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ABSTRACT. Statistics as a scientific discipline is currently facing the great challenge of
finding its place in data science once more. While at the beginning of the last century,
the development of the discipline of statistics was initiated by data-related research ques-
tions, nowadays, it is often viewed to have not kept up with the current developments
in data science, which are largely focused on algorithmic, exploratory and computational
aspects and often driven by other disciplines, such as computer science. However, sta-
tistics can—and should—contribute to the advances of data science. Of most interest
are the strengths of statistics, such as the mathematical focus that leads to theoretical
guarantees. This includes methods for formal modeling, hypothesis tests, uncertainty
quantification and statistical inference. Of particular interest are also established statis-
tical frameworks to handle causality or data deficiencies such as dependence, missingness,
biases or confounding.

This paper summarizes the findings of a discussion workshop on the topic that was
held in June 2023 in Hannover, Germany. The discussion centered around the following
questions: How must statistics be set up so that it can contribute (more) to modern data
science? In which direction should it develop further? Which strengths can already be
used now? What conditions must be created so that this can succeed? What can be done
to arrive at a common language? What is the added value of formal modeling, inference,
and the mathematical perspective taken in statistics?

1. INTRODUCTION

Statistics has emerged from the need to derive scientific knowledge from data. It was
crucially inspired by other fields searching for sound and meaningful approaches to analyze
their data. In this tradition John W. Tukey (1915-2000) allegedly once told a colleague
“The best thing about being a statistician, is that you get to play in everyone’s back-
yard” (Brillinger, 2014).

The discipline of statistics as we know it today developed from the beginning of the 20th
century driven by figures like F. Nightingale, Sir R.A. Fisher, K. Pearson and later G. Cox,
J. Tukey, G. Box, first in the UK and later in the USA. This brought forth strong statistics
departments in the UK and the USA. In other countries, however, the development has
been different: For example, in Germany, the majority of statisticians have a mathematical
background, and statistics departments only exist in two places, Dortmund and Munich.
All other academic statisticians are either affiliated with mathematics or other quantitative
fields such as economics or medicine.

At the beginning of the 21st century, with the dawn of the information age, a new
generation of computer scientists have stretched the boundaries of data analysis especially
through the development of new computational tools. These efforts catered to the increasing
automation of data collection, which led to large and complex data and, therefore, sidelined
classical statistical approaches that were tailored to more structured and strategic data
collection. These developments have generated two largely separated fields of data-related
sciences. While the two fields started to merge in some parts of the world through joint
research institutions (such as the Alan Turing Institute in London) or even departments
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(such as the Halicioglu Data Science Institute at UC San Diego), the division is still very
much in place elsewhere, including Germany.

Statistics as a discipline was very interdisciplinary and focused on data analysis until
around the 1970s, when the focus was shifted more towards mathematical aspects, espe-
cially in Germany where statistics usually remained integrated into mathematics depart-
ments to this date. In the new millennium, this put statistics at a disadvantage as compared
to computer science when it came to the analysis of even larger data within the available
computing facilities. In other words, the prevalent research culture in statistics furthered
the mathematical understanding of statistics but did not catch up with new technologies in
data acquisition. Computer scientists, on the other hand, who were at the forefront of ex-
actly this data acquisition, and who had the newest computing resources at their disposal,
readily filled this gap, developing their own tools for the analysis of those new data. Nowa-
days, some people consider data science a subfield of what is called artificial intelligence
(AI), but the whole area—and the corresponding terms—are dynamic, interconnected, and
heterogeneous. Data science itself is also very heterogeneous.

Nevertheless, statistics still has a unique portfolio to contribute to the understanding
of data-related questions. Just to mention one example here, statistical guarantees like
those that underpin modern statistics are becoming increasingly relevant in the context
of trustworthy data science as well, see for example Hand, 2022; Jockel et al., 2023. Con-
versely, topics that originated in computer science, such as algorithmic complexity, scalabil-
ity of algorithms, and new data types, are becoming more and more important in statistics
(Agenis-Nevers et al., 2021; Feldman & Kowal, 2022; Li & Peng, 2024; Liu et al., 2021a).
Thus, the computational and statistical developments must and will continue to merge into
a broad discipline of data science.

For this, data science should incorporate statistical ideas, but statistics also needs to
adapt to the new reality of data science. Indeed, given the long history and tradition of
statistics, why is statistics currently not the center of the data science revolution? Such
questions have already been addressed by Tukey as early as 1962 (Tukey, 1962) and been
revisited by various statisticians since then (Blei & Smyth, 2017; Breiman, 2001; Donoho,
2017; Friedrich et al., 2022), but the rapid changes in data science make a continued dis-
cussion of these topics necessary.

Origin of this paper. This paper is the result of a workshop with the title Challenges
for statistics in the era of data science that identified not only challenges but also op-
portunities. The workshop was held in 2023 in Hannover, Germany, where about three
dozen participants from statistics, computer science, and related fields discussed the role
of statistics in data science. After two days of intense discussions, all participants set out
to summarize the discussions in a joint effort. The corresponding draft was extended and
polished in the subsequent months to reach the version presented here.

Organization of the paper. The paper is organized as follows. Section 2 outlines a
vision for future data scientists and contrasts different research cultures of statistics and
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data-driven computer science. Section 3 discusses different aspects of research standards
such as reproducibility, generalization, and probabilistic justifications. This section also
highlights the additional challenges and requirements of medical data science. Section 4
focuses on the importance of data quality. In particular, data standards that take ethical
or privacy issues into account are discussed. Moreover, typical challenges in data such as
missingness or harmonization are highlighted. The section concludes by discussing how data
should be acquired to meet the necessary standards. Section 5 gives several examples how
statistical thinking and statistical methods can benefit data science and vice versa. Finally,
the article concludes with a vision of how computer scientists and statisticians could work
together in data science and what the education of data scientists should look like.

2. STATISTICS AND DATA SCIENCE

Statistics and data science are often considered two separate fields, rooted in two separate
communities. Data science has indeed emerged from data-intense computer science (cs),
while the field of statistics has started with a strong applied focus on data analysis and
then moved toward more abstract notions or specific applications, e.g., in medicine. We still
think, however, that the current division is artificial: after all, the core of both “classical
statistics” and “cs-inspired data science” is to draw scientifically founded conclusions from
data.

We first start with our vision of a future data scientist which already incorporates dif-
ferent aspects from classical statistics, computer science, and other disciplines. Then, we
discuss differences between classical statistics and cs-inspired data science that may both
be beneficial or counterproductive in a cooperation.

2.1. The future data scientist. The distinction between statistics and computer science
has historically shaped education and skill development in data-related fields. Recent trend
analyses indicate a shifting landscape where contemporary data science curricula increas-
ingly integrate computational skills, enhancing the applicability and effectiveness of statis-
tical methods across various disciplines. Many advocates emphasize the need for statistics
education to transcend traditional boundaries and incorporate computational thinking as a
core competency. It has been argued that statistics educators should engage with interdis-
ciplinary learning frameworks to effectively integrate data science principles into standard
curricula, thereby preparing students to tackle complex real-world problems using advanced
computational techniques Burckhardt et al., 2021; Finzer, 2013; Reinhart and Genovese,
2021.

Moreover, as the complexity of data increases, the necessity for advanced computational
training becomes evident. Research highlights that effective data science training should not
only emphasize statistical manipulation but also blend computational reasoning throughout
the educational curriculum. This integration fosters deeper understanding and proficiency
in statistical computing Burr et al., 2021; Oliver and McNeil, 2021. The rise of techniques
such as Bayesian deep learning exemplifies this trend, illustrating how statistical methodolo-
gies can be seamlessly fused with computer science principles to create powerful analytical
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tools Fortuin, 2022; Wang and Yeung, 2016. While statistics and computer science have
distinctive origins, the evolving domain of data science reveals a critical convergence that
necessitates a reevaluation of educational strategies to produce competent scholars equipped
to navigate this interdisciplinary landscape effectively.

Furthermore, three strong and new forces compel a rethinking of the role of the future
data scientist. First, challenges in the data, as summarized by the V’s of big data, i.e.
volume, velocity, variability, variety, require ever more complex algorithms for their analysis.
Second, algorithms that learn from data are playing more central roles in society, influencing
decisions in all aspects of our lives. Third, tools of automation such as those made possible
by large language models will streamline many of the tasks that previously were occupying
much of the data scientist’s time and effort. This is reflected in the lack of a common
understanding of what data scientists are, and what they can contribute to industry and
commerce as well as empirical sciences.

Meanwhile, the increasing availability of datasets and automated tools for their analysis
is leading to a democratization of data science: now anyone has the means to analyze data,
thereby changing what professional data scientists can and have to contribute.

In fact, there are several categories of people who engage with and contribute to data
science in different ways. These not only include professionals who are trained in statistics,
machine learning and related fields, but also practitioners who apply statistical and machine
learning methodologies in science and industry; policy and other decision makers such as
politicians, public health officials and managers; and finally the public, who increasingly
rely on data to understand and navigate the modern world. It is the interaction with
all of these stakeholders that shapes the environment in which professional data scientists
operate. In particular, the future data scientist must effectively disseminate knowledge,
expertise, and research findings in a way that promotes good practice among end users.

Among the automation tools, it is especially the new Al tools that will probably affect
the day-to-day work of the future data scientist most. Many basic statistical modeling
tasks can already be performed by ChatGPT and other tools based on large language
models (Ji et al., 2025). For example, a practitioner who would previously have turned
to a data science professional for guidance about which statistical method would be most
appropriate in a given context may now ask ChatGPT. Furthermore, implementation of
analyses can be rapidly produced by tools such as ChatGPT or GitHub Copilot. While
such tools offer advice, they often come with a unjustified level of confidence.

Al systems also have the potential to expedite the time-consuming process of academic
writing, such as compiling literature reviews and lecture notes. Ultimately, Al assistance
will help data scientists improve the quality and accessibility of their output.

On the other hand, at least in the near future, certain tasks will and should remain in
the domain of the human professional, e.g., the development of new methods, the design
of data analysis pipelines, the consideration of ethical and legal aspects, and the oversight
of projects. Also, certain standards of good practice need to be ensured, regardless of
whether certain tasks have been performed automatically or by a human. Data scientists
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will need to preside over the Al revolution by acting as gatekeepers and designing appropri-
ate safeguards. To support this, new tools have emerged, too, such as literate programming
to ensure reproducibility and version control for code development. Explainable Al tech-
nologies promise to make automated decision-making processes more transparent. At the
same time, traditional statistical expertise will continue to play an essential role in con-
siderations such as selection bias, confounding, and uncertainty. Thus, professional data
scientists will need to be able to use all these new tools to their advantage, without ceding
overall responsibility and accountability to Al agents.

2.2. Why do data scientists and statisticians come up with different methods?
Statistics is the science of collecting, presenting, analyzing, and interpreting data. In this
broad definition, data science becomes almost a synonym of statistics. Current practice,
however, differentiates between the two terms, particularly when focusing on theoretical
and mathematical aspects of statistics. The distinction between data science and statistics
dates back to discussions within the statistics community in the 1960s and 1970s, when
John W. Tukey was promoting data analysis (Tukey, 1962).

To start with, the different standpoints of classical statistics and cs-inspired data science
are already reflected in the different purposes of data sampling (Breiman, 2001; Politis,
2015). Statistics typically takes samples to draw inferences about a well-defined population,
while cs-inspired data science, especially machine learning, often takes samples to learn
patterns that are relevant for subsequent predictions. Indeed, both notions cover data
collection, but in classical statistics, data collection comes with the clear emphasis on
analyzing the data, while cs-inspired data science handles data that often just happen to
be available. The latter case results in a plethora of data formats that need to be handled
and included in the data pipeline. However, more recently, the sampling process and data
deficiencies, as discussed in Section 4 below, have also moved more into focus in the machine
learning community, where statisticians can contribute their expertise on questions such as
e.g., on confound(er) bias and correction in neuroimaging (Rao et al., 2017; Snoek et al.,
2019), where a concern is that prediction models with high accuracy, e.g., for alcohol misuse,
may mainly pick up on confounding variables such as sex—influencing both the image and
the misuse prevalence—that are not of interest.

Next, the statistics community has a strong focus on validating a method by providing a
theoretical justification based on probability theory, while in data science, the performance
on benchmark data sets determines what is state-of-the-art, see also Section 3.2. Statistical
theory helps understand when and why a method works and also identifies scenarios where
methods are provably sub-optimal. A sub-optimality result can be used to improve a pro-
cedure and is, therefore, not only of theoretical but also of uttermost practical relevance.
Theoretical justification might also be required to apply a method in safety-critical appli-
cations such as health, see Section 3.4, or automated driving. However, statistical theory
can also be misleading, as bounds on the estimation risk typically use rather conservative
inequalities, may focus too much on worst-case-scenarios, and the correctness of the under-
lying probability models might be questionable as well. A method that achieves optimal
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asymptotic convergence rates might be outperformed by other procedures, even on large
data sets. Moreover, the focus on statistical theory creates a bias towards methods that are
analytically tractable. This might be one of the reasons why more complex procedures such
as neural networks were scarce in the statistics community before the deep learning hype.
On the other hand, choosing methods based on benchmark data and data competitions
leads quickly to highly complex methods that “do the job.” To what extent such methods
generalize well to other data sets, however, depends on how representative the benchmark
data sets are, see also Section 3.2. Since the proposed methods are complex, and since we
often have little insight into the role of individual hyper-parameters, transferring such pro-
cedures to other settings typically requires a significant amount of hyper-parameter tuning.
If a procedure works well on benchmark data and wins data competitions, one might be
tempted to believe that this method is universally good. But this is by no means guaran-
teed as such procedures can fail completely for problems that fall outside of the structures
covered by the benchmark data sets, e.g., very noisy data or problems that require the
inversion of an ill-posed operator.

Statistical approaches usually lead to simpler models with strong structure (Lederer,
2025, 2022), such as regression models, while data science approaches allow for over-
parametrization of models, methods, and algorithms. In consequence, statistical approaches
make it typically easier to associate meanings to individual parameters and ensure iden-
tifiability. Moreover, the rigid structure can be leveraged to encode prior — for example
biomedical — knowledge, e.g., by deciding what terms to include in a regression model.
For making machine learning techniques available for biomedicine, in particular in small
data settings, it is beneficial to incorporate such structured models, or more generally
biomedical knowledge, into flexible machine learning techniques, such as neural networks.
Overparametrization, on the other hand, has turned out to be fruitful for certain prediction
problems (Hastie et al., 2022). Therefore, an important contribution of statistics will be to
not only provide methods for combining statistical techniques with machine learning proce-
dures, but also approaches for quantifying the resulting benefit. In biomedical applications,
this should also include approaches for assessing the added value of incorporating expert
knowledge via statistical models.

Another difference between classical statistics and cs-inspired data science is that of
research publication and funding. While analyzing a data set and reaching relevant con-
clusions can be a relatively fast process, both in the making and in the publishing process,
the same is not true for more theoretical papers. This is already mirrored in the main pub-
lishing outlets, where cs-inspired data science often targets conference proceedings, while
publications in domain-specific journals is still the outlet of choice in classical statistics.
Furthermore, formulating the appropriate hypotheses and proving relevant original theo-
rems is a time-consuming process that, as of today, still requires mind power rather than
compute power—even if the recent progress in large language models suggest that Al might
soon be able to help with this. Additionally, the reviewing process is often long and tedious.
Whether this will influence future researchers to work less on the theoretical side is yet to
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be seen, but it is clearly a possible outcome. At the same time, there is the issue of research
funding. Since the benefits of theoretical research may only become apparent after longer
periods of time, theoretical research is at risk of being overlooked by funding agencies.

In contrast to classical statistics, cs-inspired data science often entails the deployment
of a model or a data product, as it is often called. Indeed, data scientists are increas-
ingly concerned with operating complex ML systems in real-world scenarios and setting up
“best practices”. The scientific Machine Learning Operations (MLOps) literature is rapidly
expanding (Kreuzberger et al., 2023), and there are ample opportunities where statisti-
cians can contribute to set ensure successful MLOps “principles” such as reproducibility,
continuous training and evaluation, or continuous monitoring.

Furthermore, cs-inspired methodology for data analysis has traditionally been motivated
by processes observed in nature, the obvious example being artificial neural networks mim-
icking the brain, see e.g., Section 1.2 in Goodfellow et al., 2016. But there are also less
known examples such as dropout regularization, which has been inspired by sexual repro-
duction (Srivastava et al., 2014). This generates a connection to Al, as many Al applications
are deployments of data science models and aim at mimicking processes observed in nature.

Thus, classical statistics and cs-inspired data science define themselves in similar ways,
yet differ in how they approach problems and motivate their methods. While cs-inspired
data science often starts with specific benchmark data sets and data competitions, classical
statistics begins with the modeling of the sampling process. The more pragmatic engineer-
ing approach of the former often has the advantage of leading to better procedures in the
presence of complex data structures, where it is unclear which statistical model could be
appropriate. On the other hand, statistics can extract more information if the data distri-
bution can be modeled, which in turn often allows easier interpretability and uncertainty
quantification (whether Bayesian or frequentist).

2.3. Examples of successful interdisciplinary collaborations. The differences be-
tween the various fields also offer the possibility for new and profound insights. For exam-
ple, seminal works have established rigorous theoretical foundations for deep learning by
merging statistical principles with modern computational techniques. This includes Jacot
et al., 2018, who introduced the Neural Tangent Kernel, providing a principled frame-
work for analyzing the convergence and generalization behavior of wide neural networks.
Complementarily, Soudry et al., 2018 investigated the implicit bias of gradient descent in
overparameterized settings, thereby shedding light on the statistical properties that emerge
during optimization. Further, from a more classical statistical perspective, Schmidt-Hieber,
2020 derived optimal convergence rates for deep neural network estimators in nonparamet-
ric regression problems, revealing how the structure of these networks can be exploited to
achieve statistical efficiency. The line of work by Golestaneh et al., 2025, Taheri et al., 2021
and Lederer, 2024 rigorously connects modern statistical theories with contemporary deep
learning, highlighting the statistical properties but also limitations of current deep-learning
pipelines. Together, these contributions illustrate that a statistically rigorous approach not
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only deepens our understanding of deep learning but also lays the groundwork for develop-
ing robust, interpretable, and reliable methods in modern data science. A similar example
is the data visualization algorithm t-distributed stochastic neighbor embedding (t-SNE),
for which statisticians have developed underpinning theory. For example, Arora et al., 2018
have shown that t-SNE recovers a cluster structure under certain assumptions, and Cai and
Ma, 2022’s theory explains the fast convergence rates and provides theoretical guidance for
tuning parameter selection.

Interdisciplinarity plays an important role in establishing such successful collaborations,
as we will outline using the example of neuroimaging research. Such collaborations facilitate
the integration of diverse expertise, such as advanced imaging technologies, computational
modeling, and statistical analysis, required to analyze complex brain data effectively and
to gain insights into brain structure and function. Statisticians and computer scientists
play a pivotal role in developing advanced statistical and computational models that can
extract meaningful insights from large-scale neuroimaging datasets, such as those derived
from functional magnetic resonance imaging (fMRI), electroencephalography (EEG) and
diffusion tensor imaging (DTI). Effective collaboration between statisticians, computer sci-
entists, and neuroscientists is vital for improving the precision, interpretability, and scala-
bility of neuroimaging studies. However, effective collaboration necessitates more than just
shared goals; it requires concrete strategies to bridge disciplinary divides. For example,
one such strategy is the establishment of interdisciplinary training programs that equip re-
searchers with foundational knowledge in both domains, such as statistics courses for neuro-
scientists or neuroscience seminars for computer scientists, fostering mutual understanding
and communication. Additionally, the use of shared data repositories with standardized
preprocessing pipelines and metadata annotations can ensure reproducibility and facilitate
seamless collaboration. Collaborative workshops and hackathons focused on neuroimaging
challenges can further encourage cross-disciplinary dialogue and innovation, enabling teams
to co-develop solutions that are both technically robust and biologically meaningful. In this
arena, the researchers can jointly define research questions and methodologies, align objec-
tives and integrate diverse perspectives. Attending interdisciplinary conferences, such as
Human Brain Mapping (HBM) or the International Conference on Medical Image Comput-
ing and Computer Assisted Intervention (MICCAI), and presenting research in seminars
tailored to both technical and neuroscience audiences can also strengthen these collabora-
tions. Such engagements provide opportunities for knowledge exchange, networking, and
the identification of shared research interests, while exposing researchers to the latest ad-
vancements and challenges in both fields. Furthermore, the development of interdisciplinary
tools, such as user-friendly software packages (e.g., in R or Python) that abstract complex
statistical or computational methods into accessible interfaces, can empower neuroscientists
to apply advanced techniques without requiring deep technical expertise. These strategies
not only enhance the quality and impact of neuroimaging research but also accelerate in-
novations, such as the identification of neural biomarkers for neurological disorders or the
creation of predictive models for personalized medicine. By fostering structured, actionable
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interdisciplinary frameworks, the field can fully leverage the strengths of each discipline to
address the multifaceted challenges of understanding the human brain.

2.4. Summary. While classical statistics and cs-inspired data science have the common
goal of drawing general conclusions from a given set of data, they have developed different
tools and research cultures. Nevertheless, collaborations between both disciplines promise
to be fruitful for data science as a whole but also for both disciplines by themselves; this is
highlighted in Sections 4 and 5. Data scientists should ideally be trained in both views to
enable them to benefit from both worlds, see Section 6.2 for some ideas on that topic.

3. RESEARCH STANDARDS IN DATA SCIENCE

With more and more people from different backgrounds participating in the analysis
of data, it is becoming ever more important to ensure that research standards are main-
tained, enhanced and unified across the different disciplines. We are using the terminology
research standards rather than publication standards to highlight that they should be fol-
lowed throughout the whole work process. This includes but is not limited to conducting
research in a fair, transparent, unbiased, and honest way (Wilkinson et al., 2016).

For some applications, such as in medicine, even higher research standards are required
due to possibly serious consequences for human well-being. In general, key institutional
players will have to take up this responsibility by implementing appropriate measures, e.g.,
professional societies may publish guidelines for good practice, or certify study programs;
funding agencies might require that research projects include certified researchers; editorial
boards of journals may mandate that findings are reproducible, that studies are preregis-
tered, that data are made available, and that guidelines on good practice are followed. Of
course, such regulations run the risk of being overly prescriptive that standards are upheld,
thereby jeopardising the flexibility which is key to the advancement of science. Thus, bal-
ancing these different aspects will be a key challenge in data science research for the coming
decade.

The remaining subsections discuss the challenges arising from reproducibility, general-
1zation, and probabilistic justification—three notions that we deem important but that are
often payed little attention to. The first two notions affect both classical statistics and
cs-inspired data science, so that we highlight the key differences in how these questions are
approached. Probabilistic justification is arguably the foundation upon which many classi-
cal statistical methods stand with a great potential for cs-inspired data science. Statistical
applications in medicine have a long tradition of establishing strong research standards
that are vital to the field. The particular challenges arising in medical applications due
to new cs-inspired methodology in specific algorithms from machine learning and artificial
intelligence are discussed in a final subsection.

The findings in this section are complemented by the following Section 4, which focuses
on the importance of the quality of data also including other aspects such as privacy.
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3.1. Reproducibility. Recently, the importance of reproducible research has frequently
been stressed in a wide range of scientific journals. Just to mention two efforts in this
direction, there are the MIDAS Reproduciblity Challenges organized by the University of
Michigan (Liu et al., 2022) and the ML Reproducibility Challenge (2024 ML Reproducibility
Challenge, n.d.).

While more generally reproducibility may also include the data collection process, we fo-
cus on computational reproducibility, in the following called reproducibility for short, which
is the ability to reproduce the results of published papers or studies using computer code
and data provided by the authors. Thus reproducibility is not about checking correctness
of the implementation, but having the code available that has been verified to produce the
reported results. This allows other scientists to check correctness of the code in a similar
manner as checking correctness of proofs in mathematics. Without the code (and data),
it is usually very difficult to assess why different results are obtained with an independent
implementation.

However, multiple studies across many areas of research, such as computational meth-
ods (Stodden et al., 2018), computer graphics (Bonneel et al., 2020), artificial intelligence
(Haibe-Kains, 2020) and management science (Fisar et al., 2023), have demonstrated that
scientific results are often not reproducible. A recent study of reproducibility in statistics
(Xiong & Cribben, 2023) attempted to reproduce the results in 93 published papers in
prominent journals using functional magnetic resonance imaging (fMRI) data during the
2010-2021 period. Overall, from both the computer code and the data perspective, only the
results in 14 among all 93 papers (15.1%) were reproducible in the sense that by running
the provided code on the provided data, the same results were obtained. Comparable find-
ings were also obtained in similar studies of other disciplines, such as Seibold et al., 2021;
Stodden et al., 2018. Clearly, establishing a scientific culture that appreciates and rewards
reproducibility is an important task for the future. Incentives are key to establishing this
objective as writing code with a reproducible mindset is time-consuming while it might
not improve upon the immediate work efficiencies. On the other hand, providing an easily
accessible implementation of a new methodology makes it easier for other researchers to
compare against, thus rendering it an important prerequisite to become a baseline method
that all future competitors could conceivably compare their methods against.

Some journals, such as the Journal of the American Statistical Association, already pro-
vide guidelines to authors in addition to general resources for reproducibility and stipulate
that either one of the reviewers or an associate editor will carry out a reproducibility review
of the work. Such journals thus effectively enforce reproducibility which — in time — may
lead to scientists having a more reproducible mindset.

Finally, in university courses at all levels, it would be beneficial to teach students how to
write clear and reproducible code, which is also an important skill in industry. This may
also help establish such a mindset in the future generation of researchers.

3.2. Generalization. A similar but equally important aspect is the generalizability of
research findings. Generalization is the process of drawing broader conclusions from specific
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observations. The discussion below focuses mainly on numerical experiments or Monte
Carlo simulations, but many ideas extend to other areas.

A well-designed simulation study is the gold standard when developing statistical method-
ology, while in cs-inspired data science, sample splitting approaches applied to real data
are more common. In both contexts, the results for the specific settings are not as much
of interest as their validity beyond these. Indeed, in observational studies, a discussion of
the generalizability of results is standard. For example, a new teaching method might be
tested in only a few schools. The simple result of how the learning method worked in these
schools is of little interest in itself, unless one believes that the results can be generalized
to other schools. Therefore, key questions that cannot be ignored include how likely and to
what extent certain findings are applicable more widely to other schools in the country or
elsewhere in the world. A similar discussion — while currently often missing — would also
be appropriate for numerical experiments in statistical and data science research papers.

This concept should not be confused with fairness or honesty. These are certainly impor-
tant and a prerequisite for generalization, but they cannot replace it. Authors should have
a clear idea of why a particular setting is chosen, why they present results as they do, and
also convey those ideas to the readers. For example, the results of numerical experiments
may be presented in a line graph summarizing the key aspects of interest. Often no method
is universally superior to another, but rather one is better than the other in certain areas
and vice versa. Then, the impression one obtains depends greatly on which settings are in-
cluded in the line graph. Fairness and honesty come into play when making these decisions
but ideally the settings should also be chosen with respect to their potential to generalize
to other situations and this should be reflected in a discussion. Clearly, one major challenge
is the sheer magnitude of the space of possible settings. Therefore, conducting only a few
experiments may make it difficult to generalize results for all possible settings.

An interesting aspect is the use of benchmark datasets that are considered representative
and are used by many researchers to compare methods. Examples include data challenges
such as the M4 competition in time series (Makridakis et al., 2020), which are generally
more common in data science than in statistics. The selection of such datasets should be
guided by how well they generalize, among other considerations. Conducting research that
focuses on the choice of datasets to explore the performance of methods, and that includes
a discussion of generalization, would certainly be helpful in increasing confidence in the
findings based on numerical simulations.

Another interesting aspect is randomization of numerical studies. Creating in each itera-
tion a new underlying scenario randomly helps to explore the space of all possible scenarios.
However, the choice of the probability distribution for creating the scenarios still influences
results and how methods compare. More importantly, there is the risk that only an average
over many scenarios is reported and that different results are not recognized in a subset of
the scenarios considered. The same applies for real world data collections that result from
pooling together different datasets, in particular if they come from diverse situations.
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Finally, a related common phenomenon is publication bias or selective reporting bias.
This refers to the tendency of researchers or practitioners to publish or present only those
results that support their hypotheses or show significant and positive outcomes, while ne-
glecting or omitting negative or non-significant results. This aspect, of course, extends
beyond numerical simulations, but it is greatly featured in them. Once again, honesty and
fairness plays a crucial role as authors must for instance be willing to discuss limitations
of their proposed methodology and illustrate them in their simulation study. On the other
hand, the review process must encourage this practice and not penalize authors for doing
S0.

To address the issue of selective reporting, and to mitigate the impact of publication bias,
it is important to promote practices that encourage transparency, reproducibility, and the
dissemination of the full range of results. This includes initiatives such as preregistration of
research protocols, open data sharing, and publication of negative or inconclusive results.
By embracing these practices, data scientists can contribute to a more balanced and reliable
scientific discourse, fostering a better understanding of the complexity and nuances of real-
world data.

In conclusion, the generalizability of numerical experiments is an important but chal-
lenging topic that has not yet been addressed systematically, but it may be worth doing
so. It is certainly an issue of which authors and reviewers should be aware. A minimum
standard could be a requirement for authors to discuss the reasoning behind their choice of
the simulation setting.

3.3. Probabilistic justification. As a third pillar, probabilistic justification should play
a crucial role in data analysis as it provides a rigorous framework for dealing with un-
certainty, making informed decisions, and accurately assessing evidence. It enhances the
reliability and transparency of data analyses, facilitates robust decision-making, and sup-
ports the responsible use of data-driven insights in various domains. Stochastic justification
recognizes that data is often subject to inherent uncertainty. Instead of providing deter-
ministic answers, probabilistic approaches allow scientists to quantify and communicate
the level of uncertainty associated with their conclusions. Probabilistic justification re-
lies on statistical inference to draw conclusions from data. It enhances the robustness of
data science by explicitly addressing randomness in the observed systems and providing a
framework for quantifying uncertainty. It also enables researchers to make more informed
decisions, account for uncertainties, and provide stakeholders with a clearer understanding
of the limitations and implications of their analyses.

In the dynamic landscape of data science, probabilistic justification recognizes the nu-
anced nature of real-world data. Rather than yielding deterministic answers, probabilistic
approaches acknowledge and embrace the inherent uncertainty, allowing scientists to quanti-
tatively express the level of uncertainty associated with their findings (Klein, 1947; Vapnik,
1998). This acknowledgment is particularly vital in scenarios where outcomes are influenced
by complex and unpredictable factors.
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At its core, probabilistic justification relies on robust statistical inference methods to
derive meaningful conclusions from data. By explicitly addressing the stochastic nature
of systems, it introduces a systematic way to incorporate randomness into analyses. This
not only enhances the overall robustness of data science methodologies, but also provides
a structured framework for quantifying and communicating uncertainties (Box et al., 2005;
Gyorfi et al., 2006).

One of the key advantages of probabilistic justification is its ability to empower re-
searchers to make more nuanced and context-aware decisions (Scornet et al., 2015). The
probabilistic approach not only accounts for uncertainties, but also allows for the explo-
ration of various scenarios and their associated probabilities. This versatility equips analysts
with a more comprehensive understanding of the range of potential outcomes (Freund &
Schapire, 1997), enabling them to make more well-informed choices.

Furthermore, probabilistic justification adds a layer of transparency to data-driven in-
sights, addressing the limitations and implications of analyses. Stakeholders are provided
with a clearer understanding of the uncertainties inherent in the data, fostering a more re-
sponsible and informed interpretation of results (Yu, 2002). This transparency is essential
in domains where decisions impact critical areas such as healthcare, finance, and public
policy (Maciak et al., 2021).

In essence, probabilistic justification complements the other pillars of data analysis, en-
riching the entire process by acknowledging and incorporating uncertainty (Biithlmann &
van de Geer, 2018; Tukey, 1962). As data science continues to evolve, embracing probabilis-
tic approaches becomes paramount for ensuring the integrity and applicability of analyses
in a wide array of domains.

3.4. Challenges for the evaluation of algorithms with medical applications in
view. Evaluation of predictive machine learning (ML) and artificial intelligence (AI) al-
gorithms is important in general but particularly essential in the health sciences where
false predictions can have serious consequences for human well-being. Therefore, it is not
surprising that guidelines exist such as the REMARK (REporting recommendations for
Tumor MARKer prognostic studies) checklist (Hayes et al., 2023) and FDA draft guidance
on change control plans for artificial intelligence /machine learning enabled device software
functions (US Food & Drug Administration (FDA), 2023). Generally, such guidelines should
be discussed and updated on a regular basis to cope with recent developments in machine
learning and Al and their application in the health sciences. Moreover, common evaluation
practices in ML and Al communities need to be discussed in the light of the high demands
and more traditional statistical considerations.

Evaluation concerns predictive and prognostic models. While a major part of standard
prediction model evaluation is concerned with prediction accuracy (Japkowicz & Shah,
2011), the evaluation of predictive models in biomedicine is more complex (Craddock et
al., 2022). The latter deals with the prediction of treatment effects and requires concepts
like statistical interaction or a potential outcomes framework since treatment effects can
rarely be assessed within an individual but require a stratified or matched comparison
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between different groups of patients. Machine learning thereby plays a major role for the
identification of subgroups that particularly benefit from the treatment. The latter is a
major topic for the development of novel personalized treatments (Simon, 2013).

Besides the most common goal of assessing accuracy, e.g., in terms of sensitivity (true
positive rate) and specificity (true negative rate), other aspects like interpretability and
causality may be assessed as well (Moraffah et al., 2020). While the latter are modern
machine learning topics, they are usually not considered primarily as evaluation tasks.
This may apply to specific applications and can be expected to change with an increasing
demand on the algorithms. Finally, the consequences for individuals of the predictions and
resulting interventions need to be assessed before the algorithms can be applied in practice.

An obvious but not yet fully answered question is whether we need different evalua-
tion methods for different development phases. The high demands on evaluation in late
phases usually requires independent and more confirmatory evaluation studies or clinical
trials. The demands are lower in earlier phases and internal evaluation methods with data
splitting or cross-validation may be used to safeguard future development decisions. These
methods then come with their own demanding statistical challenges and conceptual issues
like unconditional versus conditional accuracy, which address the accuracy of the model-
building process and of the final fitted model, respectively (Westphal & Brannath, 2020,
2019; Westphal et al., 2022). It also appears that the separation into early and late develop-
ment phases is less clear for ML and Al algorithms than for traditional medical treatments
and diagnostic devices. One reason for this is the often cyclic development of ML and Al
devices that are updated and improved over time. In consequence, additional important
questions arise, such as when a re-evaluation is required and how to do this most efficiently,
avoiding the repetition of the initial evaluation trial. Another important question is how
to detect and deal with model deterioration, e.g., caused by changes in the medical and
lifestyle environment or the population itself. Moreover, one needs to find answers to the
question of how to deal with complex input data, e.g., from images or speech and motion.
Besides, a more complex output of the algorithm can challenge the evaluation, e.g., when
predicting the course of a disease like the occurrence and timing of several unfavourable
events or disease stages. Finally, early and efficient evaluation may be challenged by small
sample sizes.

In conclusion, while evaluation studies usually fall into the realm of (bio-)statisticians,
a discussion involving statisticians and machine learning experts (together with health
scientists) is required. This includes in particular the questions related to generalization
discussed above, such as how far the common practice of evaluating ML or Al algorithms
with benchmark data sets is sufficient for medical purposes and how alternative evaluation
studies could be designed. Answers to these questions will have implications not only on
how to judge an algorithm but also on how to develop it most successfully and efficiently.

3.5. Summary. Many of the above points are arguing for higher research standards.
Naively one would think that this means extra work for authors, and perhaps reviewers,
and hence even longer publication times. While this may be true in some instances, it is
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not necessarily a consequence. For the general research community, but also for individual
groups, not following standards such as reproducibility means that some work, for instance
coding procedures, have to be done multiple times. Ignoring a discussion of generalization
may mean uncertainty for the reviewers and hence rather extend the review process.

Ideally, well-designed research should lead to greater recognition, e.g., more citations
or more users of the methodology, because such research is easier to understand and use.
In consequence, this would provide an incentive for other authors to also provide equally
well-designed research.

As a community, we should discuss how to foster such standards and encourage individual
responsibility, but also how to unify standards across different data science disciplines.
Furthermore, journals should not only set standards by displaying them on their homepage,
but also play an active role in enforcing them in the review process. Finally, teaching plays
a key role; see also Sections 2.1 and 6.2. Learning about such standards and how to satisfy
them should be part of every Statistics and Data Science program. Principal investigators
should hold their group members accountable to such standards, but they may also be the
ones who learn about new helpful tools from their younger members.

4. DATA QUALITY: STANDARDS, IMPERFECTIONS AND ACQUISITION

An explosion in the field of cs-inspired data science, most notably machine learning, has
led to an awe-inspiring arsenal of ways to utilize data once we have it. But far less research
has gone into optimizing the process of data acquisition and preprocessing in the first place.
This can represent a substantial shortfall for practical data-driven problems, as the quality
of data gathered is inevitably critical to success. Indeed, good quality data is an extremely
precious resource throughout science and industry, providing the foundations for much of
the modern world. It can be used to guide decision-making, reveal hidden truths, and train
powerful predictive models.

Unfortunately, though, gathering data can be expensive, so we are often heavily restricted
in the amount and quality of data that we can gather. Indeed, sometimes our data is entirely
generated by external sources that we have no influence over, such that there is nothing we
can do but make the best of what we have been given. In these cases, it is important to
understand and analyze the corresponding imperfections. Such an understanding ideally
leads to tailor-made preprocessing or new or adapted statistical methodology.

In other cases, there are variables we can control during the data acquisition process,
such as how we configure laboratory equipment, the questions we ask in surveys and who
we pose them to, and the mechanisms by which we gather data on consumers from smart
devices. These provide critical opportunities to maximize the quality of the data we gather,
and thus reap the multitude of downstream benefits doing this effectively can bring. On
the other hand, one has to be very careful at the gathering stage (e.g. Mehrabi et al., 2021;
Narayanan and Shmatikov, 2008) as otherwise the data can be biased or reveal private
information that should rather not be shared.
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In general, to achieve important standards in data quality like informativeness, align-
ment, fairness, and privacy—complementing research standards as discussed in Section 3—
it is essential not only to very carefully think about how we process the given data, but
also how to collect it in the first place. Classical statistics has a unique portfolio for data
acquisition, for dealing with data deficiencies, such as missingness, (e.g. time or spatial)
dependence, non-stationarities or confounding, and for addressing challenges from new cs-
inspired methodologies. Especially that latter aspect can generate opportunities for the
statistical community. For example, changes in the underlying data-generating systems
typically lead to a degeneration of predictive power of Al systems, a problem known as
concept drift in the cs-community (Adams et al., 2023; Hinder et al., 2024). To avoid this
problem and to increase explainability and transparency of Al-models as required by the
Al-Act of the European Union (AI-Act, n.d.), such changes should be detected prior to a
learning phase, and then running systems monitored for such concept drift. The problem
is highly related to change point analysis (Ogasawara et al., 2025), a topic that emerged
in quality control more than 70 years ago and has been investigated by statisticians ever
since (Aue & Kirch, 2024; Cho & Kirch, 2024; Page, 1954). Arguably, both communities
can benefit from a collaboration, the cs-community from the experience of the statistical
community in constructing powerful and robust methodology and the statistics community
from interesting and highly relevant applications that will bring about new statistical chal-
lenges as well. For example, Malinovskaya et al., 2024, develop sequential change point
methodology to monitor artificial neural networks for classification to determine the time
when the data stream becomes non-stationarity. Another example are random effects mod-
els to appropriately and efficiently handle longitudinal or other dependent data, which have
been researched for decades in the statistical community. While random effects have more
recently also been introduced into neural networks (Mandel et al., 2023; Simchoni and Ros-
set, 2023), this area needs to be more fully developed to allow for appropriate analysis of
e.g. the common longitudinal (predictive) settings in biomedical studies, and statistics has
much to contribute here.

In the remaining subsections we discuss issues related to data quality, starting with
important quality standards with a particular focus on political decision making. Then,
missingness as a main form of data imperfections and data harmonization as a preprocessing
method to deal with data artifacts is discussed. Finally, intelligent data acquisition methods
in light of the data science era are discussed and opportunities offered by statistical methods
towards more ethical correct decisions are mentioned.

4.1. Standards in data quality. Standards in data quality are closely related to research
standards already discussed in Section 3. However, additional considerations are often in
order, such as issues of data privacy. Indeed, harvesting of private information is increas-
ingly common in modern society. Public engagement with subscription services and social
networks is extremely high, and most of these platforms collect personal data either to
recommend new products to individuals or to sell to advertisers. There are obvious risks
involved with such processes, and there have been many high-profile cases of hacking and
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data leakage affecting millions of people. These data are sometimes collected without con-
sent and used unethically, but often data are given willingly on the understanding that
they will be kept secure, only for security breaches to release information into the public
domain.

There has been a vast array of notions of privacy and associated methodology introduced
for statistical problems, e.g., Statistical Disclosure Control (Skinner, 2009; Willenborg &
De Waal, 2012) and Differential Privacy (Dwork, 2008; Ji et al., 2014). Much less is
known on how to deal with time dependence in data privatisation, which may have harmful
consequences if not properly taken into account. Similarly, specific data types have specific
privacy requirements, e.g. collecting brain imaging data may seem too noisy to identify
individuals but some type of privatisation may also help to compensate for the data owners’
efforts in data acquisition, while human faces can be equally important as well as challenging
to privatize (Soto et al., 2024). Additionally, a data set that is private today may no longer
be private in the future due to new more advanced methodology.

When it comes to real-world problems, owing to the complexity and volume of data,
rigorous privacy constraints are often compromised in exchange for accuracy in data anal-
ysis. For instance, despite the idea of not allowing for any trusted third party to have
access to raw data, e.g. local differential privacy (Duchi et al., 2013; Dwork et al., 2006),
gaining popularity in the theoretical research community, such an approach seems a rather
unreasonably strong requirement in many real-world data acquisition situations. But then
a vital question to ask is which definition could be suitable to match real-world situations.

Furthermore, conclusions made from data can have a strong influence on people’s lives,
not only in a medical context (see also Section 3.4) but also in politics and policy-making,.
Indeed, as societies become more and more data-driven, political decision-making will be
increasingly influenced by the abundance of new data. Historically, official statistics and
administrative records have been the main resources for providing statistics that policy-
makers can base their decisions on. In light of this important task, there have been scientific
discussions about how precisely data must be collected, processed, analyzed and published
to meet crucial quality criteria for this purpose. As a consequence, experts have agreed
upon sets of common methodological standards, such as the European Statistical Code of
Practice (European Statistical System Committee, 2017), which has become the cornerstone
for European official statistics. Another example is the General Data Protection Regulation
(GDPR, n.d.), which is a Regulation in EU law on data protection and privacy, aiming
to enhance individuals’ control and rights over their personal data and to simplify the
regulatory environment for international business.

These methodological standards require published statistics to meet a very clear quality
framework, which regulates aspects like data quality, reliability of uncertainty measures,
and privacy protection. This raises questions concerning how the new data abundance can
actually be useful in this context, as the origin and quality of modern big data sources is
often not controllable. Moreover, there have been recent attempts to actively falsify records
and bias data streams for political purposes. Encountering these phenomena can lead to
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severely biased or inaccurate estimates (Fan et al., 2014; Zagheni & Weber, 2015). Natu-
rally, it will be challenging to be compliant with established quality standards given these
issues. Therefore, new methodology needs to be developed to overcome these obstacles.

With the AI-Act of the European Union in place (AI-Act, n.d.), there is a legal obligation
of conformance checking and documentation of data quality to avoid unacceptable biases
in high risk Al-applications. Documentation tools typically rely on statistical methods for
the quantification of different biases existing in data or trained machine learning models,
thus offering a first safeguard to avoid negative effects.

4.2. Data challenges. In practice, available data is often imperfect, with challenges arising
from different types of imperfections such as missingness, time dependency and unmeasured
confounding. A large part of statistical research has already gone into these issues providing
good solutions for classical settings. But in combination with new data types and big data
applications, new challenges await their solution. In this subsection, we focus on issues
of data quality arising from missingness in addition to discussing data harmonization as a
preprocessing step to overcome data artifacts. A detailed discussion on challenges due to
specific data structures follows in Section 5.3.

Missingness. Missingness is a challenge for most machine learning algorithms: some al-
gorithms do not tolerate missing data at all; others do so but make implicit assumptions
about the process that generated these data. Hence, it seems wise to deal with missingness
as part of the data preparation process, with substantial research already conducted on this
problem in classical statistics, see e.g. Little and Rubin, 2019 and the references therein.

Two questions we must consider when values of a given variable X are missing are: (1)
is the likelihood of observing a value for X dependent on another variable or even the
unobserved value itself, i.e. X is observed not at random (Cismondi et al., 2013), and (2)
under what circumstances is it permissible to predict the missing values, and from what
data (same or other variables)? To formalize and address these questions, missingness is
generally classified into one of three categories: MNAR (Missing Not At Random), MAR
(Missing At Random) or MCAR (Missing Completely At Random).

Of these, MNAR is generally the most problematic, as observed data will not generally
be representative and we must consider the mechanisms by which data is omitted in our
wider modeling. A key application area considers recommender systems where data spar-
sity is a major challenge especially so since the probability that users rate items is related
to their enjoyment, hence missingness is typically MNAR. The rapid scientific progress on
recommender systems is dominated by computer scientists, yet much of the literature does
not investigate the effect of data missingness being MNAR. The field therefore offers mul-
tiple opportunities for statisticians to provide consequential contributions (LeBlanc et al.,
2024), among others by offering valid inference when missingness is not at random. For
another example, consider the following problem relating to different diagnostic paths in a
hospital. Data is accumulated during the arrival of patients in a clinic, such as medical tests
conducted in the ambulance or questionnaires filled out by the patients (e.g. on their pain).



Challenges and Opportunities for Statistics in the Era of Data Science 20

These though depend on the symptoms observed, and are part of a diagnostic procedure.
This leads to multimodal high-dimensional data organized in assessment batteries, where-
upon data are naturally MNAR. For example, a patient arriving with a finger fracture will
most likely not receive a hemogram. Thus, for several applications, including prediction of
patient stay, optimization of the diagnostics procedures, clinical decision support and in-
duction of patient phenotypes, these accumulated data exhibit a high degree of missingness
that cannot be ignored.

Temporal missingness is a mechanism worthy of particular consideration. To approach
it, we need to first decide whether the instances we observe are independent of each other
or rather belong to pre-defined entities. A major concern here is that interventions may
occur across the time axis (e.g. patients are exposed to some therapy). This implies that
the values of some variables and the presence of some measurements depend on treatment
choice, and that causal dependencies are also likely.

Missingness of temporal data is intensively investigated in the context of imputation, for
which MICE (Van Buuren & Oudshoorn, 2000) is a well-established method (Luo, 2022),
also addressing the need to acknowledge the uncertainty in imputed values via multiple
imputation. Imputation with machine learning methods is also increasingly common (Em-
manuel et al., 2021; Yoon et al., 2018; Zhang et al., 2018). The Data Analytics Challenge on
Missing data Imputation challenge (DACMI) of Luo, 2022 recently provided a comparison
of the performance of many methods in a clinical setting using the ICU data of MIMIC-III
(Johnson et al., 2016), showing that leveraging MICE is still a competitive approach.

In a biomedical context, the number of longitudinal time points is often small, the spacing
is irregular, not every type of measurement is available at each time point and longitudinal
measurements may additionally be prone to informative drop-out or death that is not
independent of the measured processes. This makes it challenging to apply techniques that
have been developed for longitudinal data, regardless of whether they come from statistics,
such as joint modeling (Ibrahim et al., 2010), or from machine learning, such as recurrent
neural networks or transformers (Fridgeirsson et al., 2023). The need to integrate these
techniques for missing data results in very complex models that are difficult to fit with a
small number of observations. An alternative is to take a more pragmatic approach that
does not try to model some latent health state, but just uses what is available at a specific
time point for prediction. For instance, in statistics, this can be done with landmarking
approaches (van Houwelingen & Putter, 2008). In conclusion, missing data is another area
where statisticians can beneficially contribute their expertise also in contexts where machine
learning based approaches are used.

Data harmonization. The advent of omics and other high-dimensional data has revolu-
tionized biomedical research and holds great potential for improving disease diagnosis and
treatment, e.g. Li et al., 2010; Van’t Veer and Bernards, 2008; Van’t Veer et al., 2002. How-
ever, these datasets are often susceptible to data artifacts, which arise from variations in
experimental handling such as changes in study protocols, technicians, and agents (Brown
et al., 2018; Leek et al., 2010; Qin et al., 2014). Proper harmonization of data artifacts
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is crucial to mitigate their negative impact on data analysis and interpretation and ensure
study accuracy and generalization; see also Section 3.2. Statistical methods for data har-
monization have been developed in an attempt to remove data artifacts while keeping the
biological signals intact, despite challenges due to the complex and heterogeneous nature
of biomedical omics data (Gagnon-Bartsch & Speed, 2012; Irizarry et al., 2003; Qin &
Satagopan, 2009). While these methods were developed for certain data types in a given
analysis context under particular distributional assumptions, they tend to be applied lib-
erally in otherwise unvalidated data types, analysis contexts, and distributional patterns,
leading to suboptimal analysis results and unreliable study conclusions, see e.g. Huang and
Qin, 2018; Qin et al., 2016; Qin and Levine, 2016; Wu et al., 2023.

In fact, some of the commonly-used data harmonization approaches can be detrimental
when used for building prognostic models (Ni & Qin, 2021). For example, quantile nor-
malization may distort the ordering of samples for a given feature and hence inadvertently
diminish its association with the outcome, leading to missed signal feature and a worsened
predictor; ComBat, a popular method for batch-effect correction, may remove predictive
signals that are associated with data batches, resulting in compromised predictive models
(Johnson et al., 2007; Nygaard et al., 2016).

Data harmonization remains pivotal when employing machine learning for building prog-
nostic models. Since machine learning algorithms can detect more intricate and complex
patterns (than, for example, linear ones), which are more susceptible to the influence of
data artifacts, data harmonization in this context is even more important and difficult,
with the performance of existing methods remaining to be validated and potentially new
methods to be developed. At the same time, machine learning techniques could potentially
be leveraged to develop more effective harmonization approaches, as machine learning al-
gorithms may be trained to identify and characterize various types of data artifacts, aiding
in their detection and removal. This highlights an important dual role for machine learning
in data harmonization.

With generative machine learning methods on the rise, a current trend consists in the
provision of synthetic data generated by Al methods as training sources (Lu et al., 2024).
This enables sharing of information where original sources are subject to privacy concerns,
and it also allows an enrichment of the original sources since machine learning systems can
extrapolate beyond the observed areas based on adversarial training, for example. Since
such practices run the risk of perpetuating unwanted data artefacts, a critical evaluation of
their statistical properties constitutes a crucial prerequisite for such practices.

Given the limitations surrounding the current practice of data harmonization, it is imper-
ative to direct attention towards the development and application of more effective strate-
gies. Furthermore, it is critical to promote evidence-based practice for data harmonization,
involving (1) rigorous method validation based on robust benchmark data and relevant
evaluation metrics that take into account the data type, analysis objectives and distribu-
tional assumptions (Qin et al., 2020); (2) principled approaches for guiding the choice of
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a suitable harmonization method for a given data set in a specific analysis context (Diiren
et al., 2022).

4.3. Targeted data acquisition. Data, by definition, is something that conveys informa-
tion when interpreted. By extension, data acquisition must include some aspect of observing
a previously unknown quantity, where, ideally, the data contains as much information about
the unknown quantity as possible. In classical experimental design, this usually means that
a corresponding estimator is as precise as possible or a confidence region as tight as pos-
sible. More generally, all targeted data acquisition problems can be formulated, without
loss of generality, using the framework of experimental design. Here, the designs deter-
mine whatever can be controlled during the data-gathering process, while the outcome of
the experiment is the data we gather. We can now use this framework as a basis to con-
struct principled quantitative approaches to gathering data, by optimizing these designs to
maximize some expected utility of the gathered data (Atkinson et al., 2007; Chaloner &
Verdinelli, 1995; Fisher, 1936; Lindley, 1956; Rainforth et al., 2024; Ryan et al., 2016; Ryan
& Morgan, 2007).

Optimal design of experiments. In general, optimal experimental design requires some form
of statistical or machine learning model for the underlying experiment (though sometimes
this model is implicit), as without such a model it is not possible to reason about what
data we might see when the experiment is run. Classical approaches to optimal experi-
mental design focussed almost exclusively on using linear Gaussian models (or extensions
thereof) (Atkinson et al., 2007; Fisher, 1936; Ryan & Morgan, 2007), and typically looked
to maximize summary statistics of the Fisher Information Matrix (Fedorov & Hackl, 2012;
Fisher, 1922; Smith, 1918). Unfortunately, as the models we use to fit data have become
increasingly complex, such methods have become increasingly limited, with modern exper-
imental design approaches required to deal with much more challenging settings.

While optimizing summary statistics of the Fisher information matrix is still sometimes
a sensible approach to experimental design with more complex models, there is now a wide
variety of other objectives one can use for optimizing design decisions (Atkinson et al.,
2007; Bickford Smith et al., 2023; Chaloner & Verdinelli, 1995; MacKay, 1992b; Settles,
2009). Ome powerful approach that is becoming increasingly popular is to quantify data
utility through the amount of Shannon information it provides (Lindley, 1956; Rainforth
et al., 2024). This leads to a framework known as Bayesian experimental design (BED).
While historically BED has predominantly been confined to small-scale problems and spe-
cial cases due to the large quantities of computation it requires, significant developments in
recent years have transformed its potential applicability by overcoming many of these com-
putational barriers, see, e.g., Foster et al., 2021; Foster et al., 2019 for specific approaches
or Rainforth et al., 2024 for a recent review. It thus provides an exciting basis for future
development in intelligent data acquisition, but one that requires contributions from both
classical statistics and cs-inspired data science in particular machine learning.
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For example, as experimental design methods reason about unknown variables and un-
seen data, their success is intricately tied to capturing uncertainty in some form or another.
This dependence is perhaps most explicit in the BED setting, where the expected infor-
mation gain objectives that are used correspond to the expected reduction in uncertainty
(as measured through the entropy) of some quantities of interest (Lindley, 1956; MacKay,
1992b), but the general requirement persists across the wider field. Effective uncertainty
quantification is thus essential for experimental design and provides a clear example of the
need for statistical techniques in the modern world (as per the discussion of Section 3.3).

Adaptive data acquisition. Another important aspect of targeted data acquisition is the
utilization of adaptive approaches, as these allow us to utilize already gathered data to
guide future data acquisition on the fly (Ryan et al., 2016). For example, in a survey
we might want to adaptively choose each question based on previous responses from a
participant to ensure that they are as pertinent as possible (Vincent & Rainforth, 2017).
Setting up effective adaptive frameworks often requires the blending of techniques from both
statistics and machine learning. Perhaps most notably, the aforementioned BED framework
still provides an excellent basis for making design decisions in such adaptive settings (Foster
et al., 2021; Rainforth et al., 2024; Ryan et al., 2016), but sometimes it can be beneficial to
incorporate newly acquired data into models using machine learning techniques (Houlsby et
al., 2011; MacKay, 1992b). A particularly common such setting is where our ultimate aim
is to maximize the predictive performance of a machine learning model, which is commonly
referred to as active learning (Settles, 2009). Active learning forms an important sub-field
in its own right within the machine learning literature, but recent work has highlighted the
importance of careful consideration of the underlying statistical problems when developing
active learning methodology (Bickford Smith et al., 2024; Bickford Smith et al., 2023;
Farquhar et al., 2021; Kottke et al., 2021).

Ethical and other aspects of data acquisition. There are also critical aspects of gathering
good quality data that go beyond just its information content. In particular, the need for
fairness, privacy, and representativeness are all also essential. For example, while the need
to preserve privacy was discussed in Subsection 4.1, it is further essential to note that how
we collect data can also affect our ability to protect privacy: more efficient data collection
can reduce the amount of private data that needs collecting, while different datasets will
vary in how amenable they are to using privacy-preserving machine learning techniques.
Moreover, data science technologies which can act on distributed data such as federated
learning offer alternative avenues which do not require exchange of possibly sensitive data
(Arbaoui et al., 2024). Here, statistical methods are crucial to guarantee privacy (e.g. in
the form of differentiable privacy via the Laplace mechanism) and avoid biases due to class
imbalance. Notably, differential privacy and federated learning show among the ’hot topics’
in the context of privacy protection research in AI (Yu et al., 2024, cf. thematic map on
their Figure 12).
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Not least, privacy protection can be greatly promoted by moving away from a ’the more
the better’ data acquisition habit towards a judicious acquisition of data as needed and
when needed. To this purpose, we can build upon targeted data acquisition practices (cf.
Section 4.3), upon active learning (cf. ’Adaptive data acquisition’) and upon advances on
dealing with missingness and on skipping useless features.

The role of the data collection process in ensuring fairness is arguably even more pro-
nounced, as naive or nefarious data collection techniques can lead to significant bias in
collected data, that downstream users may be unaware of or unable to correct. The sig-
nificant negative societal impact this can have has already been demonstrated through, for
example, the well-documented failings of predictive policing algorithms (Heaven, 2020).

Another important consideration in data collection is that the data may not be used for
its original intended purpose, it may be used for multiple downstream problems, or we may
simply not know at all how it will be used prior to collection. Existing experimental design
techniques are generally based on maximizing utility with respect to a clear, well-defined,
downstream task, i.e. the methods of analysis/evaluation are assumed to be clear at the
time where the experiment is designed. Such a clear interplay between how data is collected
and how it is analyzed is no longer given in the data science era, especially if the data is to
be made public. This therefore raises many interesting and important challenges in how to
develop data collection methods that simultaneously ensure that data is informative across
a wide range of tasks and suitable for use with many different models, while maintaining
fairness, representativeness, and robustness against misuse.

As machine learning models are increasingly used in diverse and changing environments,
solid statistical modeling becomes a crucial ingredient to ensure their trustworthiness. Be-
sides its crucial role in privacy preserving mechanisms and assurance of data quality, it
plays a major role to provide crucial information for informed decision making such as
quantification of model uncertainty and robust decision making (Blasco et al., 2024; Ciullo
et al., 2023).

4.4. Summary. The above discussions highlight the importance of data quality and, by
extension, data acquisition techniques. In short, gathering, preprocessing, and maintaining
high quality data is essential for reliable and generalizable downstream analysis. Aspects
of particular note include protecting privacy while minimizing the impact on performance;
carefully legislating the gathering, processing, and release of data; developing measures to
deal with data imperfections and missingness; dataset harmonization; and developing mech-
anisms for intelligently gathering data in a controlled manner. Attention can be brought to
these aspects by emphasizing (1) the utility of experimental design and exploratory data
analysis in classroom education to cultivate a proactive approach to data collection, qual-
ity assessment, and preprocessing; and (2) the significance of code and data sharing when
publishing to enable reproducibility and re-analysis with improved harmonization (see also
Section 3). And most importantly, we have to increase awareness for the fact that ethical
considerations are absolutely mandatory before any data, especially with or about humans,



Challenges and Opportunities for Statistics in the Era of Data Science 25

are collected—something that is well-established in medicine and psychology (WMA Gen-
eral Assembly 2024, n.d.) but not necessarily in other disciplines, such as engineering and
computer and social sciences (Brenneis et al., 2024).

5. STATISTICAL METHODS IN DATA SCIENCE RESEARCH

Section 2 suggests that statistical methods are firmly rooted in mathematics. This math-
ematical underpinning has contributed to the ultimate success of many statistical methods
by providing reliable guarantees and deep insights. Current cs-inspired data science meth-
ods, in contrast, tend to be driven by pragmatism. While sometimes it can be hard to
combine or merge the two approaches—cs-inspired data science methods are very complex
and, therefore, largely intractable in their entirety from a mathematical perspective—there
are many success stories of using ideas developed in the statistics literature to develop pow-
erful and effective machine learning approaches (see Section 5.1). Furthermore, while exact
and complete mathematical analysis of most large-scale machine learning approaches re-
main unachievable, theoretical analysis is still regularly used to provide useful insights into
the behavior of such models, and to aid in their construction and training (see e.g. Belkin
et al., 2019; Hardt et al., 2016; Kaplan et al., 2020; Shwartz-Ziv and Tishby, 2017).

More classical statistical modeling itself is also still far from obsolete and we firmly be-
lieve this will remain the case in the future. It is essential in many situations where merely
learning from existing data through over-parameterized models is not possible. These in-
clude (1) analyses where the main goal is inference about a specific (population) parameter,
such as the effect of a new treatment; (2) situations where limited data prohibits the use
of highly complex models; (3) scenarios where modeling assumptions are needed due to an
unprecedented situation or due to a shift in circumstances. Classical statistical models also
have the advantage of being more interpretable than their cs-inspired counterparts, as well
as more readily allowing for uncertainty quantification.

Statistical analysis came to unprecedented prominence in the COVID-19 pandemic, dur-
ing which it informed policy worldwide. Many key questions at the time were inherently
statistical. For example, what is the current reproduction number? How much faster does
a new variant spread? Is a new variant more or less severe? How effective is a vaccine?
How effective are various non-pharmaceutical interventions?

Much of the epidemiological workflow relied on reasonably complicated parametric mod-
els. These models, whilst very innovative, were ultimately using well-established statistical
ideas and methods. Models and methods were very varied in their complexity. How-
ever, most of these were “statistical” in nature: parametric models, that often were “semi-
mechanistic”, in the sense that they mimicked part of the mechanics of an epidemic. By
comparison cs-inspired approaches were infrequently used in comparison, and rarely adopted
by decision makers.

This prominence of statistics was partially because decision makers needed explainable
models, and also because by necessity, projections had to be based on strong assumptions
about future developments. This only seemed to be possible with reasonably simple models.
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Uncertainty quantification was key, and as statistical models offer these, they were often
the main choice.

One aspect of the pandemic was that the world was immediately presented with the “dirty
kitchen of statistics”: incomplete, biased data, delayed data, uncertain questions, and on
top of that the need for rapid decisions. It was very positive to see that uncertainties and
statistical problems were not hidden. On the contrary, estimates and projections were often
presented with some form of uncertainty quantification, such as confidence and prediction
intervals.

It became obvious that there was a need for rapid, statistical insight into the situation.
Good practice was established. Different groups worked together in many countries to
combine their forecasts, the current situation was analyzed and interpreted in meetings of
scientists (e.g. the SPI-M group in the UK or the CODAG COVID-19 Data Analysis Group
and Nowcast Hub in Germany) and consensus advice was given to decision makers.

Key bottlenecks were availability of data, a lack of quick model development tools, and
importantly, a lack of “people time”. For example, many Bayesian models were used, and
long Markov chain Monte Carlo (MCMC) runs limited the capacity for model refinement
and iteration.

This shows that further development of statistical methods, and not just of cs-inspired
data science, is essential, not just for responding to a possible next pandemic but to other
situations as well.

In the following, we discuss the role of statistics in data science research more gener-
ally. We will talk about the impact of statistic on the development of machine learning
methodology, different ways of uncertainty quantification, challenges imposed by complex
data, and connections between statistics and computations.

5.1. The statistical footprint in machine learning. Although machine learning was
mainly developed by the cs-community, it has been heavily based on fundamental statistical
ideas and methodology, in particular from statistical learning theory and Bayesian statistics.

One of these concepts is that ML methods are typically likelihood based. An example
is the regression case, where the training loss is commonly chosen as the least squares loss,
which corresponds to the negative log-likelihood of a regression model with i.i.d. Gaussian
erTors.

Studying the minimisers of the training loss has been the focus of statistical learning
theory. Even if no explicit solution of the minimisation is known, one can still derive in-
sightful statistical guarantees based on empirical process theory. Given the minimisation
of the training loss as objective, it is then natural to come up with methods that aim to
iteratively decrease the training loss. This includes forward /backward selection, regression
trees, random forest, and boosting, which are core methods in modern machine learning.
XGBoost (eXtreme Gradient Boosting) has been successfully employed by the Kaggle com-
munity?.

2https://github.com/dmlc/xgboost /tree /master /demo#machine-learning-challenge- winning-solutions
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Artificial neural networks can be viewed as non-linear extensions of fundamental statis-
tical models. A neural network without hidden layers is simply a linear regression model
or, if the softmax function is applied, a logistic regression model. Variational auto encoders
(VAEs) generalize principal component analysis (PCA) (Rolinek et al., 2019). For deep
neural networks, statistical guarantees can be derived via the link with statistical learning
theory (Bauer and Kohler, 2019; Schmidt-Hieber, 2020).

Among the Bayesian statistics inspired methods, Gaussian process regression remains
one of the most popular tools in machine learning (Rasmussen, 2004), while Bayesian
neural networks provide another success story of combining ideas from machine learning
and statistics (MacKay, 1992a). More recently, ideas from the statistics literature have been
fundamental in both inspiring and improving diffusion models (Song et al., 2021) and flow-
matching approaches (Lipman et al., 2023). These now represent the state-of-the-art deep
generative models in a wide range of fields, underpinning some of the biggest advancements
in AI, such as image generation in ChatGPT/DALL-E (Ramesh et al., 2022) and protein
structure prediction in AlphaFold (Abramson et al., 2024).

5.2. Uncertainty quantification. In recent years, machine-learning algorithms, espe-
cially in the field of supervised learning, have become increasingly successful and can now
achieve an impressive degree of accuracy. Especially in areas where not only accuracy but
also reliability of algorithms is crucial, the analysis and quantification of uncertainties are
moving more into focus.

While the quantification of uncertainty is a well-developed topic in classical statistics,
in cs-inspired data science this is a particularly complex challenge since there are many
different sources of uncertainty. Uncertainty is usually disentangled into aleatoric and epis-
temic uncertainty, see Gawlikowski et al., 2023; Hiillermeier and Waegeman, 2021, but this
dual classification is too simplistic to capture the whole spectrum of uncertainty and its
sources. But even in the machine-learning community, there is no general consensus about
the definitions of aleatoric and epistemic uncertainty (Gruber et al., 2023). A characteriza-
tion, originating from a statistical perspective, is to define aleatoric uncertainty such that
a quantity of interest Y has positive variance given some input variables X, or putting it
differently, Y not being a deterministic function of X. For the sake of completeness, we also
highlight the relationship between uncertainty and ambiguity. Ambiguity, in this context,
can be understood as the absence of a clear ground truth—a phenomenon that frequently
arises in NLP (see e.g. Plank, 2022). In such cases, foundational statistical methods can
be employed to construct the necessary datasets for training neural networks. Specifically,
the need for multiple independent labels (or, in statistical terms, repeated measurements)
is rooted in statistical principles (see e.g. Gruber et al., 2024)

If we consider every other form of uncertainty, which is not aleatoric uncertainty, to fall
into the category of epistemic uncertainty, then one should reflect that this uncertainty has
several subcomponents, like data uncertainty, model uncertainty, deployment uncertainty,
and more. A more detailed discussion can be found in (Gruber et al., 2023).
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In a supervised machine learning task, we might aim to identify the sources of epistemic
uncertainty before we try to quantify them. This starts with data preprocessing to ensure
the quality of data. Standard efforts include outlier detection, checking data trustworthiness
(e.g. labeling mechanism), exploring missing data patterns, among others. Dependent on
this exploration step, we need to quantify the resulting uncertainty and its impact on the
downstream analysis.

In deep learning, we typically train a model where we aim to minimize an empirical loss
function. But that also may involve optimization algorithms using stochastic components.
This leads to algorithmic uncertainty regarding the discrepancy between the empirical loss
of the output of our algorithm and the true minimum of the empirical loss. In addition,
there is estimation uncertainty arising from the discrepancy between the empirical loss and
the population loss.

Additionally, we can be faced with deployment uncertainty resulting from distribution
shifts for future values, such as changes in the lighting conditions for a vision system.

Current approaches for quantifying model uncertainty include Bayesian neural networks
(Gal, 2016), resampling methods such as the Bootstrap (Efron, 1992) and parametric like-
lihood approaches (Kobyzev et al., 2020; Salinas et al., 2020) which may also take aleatoric
uncertainty into account. In some cases, also asymptotic distributions and corresponding
confidence intervals and statistical tests for supervised learning methods can be derived
(Kirchler et al., 2020; Mentch & Hooker, 2016). A particularly promising direction is
“model-free” methods for quantifying uncertainty with finite sample guarantees, whilst only
making the assumption that our data set is i.i.d. A classic approach, which is of great
practical utility is the test-set-bound (Langford & Schapire, 2005), which can be viewed as
an application of concentration inequalities (Boucheron et al., 2013) combined with sample
splitting (Cox, 1975). Recently, Wasserman et al. (Wasserman et al., 2020) introduced
a powerful testing paradigm which we can view as a generalisation of this approach to a
broad array of scenarios. Conformal inference offers another exciting methodology for pro-
viding prediction intervals with marginal coverage guarantees by inverting a permutation
test (Shafer & Vovk, 2008). This methodology has led to impressive applications beyond
the i.i.d. setting including hyperparameter optimization (Salinas et al., 2023) and time se-
ries (Stankeviciute et al., 2021). From a different perspective, the PAC-Bayes methodology
gives high-probability bounds on the average performance over a distribution of models in
terms of proximity to a prior distribution combined with an empirical estimate of the loss,
without strong distributional assumptions (Alquier, 2021; Rivasplata et al., 2020). Per-
haps future progress will be achieved by combining insights from these seemingly disparate
approaches.

We think that there is room for further developments, given the different sources of
epistemic uncertainty discussed above. Related open questions include improvements in
conditional calibration of uncertainty quantification (Gibbs et al., 2023), identifying the
optimal dimensional dependence for high-dimensional central limit theorems with general
dependency structures (Chernozhukov et al., 2013; Das & Lahiri, 2021), behaviour under
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violations of the stationarity assumption (Wei & Luo, 2021), or even violations of the
i.i.d. assumption. We consider this as a fruitful field for collaborations amongst statisticians
and the machine learning community.

5.3. Challenges due to specific data structures. We highlight four areas relating to
specific data structure where classical statistics can built upon a long tradition to con-
tribute to data-science research: dimensionality, complex data structures, dependencies,
and causality, some of which are related to data deficiencies already mentioned in Sec-
tion 4.2.

High dimensionality. A large dimensionality of the data and/or the parameter space can
pose many challenges for modeling, methods, and theory. In the regime of high-dimensional
data, when the dimensionality d of a dataset is large compared to the number of samples n,
additional structure can be essential (Lederer, 2022). Such additional structure could e.g.
be sparsity constraints where the data live on a lower-dimensional flat or curved subspace,
in which case methods for dimensionality reduction can help. Some of these methods as-
sume linear (“flat”) subspaces, e.g., PCA, ICA, random projections, while others are also
applicable to nonlinear manifolds, e.g., local linear embedding (LLE), ISOMAP, UMAP.
Furthermore, recent advances in deep learning provide options for dimensionality reduc-
tion, e.g., extensions of the classical autoencoder (Wang et al., 2014; Zhai et al., 2018),
such as variational autoencoders (Girin et al., 2020; Kingma & Welling, 2013), generative
adversarial networks (GANs) (Creswell et al., 2018; Goodfellow et al., 2014; Scholler et al.,
2021), nonlinear random projections (McDonnell et al., 2024), but also methods based on
self-supervised learning (Liu et al., 2021b), which learn lower-dimensional embeddings that
retain invariances in the data. All these reduction methods lead to embeddings that can
also be understood as ways to extract possibly task-related information, or phrased differ-
ently, to select features, or phrased more simply, to project the data to lower dimensions.
Possible downstream tasks where such embeddings are useful can be of statistical nature,
e.g. conditional independence testing for high-dimensional data such as images (Simnacher
et al., 2024, Kook and Lundborg, 2024). Alternatively, discrete extraction of features could
apply if high-dimensional data are structured in clusters, and where the variability inside
a cluster might not be relevant to the data processing task.

Similar problems occur if the data itself is low or moderate dimensional but the number
of parameters is very large compared to the sample size. For example, deep learning is often
heavily overparameterized in that sense. Surprisingly, even for these setups, empirical and
theoretical observations suggest that the learned deep networks still work well (Golestaneh
et al., 2024). The challenge here is to get better theoretical understanding of this effect.
First steps are taken in the context of research about the double-descent phenomena (Hastie
et al., 2022) and about the implicit bias phenomenon, which seems to indicate that learning
algorithms such as (stochastic) gradient descent favor solutions of low complexity (e.g.
sparsity, low rank) and thereby lead to good generalization despite overparameterization
(Chou et al., 2023; Gunasekar et al., 2018; Gunasekar et al., 2017; Li et al., 2022; Zhang et
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al., 2017). Related to these overparameterized models in deep learning are open questions
about rigorous uncertainty quantification for non-linear models, which will certainly be
relevant and important research directions for the statistics community.

Complex data structure. Another challenge comes from complex data structures, such as
those found in medical data. While similar challenges also arise in different fields, we focus
on medical imaging as an example: (1) The potential predictors: genetic, clinical, and neu-
rological data (brain-imaging data) are high dimensional and of high volume. Anatomical
and functional brain imaging data can have a size of hundreds of gigabytes per subject. (2)
Brain-imaging data is often “noisy” and not readily reproducible due to high intra-subject
variation. Thus, longitudinally collected imaging data need to be carefully calibrated in
order to conduct valid and meaningful comparisons with baseline recordings. (3) Brain-
imaging data has complex temporal and spatial structure. (4) The sheer size of the images
and genetic datasets present severe computational challenges and often necessitates work-
ing with batches. (5) The high dimensionality of genetic and imaging-based features (e.g.,
hundreds of thousands of possibilities for pairwise functional connectivity; activation lev-
els in each region of interest in fMRI data) presents severe problems in multiple testing
that often leads to poor power. (6) The association between treatment outcomes and the
imaging-genetic-clinical predictors (and their interactions) is complex and often cannot be
adequately characterized by simplified generalized linear models. Several approaches have
already been developed to deal with these challenges. (1) Brain imaging data can be pro-
jected into a lower dimensional representation that produces interpretable results. The
method has to be scalable to extremely large dimensions (hundreds for EEG channels;
thousands for fMRI regions of interest; hundreds of thousands in the fMRI voxel space).
This can also help to alleviate the problem with multiple testing. It could also help reduce
noise so that the reduced components capture most of the biological signal present in the
data. (2) Statistical models can be developed that simultaneously address several issues: (a)
account for non-linear associations between the outcome and each of the genetic-imaging-
clinical predictors; (b) identify the specific imaging, genetic and clinical factors that can
significantly affect the outcome; (c¢) quantify the effect of each significant clinical predictor
to inform specific medical interventions that could potentially lead to improved outcomes.
(3) These approaches require the use of advanced machine learning techniques for data ex-
ploration, state-of-the-art algorithms for information criteria (e.g., regularized likelihood),
and visualization methods.

Dependencies. Some form of dependence either temporal or spatial or both arises naturally
in many real-life datasets and can often not be avoided by data acquisition techniques as
discussed in Section 4. For example, in sea-surface data, different measurements such as
temperature and GPS data are collected from drifting buoys to understand ocean currents
and circulation (Lumpkin & Centurioni, 2019) available via the ERDAP-platform (Simons
& Chris, 2023). Here, dependence arises at two important levels: spatial dependence as
well as temporal dependence. These forms of dependence should not be seen as a nuisance
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but should be explicitly accounted for in the modeling stage for at least two main reasons.
First, methods can be developed that are tailored towards these dependencies such that
valuable additional information can be extracted. Second, to appropriately assess whether
a method performs well or in comparison to a competing or benchmark method, it is
important to account for these sources of dependence. However, applications of popular
machine learning methods to such data oftentimes ignore these dependencies. This offers
opportunities to researchers in the field of statistics to step in since they are well placed
to adapt popular machine learning methods to such dependencies and to establish their
theoretical foundation, see for instance the random forest method for spatially dependent
data by Saha et al., 2023.

A first question when working with temporal data is how to encode time. Identifying
periodicity, seasonal and circadian phenomena demands considering absolute time points.
However, when observing the users of a mobile health app or customers interacting with
a recommendation engine, one must take into account that the time intervals between
adjacent observations of the same individual (user, customer) may vary substantially in
length and that the time point of the first observation can be any time point. Accordingly,
it is possible to align the time series of the different individuals, so that they all start at a
fictitious tp and only preserve the length of the intervals. While methods that expect all
the time series to start at the same time point can be easily used, information about the
effects of absolute calendar time is lost.

Another important aspect related to temporal data arises at the level of the sampling
frequency, which might create mismatches. In economics and finance, for instance, data
are in practice typically collected at what we call “mixed-frequencies” quarterly, monthly,
weekly, or even daily for instance. Mixed-frequency models are suitable candidates to
address this temporal misalignment.

While misalignment in multivariate time series can be associated with differences in the
sampling rate, these differences may also be due to causal structures. For example, the vital
signals of patients in an ICU are monitored at different rates, depending on which signals
are more important for the condition of the patient and the treatment given to them. As
the condition of the patient changes, both the treatment and the sampling rate for some
vital signals may also be modified. The effects of the treatment on the sampling rate must
be taken into account whenever alignment procedures such as gridding or templating are
performed.

Also, when working with temporal data, various types of trends often arise that require
care, and may need to be detected from possibly few or incomplete measurements. Ignoring
trends may have serious consequences for any subsequent analysis. One of the most famous
consequences of ignoring trends is the spurious regression phenomenon, where one finds
seemingly important relations between unrelated time series with stochastic trends. While
one typically performs pre-testing to determine the nature of the trend such that it can be
appropriately accounted for, automated unit root testing or automated modeling approaches
that remain valid for time series with or without trends are needed for large datasets.
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Causality. Knowledge about the causal effect of an intervention on a target outcome is ex-
tremely valuable in many walks of life, such as for doctors deciding which treatment to give
to a patient, central bankers deciding on interest rate changes, or policy-makers seeking
to tackle climate change by changing industry practices and consumer habits. Causal dis-
covery challenges abound in data competitions and there is a lot of activity in this area in
statistics, computer science, econometrics, and virtually all applied sciences. For instance,
the increased interest in the AI literature on causal inference (Pearl & Mackenzie, 2018)
comes with a wide range of tools that offer opportunities to statisticians and econometri-
cians to develop a comprehensive framework for causal learning where information from
heterogeneous, imperfect and biased data sources or algorithmic criteria for automation of
identification strategies can be leveraged (Hiinermund & Bareinboim, 2023).

As the effect comes after the cause, the question is how to uncover causal relationships
from serially dependent data. All the difficulties related to serially dependent data men-
tioned above thus come into play. An additional issue arises when confounding variables
are partially or completely missing. Also, the presence of noise in the observations of the
potential causes may render the task significantly more complex.

Another question here is how to assess the performance of methods designed to infer
causal relations. For testing purposes, it is required to have datasets with such causal
relationships built-in, as well as tools to generate such data that at the same time resemble
real data in scale, structure, and complexity.

5.4. Statistics and computation. There are numerous computational challenges in data
science, including large scale and heterogeneous data, overparametrized models, and se-
quential decision making. These concerns motivate the design of new methods and asso-
ciated theoretical guarantees, and require combining statistical principles and techniques
with concepts from other fields including computing, optimization, numerics and dynamical
systems. In the following, we highlight four concrete topics where statistics can help with
computation: subsampling, deep learning, loss functions, and reinforcement learning.

Computational cost has been a growing concern in terms of designing and computing
a statistical estimator 6, based on a sample of size n. In the current Big Data era, both
n and the number of unknown parameters p can be very large. The compounded effect
can render standard statistical procedures like linear regression infeasible to compute. For
example, to fit a LASSO regression, with p ~ n/2 (say) using the LARS algorithm would
require O(n3) operations (Efron et al., 2004), which can be prohibitive.

The computational complexity can be reduced by using statistical ideas. One approach
is to harmonize statistical theory and computation, that is, leverage statistical theories
and optimization strategies to each others benefit (Taheri et al., 2022). In brief, this saves
time by ensuring that the estimators are not computed “to convergence” but only until the
relevant statistical features emerge.

Another approach is subbagging. Scalable subsampling aggregation (subbagging, for
short) (i) splits the sample in non-overlapping blocks of size b; (ii) computes the estimator 0,
on each of the block-subsamples; and (iii) produces an aggregate estimator éb,n by averaging
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the subsample estimators. The subbagging estimator éb,n is faster to compute compared
to én, e.g. would require O(nb?) in the LASSO example, and can also be implemented
via parallel or distributed computing. Notably, subbagging is based on ideas that have
been around since the 1990s (Politis, 2023; Politis & Romano, 1994); however, classical
subbagging involved re-computing the statistic 6} on randomly chosen subsamples of size
b, which is not scalable with Big Data.

The block size b, as well as other tuning parameters implicit in the estimator én, for
example, the bandwidth in nonparametric estimation, can be chosen in a way to optimize
the rate of convergence of the subbagging estimator. Interestingly, this optimization can
lead to the subbagging estimator éb,n having the same rate of convergence as the original
estimator én, i.e., a win-win situation (Politis, 2023). Open questions include devising
different ways to aggregate the subsample statistics that are more robust with respect to
outliers, data corruption, and so forth while maintaining the optimal convergence rate.

Machine-learning methods are usually trained by minimizing a loss functional via (sto-
chastic) gradient descent (Boyd & Vandenberghe, 2004). In deep learning, however, the
convergence properties of these algorithms are not well-understood. Moreover, a puzzling
empirical observation is that learning neural networks with a number of parameters exceed-
ing the number of training examples sometimes leads to zero loss, i.e., the network exactly
interpolates the data. Nevertheless, it might generalize very well to unseen data (Zhang
et al., 2017), which is in stark contrast to intuition from classical statistics, which would
predict overfitting. In this scenario, the chosen optimization algorithm (including initializa-
tion and hyperparameters) has significant influence, i.e., an implicit bias, on the selection
of the learned network (Gunasekar et al., 2017). It seems that gradient-based methods
and their stochastic variants favor networks of low complexity (in a suitable sense to be
understood), and, hence, appear to be very well suited for large classes of real data. Initial
attempts in understanding the implicit-bias phenomenon in simplified settings has revealed
surprising connections with low-rank matrix recovery and sparse recovery in the sense that
gradient descent favors low rank and/or sparsity in certain situations (Chou et al., 2023;
Gunasekar et al., 2018; Gunasekar et al., 2017). Despite such initial theoretical results in
simplified scenarios, the implicit-bias phenomenon in deep learning remains a topic of ac-
tive research. In particular, an understanding of the statistical properties of learned neural
networks (such as their generalization capabilities) requires a fine-grained analysis of the
optimization algorithms used therein.

While many classical statistical concepts are central to data science, there is a growing
need to revise our understanding of these concepts in light of the challenges posed by large
scale, heterogeneous data. Statistical decision theory, and loss functions in particular, is
a prime example. The concepts of loss and risk were introduced as early as Wald, 1939,
and have served as the backbone of modern machine learning owing to the centrality of
empirical risk minimization (ERM). While there has been considerable research in solving
ERM problems efficiently for a broad range of classical loss functions and regularizers,
there has been relatively little work to date on designing and optimizing loss functions
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themselves in light of data science challenges. Several opportunities exist for statistically
grounded advances. One is to learn the best loss function (from a parameterized family)
jointly with a predictive model. A second one (Barron, 2019) is to design loss functions
that facilitate generalization under distributional shift (Latinne et al., 2001). A third one
is to develop loss functions for extreme classification (classification with a huge number of
classes), where existing loss functions based on the conventional one-hot label encoding,
such as cross entropy, are computationally inefficient (Zhang & Scott, 2023). Finally, the
use of cross-entropy itself as the go-to loss function for classification deserves careful scrutiny
in light of both statistical and computational considerations (Hui et al., 2023).

Finally, reinforcement learning (RL) is a rapidly evolving field that has gained attention
for its ability to tackle complex decision-making problems across various domains (Mnih
et al., 2015; Sutton & Barto, 2018; Wurman et al., 2022). Its appeal lies in the potential
to enable machines to learn and make decisions akin to humans by leveraging experience.
However, modern RL faces a list of statistical challenges that necessitate the development
of novel tools and methodologies. Statistical uncertainty poses a challenge when evaluating
RL algorithms (Colas et al., 2019). Limited runs or tasks used for performance comparison
can lead to uncertain estimates of key performance measures such as mean and median
scores. Acknowledging this uncertainty and employing appropriate statistical methods to
estimate and report performance with confidence intervals or other measures of variability is
crucial. Further, estimating the expected value of a performance measure under a new policy
based on data collected under a different policy, known as off-policy estimation, requires
accurate and efficient methods. Overestimation bias is a concern, particularly in stochastic
environments and when using function approximation methods like Q-learning (D’Eramo
et al., 2016; Van Hasselt et al., 2016; Waltz & Okhrin, 2024). Additionally, learning
an optimal policy often demands a substantial amount of data. Analyzing the sample
complexity, i.e., the number of samples or interactions with the environment required for
good performance, is crucial for designing efficient RL algorithms (Lattimore et al., 2013;
Tiapkin et al., 2022; Zhang et al., 2023). This links with the statistical efficiency faced
by RL algorithms that employ function approximation (Agarwal et al., 2021; Wen et al.,
2020). Achieving statistical efficiency implies learning accurate estimates or models from
limited data. Furthermore, recent advancements in RL have emphasized distributional
approaches, explicitly modeling the distribution over returns instead of solely estimating
the mean (Dabney et al., 2018; Rowland et al., 2019).

5.5. Summary. The previous paragraphs have highlighted several challenges and areas
of modern data science to which statistical methodology and statistical thinking can con-
tribute. Since uncertainty quantification is a cornerstone of classical statistics, statistics
is in an ideal position to complement the typical point estimates of machine-learning al-
gorithms with rigorous uncertainty quantification. Another focus of applied statistics is
data quality and how to treat or even benefit from specific data structures, such as high-
dimensionality, dependencies or causality—an aspect that is often not sufficiently taken into
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account in cs-inspired analyses. Finally, statistics can render computations more efficient,
just as computational ideas can benefit statistical methods as well.

6. CONCLUSIONS

Statistics and data-driven computer science work on similar problems, tasks, and goals,
but differ in paths and scientific mindsets. Bringing together the two different perspectives
has the potential to improve data science as a whole—and spark new ways of thinking in
the individual disciplines as well. In the following, we discuss once more how statistics and
computer science can work together to benefit data science and advance knowledge and
understanding in fields of application, and we highlight how the education of data scientists
can nourish these benefits.

6.1. Statistics and computer science joining forces in data science research. There
are many methods from statistics that might solve data-science challenges once combined
with ideas from computer science. As an example where such a collaboration has already
proved to be useful is a method called Double Machine Learning (Chernozhukov et al.,
2018). This is based on a solid understanding of bias in regularized machine learning meth-
ods, and yields flexible procedures combining sophisticated non-linear regression methods
(e.g. deep learning) with mathematically proven methods from statistics and frameworks for
conducting confirmatory tests of hypotheses. Many more potentially successful collabora-
tions are conceivable, if we as a community start to work on joint problems and understand
the unique contributions of each side. One such effort is the ongoing Al research unit
Fusing Deep Learning and Statistics towards Understanding Structured Biomedical Data
(DFG-GEPRIS, 2022) funded by the German Research Foundation, which combines ex-
pertise from both areas to address interfacial questions such as statistical tests for Deep
Learning, confounder correction in Deep Learning, or hybrid statistical and deep models to
combine interpretability with flexibility and predictive performance.

The opportunities and dangers in data collection could be another future example, where
the information-theoretic notion of estimating the potential information gain for active data
gathering can be helpful in light of the sampling-related issues mentioned in Section 4.3. In
particular, such collaborations can address the new challenges that societies are confronted
with in an increasingly data-driven world.

While clinical trials, assessments of the effectivity of interventions, and other evaluation
studies usually fall into the realm of statistics, a discussion involving statisticians and ma-
chine learning experts (together with health scientists) is required to address the following
questions. Are benchmark datasets sufficient for assessing the performance of ML or Al
algorithms? Do we need to raise awareness for a more careful evaluation in e.g. separate
and well-designed evaluation studies in the ML community? If so, what could such studies
look like? Answers to these questions will have implications not only on how to evaluate an
algorithm but also on the most efficient implementation of these algorithms. In summary,
the evaluation of ML and Al algorithms is an important task that is particularly but not
exclusively relevant for applications in the health sciences, and that involves many open
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and important questions that require an intensive interplay and future discussions between
statisticians and cs-inspired data scientists.

6.2. Statistics in data science education. For educating and training future data scien-
tists, we believe it to be important to construct data science programs with involvement and
relevant representation of computer science, statistics, and mathematics. Many important
concepts from these areas are already included in current frameworks such as program-
ming and machine learning, as well as mathematical competencies, e.g. in optimization.
Additionally, data scientists need to learn key principles of statistical reasoning, including
probability, randomness and uncertainty; sampling and data collection; statistical inference;
understanding data structures and deficient data (dependent data, missing data, censored
data, biases in data, and non-representative data) and the corresponding statistical model-
ing. They also need to learn practical skills of data analysis, including the use of software
and of consulting or internship expertise. A key skill will be the critical assessment of
different methods and data situations, and the ability to select, combine and sometimes
further develop methods from different fields, such as from statistics and cs-inspired data
science. The ability to identify and integrate the most useful methods will be naturally
developed in a program that teaches the unique contributions of each field and how each
can complement the other.

As the ecosystem of data science tools, including pre-trained models and data building
pipelines, continues to grow, the ability to understand and integrate these different tools will
be essential in developing meaningful new methods. While parts of this will become more
and more supported by automation, it requires skills that encompass defining requirements,
critical assessment, and resolving issues in interaction with those automated systems. Fi-
nally, data scientists should also learn about ethical, legal, regulatory and societal aspects
of their field. Some of these issues have already been pointed out (ACM Data Science Task
Force, n.d.; Edison Project Team, n.d.; Harvard Data Science Reviews, n.d.).

As data scientists require knowledge in such a broad range of areas, they will not be
able to replace the need for statisticians, mathematicians, or computer scientists, but will
function as bridges between these fields. In particular, data scientists will need to under-
stand and translate between different vocabulary in these fields, while also having their
own field. This position at the intersections of different areas will enable data scientist to
create necessary and complementary tools while at the same time respecting the history of
the existing tools. Likewise, the field of data science highlights the usefulness of opening
the education of statisticians, mathematicians, and computer scientists to the concepts and
terminology of each other’s fields. Examples include teaching some concepts of cs-inspired
data science to statisticians and some statistical concepts (both modern and foundational)
to data-driven computer scientists.

While there will be a large demand for trained data science specialists, the data science
literacy of the general public, of policy-makers, and professionals in other fields, will also
become increasingly important. Moreover, we believe that all of the points mentioned above
will heavily influence the environment in which future data scientists will find themselves,
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affecting their day-to-day lives. It will be interesting to see what concrete challenges the
future will bring.

Disclosure Statement. We would like to thank the VolkswagenStiftung for the venue and
financial means that made the workshop on “Challenges for statistics in the era of data
science” possible, which took place in Hannover, Germany, in June 2023. It was at this
workshop that this article was drafted.
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