
observations, for example, the change of a cel-
lular function in response to an environmental 
stimulus. Only if the design of a big data exper-
iment reflects the biological observation can 
the big data be meaningful for generating com-
putational models that prioritize hypotheses to 
explain the initial observations. In such a sce-
nario, the use of big data is a risk-minimizing  
strategy to quickly and directly derive the most 
likely hypothesis explaining the underlying 
biology. Because the next generation of immu-
nologists should be able to fulfill such tasks, we 
need to train them in both wet lab skills and 
computational skills.

Big data in immunology
There are several areas in immunological 
research that will greatly benefit from a sophis-
ticated big data analysis, including genome, 
epigenome, transcriptome, metabolome, lipi-
dome, proteome, cytome (CyTOF) and even 
microbiome data (Fig. 2). An example is the 
analysis of specific B or T cell antigen receptor 
repertoires11,12. Recent technological advances 
in cytometry, single-cell manipulation technolo-
gies, mass spectrometry, and high-throughput 
sequencing of the B and T cell receptor (BCR 
and TCR) repertoires will make it possible to 
analyze B and T cell responses by following 
changes in clonal and population dynamics 
and function, thereby providing a fuller picture 
of the immune response to a given stimulus or 
therapeutic intervention. Big data derived from 
human BCR and TCR repertoires at the level 
of single receptors, especially when paired with 
technologies that can identify the antigenic epi-
topes recognized by those receptors, will bring 
clinical diagnosis, antibody drug discovery 
and vaccine development to a new level and 
will give insight into the ability of processed 

I will discuss some of the developments in big 
data science, its impact on immunology and 
how we need to adapt our education programs 
to cope with the expected changes.

Big data in the life sciences
When it comes to big data in the life sciences, 
‘omics’ technologies are currently the major 
data drivers1–3. The increase in next-generation  
sequencing data; sequencing capacity; and dif-
ferent sequencing approaches to assess DNA 
sequence, structure or methylation, DNA-
protein interactions, or different RNA species 
and RNA-protein interactions is staggering4–6. 
The quality of information is further improved 
by integration of different omics technologies. 
For example, the role of transcription factor 
binding to DNA in gene expression is much 
better described when integrating transcrip-
tome data from the same sample7. Other tech-
nologies, including proteomics, lipidomics, 
microbiomics and metabolomics8,9 and high-
resolution microscopy10 are adding further to 
the big data avalanche.

One needs to keep in mind that the genera-
tion of ever-larger data sets is not restricted to 
pharmaceutical companies or large-genome 
centers. Technological advances now allow 
any academic life scientist to compile terabytes 
of data. Efficient storage and retrieval of data 
is certainly one bottleneck, but even bigger 
bottlenecks include asking the right questions 
with all these data at hand, quickly exploring 
the data in an intelligent way, visualizing the 
data in an intuitive manner and drawing logi-
cal conclusions from the models derived from 
big data analysis. The availability of big data 
will change the way we ask scientific questions 
(Fig. 1). Furthermore, the generation of big 
data will have to be based on sound biological 

Imagine two immunologists, Bill and Steve, 
who meet in 2030. Steve asks, “Bill, how is 

your science going?” Bill answers, “We now 
have access to 500 petabytes of storage, a 
100,000-node GPU computer cluster with 500 
terabyte RAM, and the newest data-integration  
engine that allows us to instantaneously 
access all publically available data collections 
worldwide. We finally generate and prioritize 
our hypotheses based on big data.” There are 
numerous developments already ongoing that 
make this scenario very real. The big data revo-
lution incorporates the ‘three Vs’: volume of 
data, velocity of processing the data, and vari-
ability of data sources; therefore, preparation is 
required to take advantage of the technological 
advances and tools available to efficiently inter-
rogate large data sets to maximal effect. Indeed, 
every immunologist will have access to high-
quality and publically available big data regard-
ing primary immune cells from numerous 
species. Though they will not need to become 
computer scientists per se, young immunolo-
gists will need to know how to make use of the 
wealth of data that are currently being gener-
ated and that are anticipated in the coming 
decades, and thus training will be required 
not only in molecular and systems immu-
nology but also in big data science. This will 
require changes in graduate and undergradu-
ate education in order to achieve the goals of 
training students to embrace the big data era 
of science and teaching them how to use vast 
data resources in hypothesis generation. Here, 
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that high school training will be difficult to 
achieve, the next starting point would be 
undergraduate programs at colleges and uni-
versities. Programs that specialize in molecular 
life sciences should at least integrate immunol-
ogy and bioinformatics. Learning some basics 
in big data science and programming would 
allow the next generation of scientists to use 
the wealth of data ahead much better than we 
can do it today (Box 2). These young scientists, 
who will already be digital natives concerning 
the use of the internet, should become natives 
of the interface between immunology and 
big data science and computational biology. 
As with any type of dual citizenship, speak-
ing both languages perfectly will be the key to 
success. Further specialization can follow after 
the bachelor’s degree. Depending on the edu-
cation system, this should be either integrated 
into master’s studies (as in Europe) or directly 
into graduate programs during the PhD phase 
(as in the US). One could envision a master’s 
program on molecular and systems immunol-
ogy covering classical aspects of immunology 
(innate immunology, adaptive immunology, 
infection immunology and tumor immunol-
ogy) but also integrating clinical immunol-
ogy, genomics and other omics technologies, 
bioinformatics, big data science and systems 
immunology.

During the PhD phase, an additional level 
of training in big data science, systems immu-
nology or computational biology should be 
offered to young immunologists. There are 
at least four levels of expertise to be reached.  
A minimum level of expertise would be to know 
about existing big data in the public domain, 

of omics technologies in human immunol-
ogy needs to be reflected in the curricula of 
our training programs. Moreover, our ability 
to measure genomic differences between indi-
viduals and species and to map microbiomes 
from different organs (all requiring big data 
generation and analysis) will lead to mandatory 
reporting of such omics data in animal mod-
els addressing human diseases. Particularly 
for those immune-related diseases for which 
genetic, epigenetic or microbiome informa-
tion can be obtained with a reasonable effort 
in humans, it can be foreseen that increasing 
requirements for reporting full genome and 
microbiome information in the respective ani-
mal models will shift research toward human 
immunology.

With such a setting in mind, the following 
scenario can be proposed. An integration of 
bioinformatics, genomics, big data science 
and systems biology into our undergraduate 
and graduate programs in immunology would 
be most favorable (Box 1). Currently, nobody 
would ask for a specialized master program in 
genetic mouse modeling. Yet an understand-
ing of at least the basics of genetic engineering 
in the mouse is a prerequisite for cutting-edge 
immunological research, and it is an integral 
part of study programs in immunology. Big 
data science and systems approaches now need 
to become equally integral components of our 
immunological study programs. For most insti-
tutions, this will require close collaborations in 
teaching with computer science, informatics, 
bioinformatics and mathematics departments.

Another issue is timing. When should we 
start to train young immunologists? Given 

autoantigen peptides to bind these receptors. 
Another example is the combination of tran-
scriptome data with extended bioinformatics 
to dissect activation of immune cells on a mul-
tidimensional scale13, along a time scale14 or 
both. Transcriptomes are an excellent starting 
point to determine transcriptional regulatory 
networks during immune cell activation. Such 
networks can be enriched for specific classes of 
genes (for example, transcription factors) that 
can be examined in subsequent experiments fol-
lowing a prioritization based on the hierarchy 
defined by unbiased computational modeling 
of transcriptome data. Another source of big 
data is the recently introduced single-cell RNA 
sequencing technologies that will revolutionize 
the way we will define immune cell subsets in 
the near future15,16.

Future training programs for immunology
To design future training programs in immu-
nological big data science, we need a clear 
vision and understanding about the role 
immunology should have in the future. There 
might be differences between centers or uni-
versities and from country to country, but big 
data will play a role in all settings. The advent 
of omics-based big data science will allow the 
assessment of human immune parameters in 
unprecedented detail and in an integrated fash-
ion using data from different high-throughput 
technologies. Moreover, it is becoming increas-
ingly clear that species-specific genetic, epigen-
etic and microbiome-mediated mechanisms 
are important modulators of immune-related 
mechanisms and diseases and are best stud-
ied in humans using omics-based technolo-
gies17–19. As stated by others, this will create 
new interest in human immunology in the 
decades to come20,21, and therefore the use 

Biological
observation

Design omics
experiment 

Omics
experiment 

Big data
analysis

Computational
modeling

Data-driven
hypotheses

Hypothesis
prioritization

Experimental
validation

Big data–driven
circle of systems

immunology

Figure 1  The circle of systems immunology. The 
big data–driven circle of systems immunology as a 
strategy to use big data to generate hypotheses in 
a data-driven fashion to use prioritized database 
hypotheses for further experimental validation 
by classical approaches using loss- and gain-of-
function experiments, in vivo modeling of disease, 
murine genetic models and other functional and 
observational approaches such as live cell imaging 
or flow cytometry. 

Box 1  Suggestions for future undergraduate immunology programs
Minimum requirements
Initiate interdisciplinary, interfaculty or interdepartmental study programs—at least the 
following departments or disciplines should be involved:

• Immunology
• Computational sciences
• Molecular medicine or biology
• Genetics or genomics

Integrate lectures, courses and seminars in bioinformatics and genomics into the study 
program:

• These lectures, courses and seminars should be mandatory (not elective)
• Team up with the computational science; make sure the courses are geared towards
computational approaches applicable to immunological research
• Practical courses should include experience in real data analysis
• Include lab rotations in computational science labs as part of the study program,
together with a lab rotation report

Further suggestions
Offer additional courses in big data sciences and systems immunology:

• These lectures could be elective
• Team up with systems biology big data science departments; make sure the courses
 are geared towards approaches applicable to immunological research
• Offer access to learning a programming language (elective)
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science. This would be particularly suitable for 
students who were not trained in computa-
tional sciences before their PhD phase. A simi-
lar track could be designed for students in the 
computational sciences—if they want to enter 
the immunological arena, they need to learn 
the basic concepts of our field. Accordingly, 
they need to be trained in the basics of immu-
nology and in immunological techniques and 
model systems, hands-on laboratory experi-
ence included. This would allow two paths of 
entry into a career in immunological big data 
science.

What about postdoctoral scientists? Science 
at the interface of different disciplines such as 
immunology, genomics, informatics, big data 
science, computational biology and bioinfor-
matics will require lifelong continuous edu-
cation. Even at the established faculty level, 
we are learning new approaches in these dis-
ciplines on a daily basis. For those of us who 
did not grow up with big data and who were 
not exposed to computational science during 
their studies, learning by doing will be rather 
important. Online education platforms such as 
Class Central (https://www.class-central.com) 
already offer numerous online courses on big 
data science, bioinformatics and programming. 
Taking time for learning disciplines not being 
taught at university will become mainstream. 
Nevertheless, the better the educational foun-
dation established early on, the better one’s 
scientific future in this most exciting area of 
research will be (Box 2).

allowing for sufficient time to practice big data 
analysis. If possible, PhD students could be 
embedded for a certain time into collaborat-
ing labs that entirely focus on big data science, 
for example, genomics labs. During this time, 
students would directly interact with compu-
tational scientists on a daily basis to learn and 
practice the necessary computational skills. 
The better the students are trained beforehand 
during their bachelor’s and master’s programs, 
the easier they will find such embedment. At 
the same time, this model fosters a new way to 
interact, by sharing knowledge, expertise and 
data in a very collaborative fashion between 
different groups. Another option for PhD stu-
dents could be a structured program in big data 

the technologies they were generated with and 
the principles of big data analysis. A next step 
would be an introduction to previously pub-
lished examples of good practice of big data sci-
ence analysis in immunology. A critical further 
step will be hands-on training on applications 
of big data analysis using previously published 
good practice examples. Only if those steps are 
mastered will it be possible to reach the highest 
level of big data analysis allowing one to fully 
harness the potential of big data, to prioritize 
the most important questions, to integrate intu-
ition with biological relevance and to guide the 
best experimental design for a big data experi-
ment. This highest level will require teaching 
of a deep understanding of immunology while 
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Figure 2  Some of the areas that generate big 
data in the life sciences. Innovative database 
integration engines will allow the analysis and 
integration of different sources of big data in the 
life sciences in the future.

Box 2  Major considerations for scientists interested in big data immunology 
• Participate in undergraduate or graduate programs that provide classes, seminars and courses in both classical fields of immunology
and in bioinformatics, computational biology, genomics and systems immunology
• Learn the basics of the big data–driven circle of systems immunology. Understand how big data can be used to compute models that
help to prioritize hypotheses in a data-driven fashion (see Fig. 1)
• Learn another language, namely a programming language–R, Perl and Python are good choices
• For your PhD thesis, look for projects that are at the interface of immunology and computational biology; the best scenario would be
to join institutes or labs that offer both wet and dry lab experiences. If you can generate your own high-throughput data, you can drive
your own hypothesis that you derived from your own calculations with your own data. If you then are able to validate them with your own
wet lab experiments, you made a full circle in systems immunology
• Attend summer schools on computational biology: examples are the Lipari School on Bioinformatics and Computational Biology, the
Summer Program in Biostatistics & Computational Biology at Harvard, the Summer School for Big Data in Biology at the University of
Texas at Austin and the Dresden Summer School in Systems Biology. There are more programs available, and you can easily find them
on the internet
• During your postdoctoral time, spend extra hours on computational skills
• As a young research group leader, engage with experts in both fields, immunology and computational sciences
• As an established group leader, continue to educate yourself in these novel technologies and in data-driven approaches that can
quickly prioritize your own hypotheses. Initiate exchange programs with computational scientists who are willing to host your co-workers
for a defined period of time to learn more about big data sciences
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cancer scientists spot patterns in gigabytes 
of genetic information from thousands of 
tumors. Such collaborative models have the 
great potential to democratize basic scientific 
discovery. But for this to happen, we have to 
get out of our labs and talk to computer, web 
and social media specialists, to engineers 
and even to the public. Maybe if we are not 
ready ourselves, we might team up with the 
students trained in big data science to har-
ness these great options outside our own sci-
entific comfort zone. Since we will never be 
able to collect endless data in the future, we 
also need to be very responsible about our 
financial resources. The more data we collect, 
the more differences we will find between 
human disease and the model systems we use 
to study them. This will be particularly true 
for immune-mediated pathology. Big data 
science will definitely have an impact on our 
future priorities. Positively speaking, refocus-
ing our efforts on human immunology will be 
a result of those technologies generating big 
data in the life sciences.
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Perspective: a new world of immunology
Once we have trained all these young 
immunologists in big data analysis, what 
else will change in our future immunologi-
cal research? We have to adapt quickly to 
collaborative research models that other 
research fields, such as particle physics and 
the human genomics and epigenetics con-
sortia, have managed to establish. The more 
data we generate, the more mainstream data 
sharing before publication will become. 
Crowdsourcing might also become a natural 
habit. Sarah Fortune at the Harvard School 
of Public Health reported at POPTECH on 
cataloging bacterial cells (http://poptech.org/
popcasts/fortune_and_biewald_crowdsourc-
ing_tb_cell_annotation/), a task that is still 
best performed by humans. Using the inter-
net to convince thousands of people to join 
in fulfilling this task accelerated the project 
by several years. Another example is ‘Play to 
Cure: Genes in Space’ (http://scienceblog.
cancerresearchuk.org/2014/02/04/download-
our-revolutionary-mobile-game-to-help-
speed-up-cancer-research/). In a nutshell, 
the goal of this computer game for the player 
is to find the best route to pick up the most 
‘Element Alpha’; however, by doing so, play-
ers are actually plotting a course through gen-
uine DNA microarray data, thereby helping 
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