allowed us to identify a total of
45 dopant/temperature combinations that outperform the
undoped materials in both specific capacity and in suppres-
sing Mn and Ni dissolution. Our dataset shows that battery
metrics change far more strongly with dopant selection at a
given sintering temperature as compared to the benefits seen
by changing the sintering temperature, such that we strongly
suggest researchers first select the dopant and then screen to
find the ideal sintering temperature for that dopant. Machine
learning was leveraged on this large experimental dataset to
successfully predict both capacity retention and Mn dis-
solution with structural and first cycle information only (i.e.
data that can be obtained within four days of synthesizing the
batches of 64 materials). This approach will now allow the
rapid screening of materials beyond this single-dopant system.
The prospect of co-doping is especially enticing, as various
dopants were able to improve different properties. This dataset
and the trained model will guide further development of
lithium-rich oxides as they aim to be next-generation Li-ion
cathodes for cheap and sustainable electric vehicles.

4. Experimental methods
4.1 Synthesis

First, a mixed Ni(NOj3), and Mn(NOj3), stock solution was pre-
pared in the ratio of 0.35:0.65. Then, citric acid was pipetted
into 64 alumina cups followed by the Ni(NO;), and Mn(NO3),
solution; a dopant solution (the salt depended on the dopant),
at 5% for this work; and LiNOj3. The ratio of LiNO; to Ni(NO3),
and Mn(NOjy), varied depending on the calcination tempera-
ture to account for varying degrees of Li loss at different temp-
eratures. This was determined experimentally on undoped
materials before the synthesis of doped materials. Specifically,
at 800 °C we used a Li/(Ni + Mn + dopant) = 1.40, while at 850

© 2025 The Author(s). Published by the Royal Society of Chemistry
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and 900 °C we used ratios of 1.45 and 1.55, respectively.
Table S1f confirms that at all 3 temperatures we obtained
materials with Li content very close to the target and withing
+0.015 of each other. After pipetting, all samples were dried at
75 °C for 24 hours with a steel block (referred to as a “smoke-
stack”) on top with columns drilled into it such that there is
no mixing between samples if the gel expands out of the
alumina cup. The samples were placed in a furnace in air at
room temperature and heated to 400 °C to decompose the
nitrates. After cooling to room temperature, any gel that was
caught in the smokestack was crushed down using a spatula
and all samples were crushed into a powder. These powders
were then transferred out of the cups onto alumina plates and
placed in a tube furnace under O, and calcined at 800 °C,
850 °C, or 900 °C, depending on the synthesis, regardless of
temperature, the heating rate was 5 °C min™" and the tempera-
ture was held for 4 hours at the target temperature before
cooling to room temperature with the same rate.

To measure the extent of lithium loss during the synthesis,
various samples from the phase diagram were chosen for
elemental composition analysis using inductively coupled
plasma-optical emission spectrometry (ICP-OES). First, about
2 mg of samples were dissolved in aqua regia and then diluted
down to measurable concentrations. Measurements were done
using an Agilent Technologies 5100 ICP-OES that can run 20
samples per hour in an automated fashion. The batches of
doped samples were synthesized after determining the
amount of excess lithium needed at each sintering tempera-
ture to obtain the desired composition for the undoped
sample.

4.2 Structural characterization

Samples were characterized by powder X-ray diffraction (XRD)
in high throughput mode (64 scans in 10 h). Their diffraction
patterns collected in transmission mode using
PANalytical diffractometer equipped with a Mo anode X-ray
source (60 kV, 40 mA) and GaliPIX3D area detector. The scat-
tering angle range for Mo Ka radiation (4 = 0.70926 A for Ka1)
was 4-30°, which is approximately equal to the 10-70° angle
range for Cu radiation. The phases present were identified
using the matching tool in Panalytical’s HighScore Plus soft-
ware, by searching against open crystal and ICSD databases.
Rietveld and Pawley refinements were performed to determine
the content of each phase, and the lattice parameters, respect-
ively. For ease of comparison to the literature, the patterns
shown in this paper are K-alpha stripped and angles were con-
verted to the angles corresponding to Cu-Kal (1 = 1.54051 A),
as described in ref. 44. Scanning electron microscopy and
energy dispersive X-ray spectroscopy was performed using a
Hitachi SU-3500.

were

4.3 Electrochemistry

For high-throughput electrochemical characterization, a
custom combinatorial cell was used as outlined in other works
by the McCalla group.*® First, approximately 1.5 mg of cathode

materials were weighed into steel cups. Then, approximately
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20 wt% carbon black was added to each sample and the
samples were mixed thoroughly. Each active material + carbon
black blend was deposited onto an aluminum pad on the com-
binatorial current collector and a binder solution of 20 wt%
polyvinylidene fluoride (PVDF) in N-methyl pyrrolidone (NMP)
was drop cast onto the powder. The cathodes were dried over-
night at 90 °C. The combinatorial cell was assembled under Ar
atmosphere wherein two individual glass microfiber filters
were stacked one on top of the other for all 64 samples. Li
metal was used as a common anode for all samples. The cell
was sealed using a polymer ring. The electrolyte used was 1 M
LiPF¢ in EC: DMC (3:7 vol:vol). Cyclic voltammetry was per-
formed using a Keithley quad source and a Keithley multi-
plexed multimeter. The cell was cycled between 3 and 4.8
V. During charging between 3 and 4.6 V, the sweep rate was 0.1
V h™'. The rate was decreased to 0.02 V h™" over the range
4.6-4.8 V to allow more time for activation of the material.*®
On discharge, the sweep rate was 0.1 Vh ™" from 4.8 to 3 V.

4.4 Transition metal dissolution

The electrochemical cell was prepared as outlined above.
However, instead of two common separators, each sample had
two individual separators and an individual Li anode to reduce
crosstalk between samples and increase consistency of the
anode sampled when dissolving it to evaluate transition metal
dissolution. The lack of crosstalk was confirmed on a “checker-
board” cell where samples without Ni, Mn (LiCoO,) are inter-
spersed between our LMR materials in a grid and the result
shows no detectable Ni, Mn on the Li anodes across from the
LiCoO, samples. The storage procedure was as follows. First,
the cell was cycled once between 3 and 4.8 V with a sweep rate
of 0.1 V h™" over the range 3-4.6 V, 0.02 V h™" over the range
4.6-4.8 V, and 0.1 V h™' from 4.8-3 V during discharge. The
cell was then charged to 4.45 V at 0.1 V h™" and moved to a
60 °C chamber for a voltage hold for 1 week. After storage, the
cell was discharged to 3 V at 0.1 V h™" and a charge/discharge
cycle was performed at the same rates as the initial formation
cycle. The cell was disassembled, and the Li anodes were col-
lected and placed in glass vials. The Li was consumed with a
small amount of distilled water and the samples were left to
dry overnight. Then, the metals were digested using a minimal
amount of aqua regia and left for 24 hours. Finally, the
samples were diluted with deionized water and ICP-OES is per-
formed on this final solution to determine the quantity of Ni
and Mn on the Li anodes. In our method development, we
found that about 9 times more TM was found on the Li anode
than in the separator nearest the anode so we did not include
the separators in our screening in this article.

4.5 Machine learning

Machine learning was performed using the scikit learn library,
with significant use of the NumPy and Pandas libraries.***® In
total, the dataset consisted of 168 individual samples. Ten fea-
tures were used in the training process for predicting both Mn
dissolution and capacity retention: single phase (boolean), a
lattice parameter (A), ¢ lattice parameter (A), cell volume (A%)

EES Batteries, 2025, 1, 260-272 | 269


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d4eb00016a

Open Access Article. Published on 14 January 2025. Downloaded on 2/7/2026 9:22:39 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Paper

grain size (nm), first cycle charge capacity (mA h g, first
cycle discharge capacity (mA h g™%), first cycle average charge
voltage (V), first cycle average discharge voltage (V), first cycle
charge capacity between 4.4 and 4.6 V (mA h g™"). Voting
models consisting of a gradient boosting regressor, a random
forest regressor, and a linear regressor were used. 20% of the
data were withheld from training and used as the validation
set. Mn dissolution after the storage experiment mentioned
above and capacity retention after 8 cycles were predicted
using these models. For both properties, only information col-
lected from powder XRD and the first cycle were used in the
models (crystallite size, a and c lattice parameters, cell volume,
charge and discharge capacities, charge capacity above 4.6 V,
charge and discharge average voltages, and whether or not the
materials were single phase). Further details regarding the
machine learning models are included in the ESI,{ including
full listings of the parameters used in scikit learn.

Data availability

Data extracted from XRD and electrochemistry is included for
all samples reported here in the excel file. Raw data can be
obtained from the corresponding author upon reasonable
request.
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