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astriking increase in the level of lamin A was
observed as a consequence of the treatment.
Crucially, compared with the model animals
that did not undergo gene editing, those that
received the base editor aged withremarkably
fewer abnormalities in the usually lifespan-
limiting cardiovascular system. These ani-
mals also had greater vitality (a better ability
tomove and abetter overall appearance) and
astatistically significant lifespan extension.

By directly addressing the root cause of the
disease, base editing could offer great advan-
tages over current drug-based therapeutic
strategies. Many key questions remain to be
answered, however, before people might ben-
efit fromtheintroduction of this technology.
For example, what is the optimal distribution
of base editor mediated by adeno-associated
virus or by other delivery methods? And which
organscanbetargeted? Theadeno-associated
virus injection strategy was less efficient in
targeting the skin than in targeting other
mouse organs.

To what extent can the genetic defect be
corrected? High efficiency of editing might
be crucial, particularly for efforts to treat
other diseases. Previous attempts*? to use
gene editing to address the defects under-
lying Duchenne muscular dystrophy and rare
liver diseases met with only limited success.
However, Koblan and colleagues’ work indi-
cates that correction does not need to reach
100% efficiency to provide positive benefits,
opening the possibility of reconsidering this
approach for some other diseases, too.

Another important question is whether an
immune response might develop that would
target components of the editing system. Such
aresponse might resultin inefficient treat-
ment if cells harbouring editing components
were selectively eliminated™.

What about long-term considerations? For
example, would asingle administration of the
editors be sufficient? And what would be the
best age for treatment to be administered?
Progeria is diagnosed relatively early in life
compared with many other diseases for which
base editingis a possibility. A treatment age of
two weeks, for mice, is therefore much lower
thanthe equivalent age, for humans, at which
many diseases are diagnosed. Moreover, with
animal testing, itis difficult tobenchmark the
equivalent human age that corresponds to a
mouse of a given age. Finally, how would the
currentdrugtherapy available for progeria fit
with the potential of repair by base editing in
atreatment plan?

If base editing is to be used to treat human
disease, the safety of such anintervention must
be ensured. If it can be, and if this method suc-
cessfully repairs the progeria-causing alteration
in the crucial tissues, such an approach holds
tremendous promise as a way of prolonging
health, extending lifespan and improving the
quality of life of those who have this mutation.
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Machinelearning from
diversedatasources

Rohit Batra

A sstrategy for machine learning has been developed that
exploits the fact that data are often collected in different
ways with varying levels of accuracy. The approach was used
tobuild amodel that predicts a key property of materials.

Scientists are always hunting for materials
that have superior properties. They there-
fore continually synthesize, characterize
and measure the properties of new materials
using a range of experimental techniques.
Computational modellingis also used to esti-
mate the properties of materials. However,
there is usually a trade-off between the cost
of the experiments (or simulations) and the
accuracy of the measurements (or estimates),
which has limited the number of materials that
can be tested rigorously. Writing in Nature
Computational Science, Chen et al. report a
machine-learning approach that combines
datafrom multiple sources of measurements
and simulations, all of which have different
levels of approximation, to learn and predict
materials’ properties. Their method allows the
construction of amore general and accurate
model of such properties than was previously
possible, thereby facilitating the screening of
promising material candidates.

Materials scientists commonly supplement
their own ‘chemical intuition’ with predictions
from machine-learning models, to decide
which experiments to conduct next??, For
example, artificial intelligence has been used
to identify candidate compounds that act
as superconductors at high temperatures®,
electrolyte materials that conduct electric
currents using lithium ions®, and electrically
insulating polymers that can withstand large
electric fields without breaking down®. Arti-
ficial intelligence has also been used to work
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outways of synthesizing materials — that s, to
suggest which reagents, catalysts and experi-
mental conditions to use’.

Most of these studies involve supervised
learning, in which a machine is exposed to
a large volume of historical data about the
chemical composition or atomic structure of
materials, and their associated properties, to
build amodel that can predict the properties of
other materials. Moreimportantly, almost all of
these studies use models built on data obtained
fromasingle, consistent source. Such models
arereferred to as single-fidelity models.

However, for most real-world applications,
measurements of materials’ properties have
varying levels of fidelity, depending on the
resources available. For instance, the most
accurate (high-fidelity) measurements of
properties of crystalline materials are made
using single crystals, which can be laborious
to prepare. Approximate (low-fidelity) meas-
urements are therefore often made using
easily synthesizable polycrystalline samples.
Similarly, a hierarchy of increasingly accurate,
but progressively more expensive, computa-
tionalmodelling schemes are used to calculate
materials’ properties — high-fidelity modelling
is therefore often restricted by its cost.

Overall, this variation in measurement
and modelling techniques leads to a hetero-
geneous data structure — low-fidelity meas-
urements are plentiful, whereas high-fidelity
data are sparse. Notably, each type of fidel-
ity has its own advantages: low-fidelity



data cover a diverse range of compounds,
whereas high-fidelity data are more accurate.
Single-fidelity models trained using only low-
or high-fidelity data therefore miss out on high
accuracy or generality, respectively (Fig.1).
Chen et al. now report an adaptation of an
artificial neural network (a brain-inspired
computer system) that they call a multi-fidelity
graphnetwork. This canlearn about materials’
properties using dataacquired from different
modelling and experimental techniques. As a
proof of principle, the authors trained their
graph network to learn about bandgaps — a
property that controls several electrical and
optical properties of solid materials, such
as their conductivity and colour. They used
bandgap data from five sources: four data
sets were the results of different types of
quantum-mechanical calculation, and the
fifth source was experimental data. The data
setthathad the lowest fidelity level contained
about 50,000 data points, roughly 100 times
more than the number in each of the other
data sets; this is typical of the heterogeneity
of available data in materials science.
Theauthors’ graph network takes a materi-
alsgraph —amathematical representation of
the structure of amaterial, consisting of nodes
thatrepresent atoms and edges that represent
bonds —as aninput. It then performs a series
of mathematical (convolution) operations to
exchangeinformation betweenits nodes and
edges. This produces anoutput vector known
asalatentrepresentation, whichis passed on
to, and further manipulated by, another arti-
ficial neural network to predict the property
of interest (in this case, the bandgap). One
or more historical data sets are used first to
simultaneously train the materials graph and
the second artificial neural network, priming
them to make predictions.
Machine-learning techniques based on
graph networks areamong the top-performing
methods for single-fidelity learning of
materials properties, and do not require a
feature-engineering step (in which a mater-
ial’'s composition and/or atomic structure
is converted into a string of numbers in a
machine-readable format), as is necessary
for other machine-learning algorithms®. To
adapt their graph network for multi-fidelity
learning, the authors introduced a new var-
iable, in addition to those used to represent
graph nodes and edges, that accounts for
the fidelity level of a data point. The authors’
graph network therefore exchanges informa-
tionbetween theatomnodes, thebond edges
and the data-fidelity level represented by the
new variable. This means that their approach
isapplicable to any number of fidelity levels.
A comparison of prediction errors clearly
demonstrates the benefit of the multi-fidelity
approach. For example, models that had
four levels of fidelity reduced errors in pre-
dictions of bandgaps by 22-45%, compared
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Figure 1| Multi-fidelity data can improve predictive models developed using machine learning.
Accurate (high-fidelity) data about the properties of materials can be difficult or expensive to acquire, and
so less-accurate (low-fidelity) data are often obtained instead. Low-fidelity data sets are therefore usually
larger than high-fidelity ones, and represent a greater diversity of materials. Machine-learning systems
typically use individual data sets to generate predictive models of materials’ properties. Diverse low-fidelity
data produce general but approximate models, whereas high-fidelity data produce accurate but less-general
ones. Here, machine learning based on individual data sets A to D produces four predictive models, the
generality and accuracy of which are shown. Chen et al.! report amachine-learning architecture that can
process materials data from multiple sets that have different fidelities, and thereby generates predictive
models that are more general and accurate than are those produced using the individual data sets; the red
spotindicates the generality and accuracy of amodel trained using the combined data sets A to D. Examples

areillustrative, and do not depict actual data.

with single-fidelity models. Similarly, mul-
ti-fidelity models involving two, three or five
levels of fidelity performed better than did
single-fidelity models.

This improvement can be attributed to
two key factors. First, the large volume of
low-fidelity data represents a more chemi-
cally diverse collection of materials than does
asingle high-fidelity data set; exposure of the
graph network to this diversity resultsin a
betterand more-general latent representation.
Second, thereisahigh correlation betweenthe
low- and high-fidelity bandgap data — many of
the bandgaps in the low-fidelity data set are
closein value to the equivalent data pointsin
the high-fidelity datasets. This second factor
is evident from the higher prediction accu-
racy thatis achieved when using high-fidelity
data sets that correlate more closely with the
low-fidelity data set.

Chen and colleagues’ approach over-
comes the limitations of other multi-fidelity
approaches®, which are either not easily scal-
abletolarge datasets, or cannot handle hetero-
geneous dataor more thantwolevels of fidelity.
The authors’ multi-fidelity graph network is
therefore a powerful new system for capturing
complex relationships between data sets of
multiplefidelities. It should be noted, however,
that Chenetal.did notexplore what happens if
low-and high-fidelity data points are weighted
differently. Such weighting might become nec-
essary whenthe number of low-fidelity points
issolarge thatitover-representsthe full set of
multi-fidelity data.

The authors’ system is not restricted to
materials science, but is generalizable to any
problem that can be described using graph
structures, such as social networks and knowl-
edge graphs (digital frameworks that repre-
sent knowledge as concepts connected by
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relationships). Furthermore, this approach
could, inprinciple, be used tolearn about mul-
tiple properties simultaneously (multi-task
learning), rather than learning about just
one property for which data are available at
multiple levels of fidelity.

However, some fundamental questions
remain. Are multi-fidelity approaches guar-
anteed to perform better than single-fidelity
models, even when the quality of the
low-fidelity data is extremely poor? And what
happens when low- and high-fidelity data
pointsare poorly correlated? Moreresearchis
needed to understand the scenarios for which
multi-fidelity learning is most beneficial,
balancing prediction accuracy with the cost of
acquiringdata.Inthe meantime, the popularity
of multi-fidelity methods will surely increase,
because they directly exploit the underlying
widespread heterogeneity of datain the mater-
ials and chemical sciences.
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