
observations were carried out in the Himalayas 
in a region that has extremely high thunder-
storm activity (about 30 lightning strokes per 
day). Since the late 1990s, many other studies 
have also claimed statistically significant detec-
tions of thunderstorm-produced neutrons 
from all over the world7–10. However, the detec-
tors could not distinguish neutrons from other 
particles such as electrons and γ-ray photons 
— all three would produce similar electric-
current pulses in the detectors11.

It was initially thought that thunderstorm-
induced neutrons were produced in a nuclear 
reaction in which two nuclei of the hydrogen 
isotope deuterium fuse in the plasma created 
by lightning to form a helium nucleus and a 
neutron. However, it was later shown that the 
physical conditions in such a plasma do not 
allow this reaction to occur12.

Instead, the avalanche of high-energy elec-
trons produced in a thundercloud emits X-ray 
and γ-ray photons. Since the late 1980s, these 
photons have been detected on the ground, 
by aircraft flying inside thunderclouds, and 
by artificial satellites in near space (about 
500 kilometres above Earth’s surface)13. The 
photons have energies of up to hundreds of 
megaelectronvolts (MeV). 

High-energy electrons, and γ-rays that have 
energies larger than about 10 MeV, can knock 
out neutrons from atmospheric nitrogen-14 
and oxygen-16 nuclei — by electrodisintegra-
tion in the case of electrons and photonuclear 
reactions in the case of γ-rays11,12. Although 
the ability of thunderstorms to produce neu-
trons through photonuclear reactions has been 
demonstrated using computer simulations11,13, 
direct experimental evidence has been absent.

Rather than focusing on the neutrons, 
Enoto and colleagues considered the other 
products of the photonuclear reactions 
involving nitrogen-14 and oxygen-16: namely, 
unstable nitrogen-13 and oxygen-15 isotopes 
(Fig. 1). These isotopes decay after a few min-
utes into stable carbon-13 and nitrogen-15 
nuclei through the emission of a neutrino and 
a positron — the antiparticle of the electron. 
Finally, the positron annihilates with an elec-
tron of an atmospheric molecule to produce a 
pair of γ-rays.

Because both positrons and electrons have 
masses of 0.511 MeV (expressed in energy 
units), each emitted γ-ray has an energy of 
0.511 MeV. Therefore, to confirm the existence 
of these photonuclear reactions, the authors 
simply needed to identify a line at this energy 
in the wide energy spectrum of all γ-rays.

To this end, Enoto et al. carried out ground-
based observations of γ-ray emission from 
low winter thunderclouds above the coast of 
the Sea of Japan. On 6 February 2017, they 
detected an intense γ-ray flash that lasted for 
less than 1 millisecond, which they associated 
with a lightning stroke. After the initial γ-ray 
flash, the authors observed a prolonged 
γ-ray line at an energy of 0.511 MeV that lasted 

C A N C E R  I M M U N O T H E R A P Y 

How T cells spot 
tumour cells
Immunotherapy can reawaken T cells to destroy tumour cells. Modelling of 
tumour and T-cell interactions suggests why certain tumour cells are targeted 
and improves predictions of immunotherapy outcome. See Letters p.512 & p.517 

S I R A N U S H  S A R K I Z O V A  &  N I R  H A C O H E N 

The T cells of the immune system have 
a key role in the identification and 
elimination of cells that pose a threat 

to the body, such as infected cells and cancer 
cells. Two papers by Balachandran et al.1 
(page  512) and Łuksza et al.2 (page 517), 
which have many authors in common, pro-
pose a framework to assess how effectively 
tumours can be detected by T cells — a 
tumour property known as immunogenicity. 
The authors demonstrate that their models 
for assigning tumour-immunogenicity scores 
can be used to predict clinical responses to 
a type of cancer immunotherapy called 
checkpoint blockade.

Most cells in the body present peptide 
fragments known as antigens on their cell sur-
face, which are generated from intracellular 

proteins. Each peptide is bound in a complex 
with a specialized receptor called an MHC 
class I protein (HLA class I in humans). T cells 
known as cytotoxic T cells police the body in 
search of cells displaying specific antigens, 
especially antigens from infectious organ-
isms, or in the case of cancer, antigens known 
as neoantigens that have arisen as a result of a 
mutation (Fig. 1). If the T-cell receptor (TCR) 
of a cytotoxic T cell recognizes and binds an 
antigen that is not normally present, the T cell 
will often unleash an attack that kills the cell 
displaying that antigen. TCRs are highly varia-
ble and have slightly different antigen-binding 
regions, enabling the immune system to recog-
nize millions of antigens3. Antigen binding to 
MHC proteins and TCR recognition of anti-
gen–MHC complexes are key determinants of 
an immune response.

Tumour cells often fight back against this 

for about a minute (see Fig. 4 in the paper2). 
This line is a conclusive indication of electron–
positron annihilation, and represents unequiv-
ocal evidence that photonuclear reactions can 
be triggered by thunderstorms.

Enoto and colleagues’ discovery is impor-
tant because it unveils a previously unknown 
natural source of isotopes in the atmosphere, 
in addition to the irradiation of Earth by cos-
mic rays. These isotopes include nitrogen-15, 
carbon-13 and carbon-14, the last of which 
is widely used in the dating of archaeological 
artefacts and artworks. In fact, the contribu-
tion of thunderstorms to Earth’s carbon-14 
abundance could be comparable in some 
regions to that of cosmic irradiation14. Future 
studies should check whether thunderstorms 
produce other isotopes (such as those of 
hydrogen, helium and beryllium).

Thunderstorm-induced nuclear reactions 
could occur in the atmospheres of other 
planets, such as Jupiter and Venus, and might 
therefore contribute to the isotopic composi-
tion of these atmospheres. However, deter-
mining the magnitude of this contribution 
will require detailed observations of γ-rays 
and neutrons from thunderstorms on these 
planets. Another implication of Enoto and 
colleagues’ discovery is that the neutrons 
are formed outside the plasma created by 

lightning. This suggests that these neutrons 
cannot provide information about the plasma, 
in contrast to expectations15. ■
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immune-system surveillance by hijacking the 
natural mechanisms that dampen immune 
responses, which are normally intended to 
block autoimmmune attacks against healthy 
tissue. Checkpoint-blockade therapies can 
block these immuno-inhibitory signals, 
such as those generated by the ‘checkpoint’ 
PD-L1 protein4. However, only a subset of 
tumours treated with such therapies regress. 
Therefore, approaches are needed to identify 
the tumours that are most likely to respond 
to immunotherapy.

Current ways of predicting the effectiveness 
of checkpoint-blockade therapy rely on meas-
uring the level of PD-L1 protein expressed by 
tumour cells, counting the number of T cells in 
a tumour, and estimating the number of differ-
ent neoantigens that a tumour contains5. The 
work by Łuksza and Balachandran and their 
respective colleagues offers a new type of inte-
grated model to predict whether a tumour will 
be attacked by T cells, a characteristic that they 
refer to as tumour fitness (low fitness being 
associated with a strong immune response 
against the tumour). 

The authors calculate tumour fitness 
by assessing the immunogenicity of the 
neoantigens that a tumour contains. To esti-
mate the immunogenicity of each neoantigen, 
the authors first considered how tightly each 
patient’s MHC protein binds to each given neo-
antigen compared with the non-mutant version 
of the antigen, and second, they assigned a 
score for the likelihood of a neoantigen–MHC 
complex being recognized by a TCR. Although 
MHC shape can vary depending on the version 
of MHC protein present, computational algo-
rithms can accurately predict the affinity of a 
given antigen for any version of MHC protein 
encoded in a patient’s genome. 

However, predicting which antigens are 
more likely than others to be recognized by 
TCRs remains a challenge. To tackle this prob-
lem, both groups of authors make the simpli-
fying assumption that neoantigens are more 
likely to be immunogenic if they resemble 
infectious-disease-associated antigens that are 
known to stimulate T cells and therefore might 
have a higher probability of being recognized 
as ‘non-self ’. 

In both studies, the authors calculated the 
fitness of each individual tumour on the basis 
of the combined fitnesses of the subpopula-
tions of tumour cells, known as clones, that 
contain different mutations. Each clone in 
the tumour was represented by a score for its 
neoantigen that was most likely to bind MHC 
and be recognized by a TCR. Łuksza and col-
leagues validated their model in an analysis 
of three groups of individuals diagnosed with 
cancer (two groups with melanoma and one 
group with non-small-cell lung cancer) and 
being treated with checkpoint-blockade ther-
apy. The tumours predicted by their model to 
have lower fitness were indeed associated with 
longer patient-survival times. Furthermore, 

they demonstrated that the predictive power 
of their full model is superior to partial 
versions that used only some of the scoring 
criteria. 

Balachandran and colleagues demonstrated 
that this type of modelling approach could dis-
tinguish between long-term and short-term 
survivors after a diagnosis of pancreatic cancer. 
An alternative model that they tested, which 
assessed the number of different neoantigens, 
could not. Furthermore, when blood samples 
from patients were analysed, Balachandran 
et al. found that, compared with short-term 
survivors, the long-term survivors had a 
higher frequency of neoantigens generated 
from mutations in the gene MUC16 and had 
T-cell responses against mutant MUC16. The 
authors suggest that MUC16 mutations gener-
ate neoantigens that are key antitumour targets 
of the immune system.

The tumour-fitness model is a mathematical 
model in which several parameters need to be 
set. These parameters relate to the timescale 
of response to therapy and the assessment of 
the probability that a neoantigen will be rec-
ognized by a TCR. To determine the numeri-
cal values to use for these parameters, both 
groups varied these parameter values so that 
the model would best match the observed 
patient-survival data. 

Łuksza and colleagues employed an 
approach in which the parameters deter-
mined using data from one group of patients 
were used to predict survival of an independ-
ent group of patients. This is a commonly 
accepted way of avoiding a problem known 
as ‘over-fitting’, in which a model works only 
for a particular data set. Balachandran and 

colleagues determined the parameter values 
and predicted outcomes using the same group 
of patients, but argued that similar values 
were obtained when subsamples of the data 
were used for this parameter-setting purpose. 
The need to set the model parameters for each 
group of patients raises the question of how 
predictive the model will be for any given 
patient, considering the unique characteris-
tics of their individual tumour type and the 
particular type of immunotherapy used.

Many other factors — in addition to affinity 
of antigen for MHC proteins and TCR antigen 
recognition — can influence the potency of 
neoantigens or correlate with checkpoint-
blockade effectiveness. Thus, it would be 
desirable to be able to extend the model easily. 
Indeed, Łuksza and colleagues demonstrate 
the incorporation of additional parameters, 
such as the expression of cytotoxic genes 
in the tumour microenvironment, which is 
associated with immune-cell targeting of the 
tumour, and show that this addition improves 
the model’s predictive power. In the same 
spirit, a superior model could be achieved by 
taking yet more factors into account, such as 
biases in the protein-degradation process that 
generates antigens, or the level of neoantigen 
expression.

It remains possible that the similarity of a 
neoantigen to non-microbial antigens, such as 
antigens associated with autoimmunity, could 
also be used to predict immunogenicity and 
patient survival. Thus, more research is needed 
to pinpoint the basis of TCR recognition of 
antigens. Although many factors must be 
considered in the prediction of effective anti-
tumour immune responses in a given patient 

Figure 1 | Predicting whether cancer mutations will trigger an immune response. a, Fragments 
of intracellular proteins, known as antigens, bind to MHC receptor proteins and might be recognized 
by T-cell receptor (TCR) proteins and trigger an immune response. Tumour cells contain mutated 
antigens called neoantigens that are not normally present in the body (expression of different 
neoantigens indicated by different shades of red). Łuksza and colleagues’ model2 assigns a score for 
how likely it is that a particular neoantigen will elicit an immune response on the basis of how well it 
binds to the MHC protein and the likelihood of it being recognized by a TCR. A high score is given to a 
neoantigen predicted to elicit a strong T-cell response (dark blue) and a low score given to a neoantigen 
predicted to elicit a weak T-cell response (light blue) or no T-cell response. The neoantigen scores for 
each cellular clone were then considered together to predict how well a tumour will be controlled by the 
immune system. b, Balachandran et al.1 demonstrate that this type of model could be used to distinguish 
between a group of individuals who died of pancreatic cancer within a median time after diagnosis of 
more than eight years (red) or less than one year (blue). (Panel based on part of Fig. 2b of ref. 1.)
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J E R O E N  R A E S

A simple, though dauntingly ambitious 
idea of sampling the microbial genetic 
diversity across Earth is the driving 

force behind the Earth Microbiome Project. On 
page 457, Thompson et al.1 report the results of 
this experimental tour de force. 

The project began life at a meeting in 
Snowbird, Utah, in 2010 at which a group 
of scientists from a wide range of disciplines 
discussed the goals, challenges and practi-
calities of such an enterprise2. Seven years 
on, the authors now report the microbial  
compositional profiles of a whopping 
27,751 samples from 97 independent studies, 
providing insights into the diversity of micro-
organisms — from the bacterial and archaeal 
domains — in a wide range of geographic and 
environmental ecosystems, both terrestrial 
and aquatic. From these samples, Thompson 
and colleagues generated 2.2 billion DNA 
sequence reads of a highly variable region of 
a universally evolutionarily conserved gene 
called 16S rRNA, which encodes a component 
of the ribosome (the cell’s protein-synthesis 
machinery). 

The remarkable nature of this study lies 
not only in its scale and in the breadth of the 
environmental samples analysed (Fig. 1), but 
also in its methodology. The project involved a 
massive, global crowdsourcing effort in which 
scientists raided their collection freezers for 
samples to share with the project. 

The approach was straightforward. A call  
was made for scientists to contri bute  
well-preserved environmental samples  
collected during specific research projects, 
and the Earth Microbiome Project offered to 
sequence the DNA of the 16S rRNA gene in 
the microbial samples and to make the data 

available as open access. 
This project is a prime example of a trend in 

the adoption of scientific approaches  involving  
widespread engagement, in which the ease of 
electronic communication and the power of 
social media are harnessed to generate useful 
resources. In the same spirit, in the Polymath 
Project, mathematicians collaborate to tackle 
challenging mathematical problems. 

Such approaches to generating crowdsourced  
experimental data usually work by first  
getting the project under way and obtaining 
funding later as the project gathers momen-
tum, perhaps by crowdfunding. Examples of 
crowdsourced projects include those analysing 
bacteria in the human gut, such as the Flemish 
Gut Flora Project3, or the Personalized Nutri-
tion Project4. Such studies contrast with con-
ventional research collaborations that begin 
once a grant is obtained from a funding agency.

Challenges inevitably arise in the type of 
work conducted by Thompson et al., par-
ticularly from having to handle samples from 
many collection sites. A common frustration 
in microbial research is that sampling pro-
cedures, storage, transport conditions, DNA 
extraction and amplification protocols often 
result in a ‘lab-of-origin’ effect that makes it 
difficult to compare data generated by differ-
ent research groups. To address this, the Earth 
Microbiome Project developed a range of pro-
tocols5 and standards for sample collection, 
DNA extraction, transport and the formatting 
of the associated auxiliary data (such as tem-
perature or location), as well as data-analysis 
procedures. These protocols were used for the 
project itself, but have been rapidly adopted 
by the wider research community, and more 
than 2,000 papers have already been published 
that use them6. By having a single protocol for 
all samples, and running all analyses in one 
laboratory, Thompson and colleagues have 
tried to remove as many potential technical  
confounding factors as possible. 

The results seem to confirm that they have 
succeeded, revealing that sample microbial 
profiles cluster by environment — those from 
a specific type of environment are more similar 
to each other than to those from other types 
of environment, irrespective of the research 
group that collected the sample. This approach 
also has a drawback, because a single DNA-
extraction protocol cannot be expected to per-
form equally well across the wide chemical and 
biological variability of the samples collected 
in this type of broad survey, and might be less 
effective than a targeted approach in which 
extraction protocols are optimized for the 
environment being sampled. Thompson and 
colleagues have favoured generalizability over 
sensitivity, a choice that can surely be defended 
in these circumstances.

Another limitation of the study is its lack 
of hypothesis-driven experimental design, 

Figure 1 | Environmental sources of microbial 
samples analysed by the Earth Microbiome 
Project. Thompson et al.1 report data generated 
from their work in a project to assess microbial 
diversity across Earth. Scientists from 43 countries 
sent the project’s authors 27,751 DNA samples of 
free-living and host-associated microorganisms 
collected from various environments. After a 
quality-control step, the authors analysed part of 
the sequence of a gene called 16S rRNA in 23,828 
of the samples. 
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(including non-mutant antigens, which can 
sometimes trigger an anticancer response), 
neoantigens are emerging as crucial targets 
that T cells can use to detect and destroy 
cancer cells, and represent important targets 
for immunotherapy6–8. ■
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