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This article discusses a core ideal of biological experimentation, the goal of
controlling as strictly as possible. We present the epistemological argument
underlying the ideal of a perfectly controlled experiment. While most
scientists agree that the ideal is unattainable in practice, they still uphold the
pragmatic goal that one should strive to approximate the ideal as much as
possible in all cases. We argue that this desire for strict control is problematic
and outline an alternative understanding of control in experimentation.
First, we distinguish four different ways in which real-world biological
experiments can fall short of the ideal of perfect control. Then, we argue
that strict control does not always yield better experimental results. Certain
core features of biological systems actually suggest that strict control can
be counterproductive for learning from experiments. We thus argue for
‘controlling well’, for striking a balance between holding variables fixed
while allowing some degrees of freedom. What it means to control well
cannot be specified in general terms; it is context- and purpose-dependent
and needs to be determined relative to a particular experimental project.

1. Introduction: the ideal of perfect control

Students learn in science classes that rigorous control is key to extracting infor-
mation from an experimental procedure. There is an epistemological warrant
underlying this idea: it is that to determine whether an intervention on an inde-
pendent variable is the real cause of change in the dependent variable, all other
variables but the independent variable have to be held constant. If this is the
case and the independent variable is completely isolated, then all possible con-
founding variables are excluded. The experimenter is warranted to conclude
that any change occurring in the system after the experimental intervention is
caused by the change in the independent variable alone [1]. From this episte-
mological perspective, ‘perfect’ control (in the sense just described) is therefore
a core ideal of experimentation.

In practice, however, no experiment will ever be perfectly controlled, as vir-
tually every scientist will agree. Similarly, as textbooks on experimental design
discuss in detail the many complex strategies to ensure control over indepen-
dent variables, experimental conditions, methods, reagents and experimenters
[2, pp. 137-219], they imply that the more these features can be controlled, the
better the interpretation of the experiment [2, p. 136]. Most scientists still up-
hold the pragmatic aim of strict control as something that they should strive
to approximate as best as they can in all cases [3]. We outline an alternative
understanding of control in experimentation.
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In this article, we have two goals. We first clarify four different ways in which real-world biological experiments fall short of the n
ideal of perfect control. We do this to ensure a shared understanding of what this ideal entails and why it is practically unattainable.

Our second aim is to develop the argument that strict control of variables should not always be the guide for experimental
design. Building on Wallis [4] and Desjardins et al. [5], we argue that stricter control does not always yield better experimental
results. Certain core features of biological systems—such as their intrinsic complexity and entanglement with environments, their
stochastic nature (i.e. the inherent randomness or probabilistic behaviour of biological processes) and their emergent properties
(i.e. collective behaviours that arise from interactions among components, not predictable from the parts alone) —suggest that
strict control can be counterproductive for learning from experiments. In these cases, relaxing strict control may yield deeper
insights into the target system and its relation to the environment by allowing key aspects of that system to manifest.

Of course, we do not suggest foregoing control altogether. Rather, we argue for ‘controlling well’, by striking a balance between
holding variables fixed while allowing some degrees of freedom. That is, contrary to the widespread belief that an appropriately
controlled biological experiment is one where variables are strictly —as much as possible—controlled, we argue that in some sit-
uations, controlling well implies deliberately not controlling strictly. What it means to control well cannot be specified in general
terms; it is context- and purpose-dependent and needs to be determined relative to particular experimental projects. Our article
offers examples of how this purpose-dependence can play out in biological experimentation.

We thus advocate for an experimental mindset that aligns with the complexity of the systems under study by not always striv-
ing to minimize variability or isolate single variables. Adopting this mindset goes beyond simply acknowledging that the ideal
of perfect control cannot be achieved in practice; it encourages a fundamental shift in how we conceive control and rigour in
experimentation —from pursuing the aim of strict control to the purpose-dependent practice of well-controlled experiments.

We proceed in the following steps:
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(i) We discuss the commonplace that perfect control is practically unattainable because it is not possible to control everything.
We show that ‘not controlling everything’ can mean different things: first, some variables do not need to be controlled for
the experiment to work. Second, we may not have the technical tools to control a variable even though we know it should
be controlled. Third, we may fail to control for something we should control. Fourth, controlling necessarily involves
decisions that have implications for what can and cannot be concluded from the experiment.

(ii) We discuss important features of biological phenomena, as they are currently understood, including the complexity of
causal chains, object-environment entanglement, biological noise and emergent properties. We argue that, in light of
these features, the pragmatic aim of strict control of variables warrants reconsideration. In some contexts, relaxing the
control of certain variables may in fact offer a more scientifically rigorous approach, as it allows key aspects of biological
systems to be properly observed and interpreted.

(iii) We introduce the concept of a well-controlled experiment and argue that the aim of ‘controlling well” is more suitable to
the practice of biological experimentation than the general aim of strict control. We discuss the implications of this shift
for scientific communication practices and for our general understanding of biological experimentation.

2. Itis not possible to control everything

A perfectly controlled experiment is one in which a representative target system is completely isolated from its environment and
manipulated by making changes to its properties while holding everything else fixed [3]. It is commonplace that not everything
is controlled in an actual biological experiment. However, what exactly this means is rarely discussed. We distinguish different
ways in which an experiment can fall short of the ideal of perfect control.

(a) Some variables do not need to be controlled

In the most literal and trivial sense, not every single variable other than the target system is held fixed in a real-world experiment.
Controls typically do not extend to the environment outside the laboratory or setting for the experiment (except in rare cases where
extremely sensitive measuring instruments need to be shielded from external noise and vibrations). But even within the labora-
tory, many background factors can be ignored because they are not expected to have an effect on the outcome of the experiment.
For example, carrying out an experiment at different hours of the day or at different times of the year might have an important
impact on its outcome because it interferes with the circadian, lunar or seasonal rhythms of organisms [6-8]. But it typically does
not matter whether the experiment is done on a Monday or Wednesday.

(b) We may not have the appropriate technology to control everything

Some variables are just not fully controllable because the appropriate technology is not (yet) available. Numerous historical cases
illustrate how challenging it can be to develop the technologies for controlling variables that should be controlled. In his studies
of psychic phenomena, the physicist Michael Faraday, trying to prevent participants in table turning experiments from making
involuntary movements, designed a contraption consisting of a stack of cardboard sheets, arranged like a voltaic pile with pel-
lets of wax in between, which would be placed between the hands of the séance participants and the tabletop. The sheets were
arranged and marked in such a way that their displacement would give evidence of hand movements prior to the movement of
the table [9]. The experimental psychologist Carl Stumpf designed and set up a room-sized arrangement of tubes to be able to
compare how his experimental subjects perceived natural and machine-generated vowels [10].
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This difficulty is not just a thing of the past but pertinent nowadays. For instance, most biological phenomena are highly depen- [ 3 |
dent upon abiotic conditions such as temperature, humidity, daylight cycle or air pressure. Laboratory experiments are typically
conducted in controlled environments, such as climate chambers or incubators, which regulate these features. However, these
technologies do not always work flawlessly, and abiotic conditions often fluctuate even within these enclosures.

In fact, this is the first point where one may begin to wonder whether such strict control is even desirable. If the conclusions that
are drawn from an experiment are contingent upon the very specific set of conditions found in a particular shelf of a particular
incubator in a particular laboratory, then this lack of generality compromises the general interest of the finding at stake. That is,
the external validity of those results may be very reduced, a phenomenon coined the ‘standardization fallacy’ [11].

(c) We may fail to control for confounding factors

Given that we cannot control everything, we must select which variables to control. This inevitably carries the risk of overlooking
confounder effects that may influence the outcome.

An example concerns photosynthesis research, in which the plant tissues and cells under study are grown on specific culture
media. The growth of cultured plant tissues is determined by the initial levels of growth substances and nutrients in the culture
medium as well as by the relative rates of their disappearance as the plant grows. For a long time, it was assumed that blue
and near-UV light, well-known inhibitors of elongation growth in seedlings, acted on light-sensitive systems in the plant tissues.
However, an experimental study on the model organism Arabidopsis revealed that the growth inhibition was primarily due to pho-
tochemical changes in the culture medium rather than to photosensory functions of the plant tissue itself [12,13]. Indeed, when
culture media are exposed to plant material, their composition changes as cells metabolize components. Abiotic factors, such as
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light and heat, can change the chemical composition of culture media as well. Therefore, studies of plant metabolism can only
lead to sound conclusions if these factors are appropriately monitored.

In contrast to the examples described in §2b, where experimenters are aware that their technical abilities to control certain
factors are limited and can try to develop workarounds, the case of photosynthesis research is an example where only hindsight
revealed that the experimenters failed to control an important variable. In this case, the realization that an unknown confounder
was at work leads to discovery [14]. Our impulse to control as much and as strictly as possible, may reflect a deeper fear of miss-
ing such important confounders. But all we can do is think hard about variables that may have an impact on the experiment and
pre-emptively try to exclude them. There is no foolproof way of avoiding confounders.

Researchers make efforts pre-emptively to control for potential confounders in the experimental set-up. For example, because
male spider mites from different species are indistinguishable to the naked eye, experimenters place a tiny amount of dust on their
backs in mate choice experiments. Although spider mites have very poor eyesight, and results show that the dust colour does not
affect choice, they are still randomized between treatments across replicates [15].

In some cases, such pre-emptive controlling for potential confounders has, in fact, turned out to be instrumental. For example,
fruit flies use a combination of visual and odour cues to reach an odour source [16]. Because this is known, olfactometer studies
generally randomize the side of the cues offered in olfactometers among trials, while also excluding all possible visual cues from
the set-up [17]. If a confounder is found, the latter can still be dealt with statistically, but at the cost of a loss in statistical power
[18].

(d) Deciding what to control and what not to control has downstream effects on experimentation

As noted, an implication of the impossibility to control everything is that scientists must select what to control in an experiment.
This selection has consequences for what can be learned from that experiment [19,20]. This is not just a question of increasing the
generality of the conclusions that can be drawn from an experiment (i.e. a question of external validity). The decision on which
variables will be controlled for in an experiment gears the experiment towards a particular research question, while limiting other
types of endeavours, much in the same way as a train, once on a particular track in a particular direction, will not be able to reach
destinations that lie elsewhere.

A prominent example of how control decisions shape research outcomes is the widespread use of a few model organisms in
biology. These systems are attractive for many reasons, including ease of supply and community support. One of those features
is that they are highly tractable, that is, they enable a high degree of experimental control —genetic tractability, standardized con-
ditions and reproducibility [21]. However, this tight control also limits what can be observed or inferred. For instance, Drosophila
melanogaster has shaped research agendas in sexual selection and immune response, yet its particular mating system (last male
sperm precedence [22]) and immune architecture (reliance on Toll and IMD pathways [23]) constrain the kinds of questions that can
be addressed. Traits absent in this model, such as alternative reproductive strategies [24-26] or different types of defences against
pathogens [27-29], may remain neglected for long time periods —not necessarily because they are unimportant, but because they
are not present in the few model organisms studied by most laboratories.

The deliberate exclusion of some variables in the experimental design, while warranted within a specific project, may limit
our ability to draw conclusions from the experiment. For example, the design of a maze used to study rat behaviour shapes
which aspect of that behaviour can be observed. If a maze is stripped of environmental cues—such as visual, auditory or olfactory
signals—the experimenter can observe how a rat behaves and gradually improves its orientation in a barren, simplified setting.
This kind of set-up allows for tight experimental control and allows reintroducing individual cues one at a time to study their
specific effects on behaviour. However, when maze design incorporates multiple, variable cues and takes into account ecological
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assumptions about the animal’s foraging behaviour, it opens the door to a different kind of insight. By simulating more realis- [ 4 |
tic and complex environments, such experiments increase their ecological validity [30] and allow researchers to investigate how
rodents navigate uncertainty, integrate diverse sources of information and flexibly adapt to changing conditions. As a result, the
understanding of rodent cognition and behaviour that emerges from such designs is often richer and more nuanced [31].

The point here is not that one set of experiments is ‘better controlled” than the other, or that one of the approaches is correct
and the other is wrong [20]. Rather, each set of experiments comes with a specific set of controls, and this imposes constraints on
what we can extract from the data. Each experimental system keeps certain parts of the setting ‘fixed’, but what is kept fixed is
different, and therefore different causal relations are tested and different insights are gained from each experimental design.

3. Itis not desirable to control everything

In §2, we elaborated on the commonplace that it is not possible to control ‘everything’ in an experiment, and distinguished dif-
ferent ways in which an experiment can fall short of the ideal of perfect control. Some forms of incomplete control are trivial
and unproblematic (see §2a), but others are not, because they are consequential for the knowledge that can be gained from the
experiment (§2d). In this section, we turn to the question of whether an experiment that is more strictly controlled is always more
informative than an experiment that is less strictly controlled. We argued that this is not the case and show why it may be desirable
to relax control in certain cases, rather than strictly control the parameters.
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(a) The problem of overfitting

The desire to control strictly can be problematic because it may lead to overfitting of the model —statistical or experimental —to
the data. Notably, an experiment is itself a model of a target system, implemented materially rather than mathematically. Overfit-
ting reduces the generality of a model and the conclusions that can be drawn from it, and increases the risk of collinearity among
explanatory variables, thus complicating interpretation [32]. In such cases, models may capture idiosyncrasies of the dataset as if
they were meaningful patterns, leading to false positives—factors that appear significant but do not in fact affect the outcome of
the experiment.

While a statistical model overfits when it captures idiosyncrasies of the training data, an experimental model overfits when
it captures idiosyncrasies of the experimental set-up rather than stable features of the target phenomenon. In modern biology,
where experiments and modelling typically work together, overfitting not only can originate at the level of the statistical model
but also can be induced upstream by experimental design choices. Certain experimental designs may create conditions under
which downstream models, even when statistically sound, end up fitting context-specific structure. For instance, controlling for
one variable may inadvertently introduce bias by overcorrecting or masking the effects of another, particularly when the causal
structure of the system is not fully understood. Although model-selection criteria such as the Akaike information criterion may
help assess parsimony at the level of statistical inference, they do not address the risk of false positives, biases introduced by
experimental design or dependencies among variables.

A common instance of overfitting arises in the form of batch effects in omics data, where researchers aim to isolate the biological
signal from the many sources of technical variation inherent in high-throughput methods. In multi-sample transcriptomic exper-
iments, differences in sample preparation, sequencing runs, reagent batches and even laboratory environments can introduce
variation unrelated to the biological variables under study. If not properly addressed, such batch effects can become confounded
with experimental factors, leading models to mistake technical variability for biological signal. A recent comparative study of
batch-correction methods across transcriptomics, proteomics and metabolomics found that commonly used tools often failed
when batch effects aligned with biological structure, resulting in distorted conclusions [33]. Other work has shown that models
trained on such data may perform well in-sample but fail to generalize due to reliance on laboratory-specific variation [34]. These
examples underscore how fitting to technical variation can limit both inference and model generality.

(b) The problem of biological complexity

The desire to isolate a system as much as possible and control parameters strictly may be counterproductive because it does not
appropriately acknowledge certain unavoidable features of biological systems—arising both from their internal organization and
from their interactions with other systems and environments —namely, complex causality structure within a system or between a
system and its environment, stochasticity and emergent properties. After defining these concepts, we argue that acknowledging
their role calls for a shift away from the pursuit of strict control and towards experimental strategies more appropriately aligned
with biological complexity —suggesting that, in many cases, embracing this complexity can yield more informative and insightful
outcomes (figure 1).

(i) The chain of causality within a system is complex

So far, we have dealt with limitations that still consider that different independent variables exert separate, additive effects on
a particular dependent variable. However, this paradigm does not apply to more complex phenomena, as discussed within the
field of ecology [35]. The acknowledgement of complex data structures has led to significant advancements in the field of statistics
and its use in biology. Indeed, even standard statistical models allow coping with interactions among independent variables. In
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Figure 1. Conceptual illustration of the problem of biological complexity. (A) The chain of causality in biological systems is complex. In simplified models, inputs are
assumed to affect an output additively, independently, and in isolation. In more realistic scenarios, variables may interact, share upstream causes or participate in feed-
back loops—and some interactions may remain unknown. These features challenge the assumption of independent, linear effects and call for statistical or conceptual
frameworks capable of capturing complex causality. (B) Stochasticity enables phenotypic heterogeneity. In this conceptual example, intrinsic noise drives transitions
between two stable phenotypes within an otherwise genetically homogeneous population. The resulting population-level distribution reflects both the architecture of
the underlying regulatory system and the role of stochasticity—illustrating how noise can generate adaptive behaviour in complex biological systems. (C) Emergent
properties arise from the interplay of system architecture and parameters. This conceptual example illustrates a regulatory system with both positive and negative feed-
back. Depending on feedback strengths, the same components can give rise to distinct emergent behaviours—including bistability, oscillations and homeostasis. These
dynamics are not hardcoded in the components but arise from their interactions, emphasizing that emergence is a property of the system as a whole. Capturing such
behaviours requires experimental designs that preserve—not constrain—this interactive complexity.

the last decades, the use of model selection [36], structural equation models [37] and machine learning [38] has allowed tailor-
ing statistical models to complex data structures and refraining from assuming a particular structure in the first place. However,
these advanced statistical techniques are still mostly used in datasets in which most factors cannot be controlled (e.g. in field
experiments), allowing to mitigate potential confounding patterns.

We argue that the systematic attempt to harness complexity into a few independent and dependent variables may prevent us
from detecting highly relevant phenomena. Indeed, even the laboratory environment itself is sometimes not a neutral bystander
for the organisms that are being tested: rather, it may represent a selective force to which organisms may adapt. This has been
repeatedly shown, in particular in a body of work on laboratory adaptation in Drosophila subobscura [39—41]. Such adaptation may
thus be conflated with adaptation to other selection pressures that are being explicitly studied. The existence of control popula-
tions evolving in a control environment does not eliminate the problem, as laboratory adaptation can interact with adaptation to
different environments differently [42,43].

(ii) System—environment entanglement

Target systems in biological experimentation are often entangled with their immediate environment. For instance, in experimen-
tal studies of songbird development, adopting a study design whereby birds were housed together and in a variety of housing
options led to deeper insights into song learning than one in which juvenile birds were isolated in strictly controlled laboratory
cages and exposed to isolated songs [5]. Also, an experimental evolution study showed that spider mites evolving on plants with
cadmium had higher growth rates on those plants than control populations unexposed to that environment [44]. However, such
populations also increased their sensitivity to intraspecific competition. This change led to a shift in the outcome of the interaction
with a competitor, from exclusion to coexistence, which would not have occurred if only changes in growth rate had been consid-
ered. Increasing the growth rate leads to a higher density, which in turn affects intraspecific competition. One could have fallen
into the temptation of actually controlling for this side effect of a higher growth rate during experimental evolution, but this would
be biologically artificial, as higher density is a necessary by-product of higher growth rate in real systems (for a given amount of
resources). Therefore, in this case, leaving some degrees of freedom to the evolving populations improved our understanding of
this and other systems.

(iiii) Stochasticity

The ubiquity of biological noise —arising from both internal processes and interactions with the environment and other systems—
is now widely recognized [45,46]. It arises from the discrete nature of biological units (e.g. molecules, cells, organisms) and the
stochasticity of their interactions (e.g. biochemical reactions, cell divisions, ecological encounters). Theoretical work has shown
that such noise cannot be entirely eliminated [47], and both modelling and experimental studies have demonstrated that it is
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not merely a nuisance—it plays a functional role in shaping biomolecular processes, phenotypic variability, population-level dy-
namics and even evolutionary trajectories [48]. Consequently, designing a truly deterministic experimental set-up is impossible,
fundamentally undermining the feasibility of perfect control in biological research.

This stochasticity is not just unavoidable—it is integral. Relying on large sample sizes or simply reporting variance is not
equivalent—those practices still assume a fundamentally deterministic system with noise “added on top’. Instead, biological sys-
tems are often fundamentally stochastic, with deterministic behaviour better viewed as a limiting approximation. In this light,
experimental design should not aim to suppress noise but to engage with it. There are two main reasons for this. First, biochemi-
cal noise can give rise to non-intuitive emergent behaviours, as discussed below. Second, the shape and structure of the noise—its
distribution, correlations and temporal patterns—can be highly informative about the underlying mechanisms and interactions.

A compelling illustration comes from the theoretical work on epigenetic switching in fluctuating environments. Using in silico
evolution of a self-activating genetic circuit, Gomez-Schiavon & Buchler [49] showed that stochastic gene expression—a direct
consequence of biological noise—can enable heritable phenotypic switching without genetic mutation as an adaptation strategy.
Crucially, this noise-driven mechanism outperformed genetic adaptation in fast-changing environments, not only because it en-
abled faster responses after environmental shifts but also because it attenuated the detrimental effects of noise on population
fitness. These results demonstrate that noise is not merely a source of error but a functional element that shapes evolutionary
trajectories [50]. Ignoring it risks obscuring both the mechanisms of adaptation and the evolutionary trade-offs involved.

(iv) Emergent properties

Emergent properties refer to system-level behaviours that arise not from individual components in isolation but through their
interactions within the system. Classic examples include bistability (e.g. cell fate decisions; seed germination timing), oscillations
(e.g. circadian rhythms; predator—prey cycles), negative frequency dependence (competition, coevolution), robustness (e.g. home-
ostatic tissue growth; compartmentalized structure in biofilms) and spatial pattern formation (e.g. phase separation; vegetation
patterns in arid ecosystems). However, the landscape of emergent behaviours likely extends far beyond these textbook cases.
Crucially, some of these phenomena—such as stochastic switching or noise-induced oscillations—emerge specifically from the
interplay between system architecture and biological noise. Identifying such properties is often non-trivial, requiring not only a
systems-level perspective but also an appreciation for the generative role of biological variability. An overly rigid experimental
design that seeks to strictly control all variables may oversimplify the system and its interactions to the point where emergent be-
haviours are no longer sustained. This introduces a critical, often overlooked trade-off: the more tightly we constrain an experiment
in the name of control, the more we may exclude the very complexity that defines biological systems.

A striking example of emergent behaviour comes from a synthetic gene circuit designed to activate its own expression via
a non-cooperative positive feedback loop [51]. Based on the circuit’s architecture, no bistability was expected. However, when
implemented in E. coli, the system exhibited robust bistable gene expression. This counterintuitive outcome emerged from an
unexpected interaction between the circuit and host physiology: circuit activation slowed down cell growth, which in turn re-
duced protein dilution, reinforcing the accumulation of the activator. In other words, bistability arose not from the circuit alone,
but from the feedback between circuit dynamics and cellular processes—an interaction that would be invisible in a model or
experiment treating the host as a fixed background. This example underscores that overly simplified or tightly constrained exper-
imental set-ups may preclude the emergence of system-level behaviours, not because such behaviours are absent, but because the
experimental context has been stripped of the interactions that give rise to them.

4. Controlling well

Given all of the above, designing controlled biological experiments often requires grappling not only with lack of knowledge
about the system under study (i.e. grappling with the issues discussed in §2) but also with key biological features such as causal
complexity and object/environment entanglement, the system’s intrinsic stochasticity and emergent behaviours. The variety of
issues precludes a one-size-fits-all concept of experimental control, and proposing one would run counter to the very spirit of
the proposal to reevaluate the aim of strict control. Instead, we advocate the notion of ‘controlling well’, which is intrinsically
context-dependent. The examples presented are intended to provoke reflection and foster a broader discussion about alterna-
tive approaches to experimental design—approaches that move away from the desire for ever stricter control and towards more
realistic, context-sensitive and purpose-dependent forms of scientific rigour.

Some strategies that have successfully addressed —and even leveraged —such challenges are available. We argue that they are
best framed as intentional relaxations of experimental control. For instance, instead of circumscribing an experiment to a given
set of conditions, researchers have adopted the strategy of randomizing replicates across different conditions, accounting for the
environmental variation in the block effect of their statistical model [52]. Still, there may be idiosyncrasies associated with the lab-
oratory itself, such that the same experiment performed in a different environment would yield different results [53]. One should
perform the same experiment in a variety of different laboratories and account for a laboratory effect in the statistical model [53,54].

Bayesian frameworks exemplify how probabilistic reasoning can directly engage with biological variability, treating it not as
a lack of control, but as a valuable source of information. These approaches go beyond point estimates, offering full probability
distributions that quantify uncertainty and reveal features of the system that deterministic models might obscure. For instance,
Goémez-Schiavon et al. [55] used single-molecule data (smFISH) and Bayesian inference to analyse noisy single-cell gene expres-
sion data. They demonstrated that cell-to-cell variability in transcript abundance —traditionally dismissed as noise —can reveal the
kinetics of promoter switching, including stimulus-dependent rates. Rather than averaging out variability (a measure of indirect
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control), they used its full distribution to extract mechanistic insight—underscoring how strict control strategies that suppress
variance can be counterproductive to understanding biological systems.

Another example concerns pre-clinical tests in animal models for human diseases. For instance, if the purpose is to translate
laboratory results to clinical application, it may be better to experiment with “dirty mice” (those with microbial exposures) than
with standardized mouse models [4]. If the aim is to obtain reproducible laboratory results, studies should use data from several
laboratories, because it has been found that studies based upon single laboratory trials are less reproducible [56]. Furthermore,
Usui et al. [57] challenged the assumption that strict standardization enhances replicability. Through a meta-analysis of ischaemic
stroke models in animals, they showed that reducing within-laboratory variability can produce results that fail to generalize. By
introducing structured biological variability, they were able to identify interventions that are broadly effective across individuals,
as well as those whose effects vary substantially and may require tailored application —thus providing a framework for refining
experimental design. By deliberately including sample heterogeneity —a strategy they call heterogenization—they improved both
the reproducibility and the ecological validity of experimental outcomes. Instead of minimizing inter-individual differences, their
approach embraces these differences to uncover biologically meaningful patterns.

Ultimately, replacing the notion of “strictly controlled” experiment with that of a “well-controlled” experiment means shifting
the focus from suppressing or averaging away variability, and thereby overlooking complexity, stochasticity and emergent prop-
erties, to understanding their roles. In complex systems, control is not about simplification, but about navigating uncertainty with
purpose and sensitivity to the context of an investigation.

In §2, we distinguished four ways in which the ideal of perfect control is not met in actual biological practice: the case where we
disregard certain parameters because they do not have an impact on the experiment; the case where we are limited in our ability
to control because of technical limitations; the case where we fail to control for a confounder (where parameters we thought un-
problematic turn out to be problematic); and the conscious decision for a particular experimental design and controls appropriate
to it, which excludes others.

It may seem that the problems described in §2 are just temporary technical problems that will be solved as we keep experi-
menting and refining our experimental designs. However, we think that there is a deeper issue underlying the fact that perfect
control is not possible.

As we discussed, each set of experiments comes with a specific set of controls, and this imposes constraints on what we can
extract from the data. Each experimental system keeps certain parts of the setting ‘fixed’, but what is kept fixed is specific to it,
and in this sense, different causal relations are tested, which means that different insights are gained from different experimental
designs.

Assessing which variables should be controlled is a key task of the experimental design, which often advances by trial and error
but also relies on the experimenters’” background knowledge about the target system. Once scientists have settled for a particular
approach, they will likely continue in this line of research, not the least because time and money have already been invested.
This entails a contingency in the direction of scientific research in the sense that certain other potentially promising routes are
not followed. One way to mitigate the narrowing of research paths that these decisions introduce is to clarify the assumptions
underlying a particular experimental design. Indeed, it would be useful if researchers were explicit about what they choose not to
control and why, both when they design the experiment and when they write it up in a publication.

In §3, we provided several reasons why aiming for strict control may be undesirable. We first discussed how the pursuit of strict
control can lead to overfitting, reducing the generality of models and obscuring meaningful biological patterns. We then argued
that such efforts often fail to account for essential features of biological systems—namely, complex causal structures (including
between systems and their environments), intrinsic stochasticity and emergent properties. These are not peripheral complications
but defining characteristics of living systems.

One of the key implications of the discussion in §3 is that we should design experiments with—not against—those essential
biological features. Too strict control of the components of target systems in biological experimentation may preclude the study
of emergent properties, i.e. properties of the system that cannot be reduced to properties of the system’s components. It may also
lessen generalizability and obscure insights into the object/environment entanglement of systems. We thus propose the concept
of “controlling well’, the context- and purpose-dependent application of control measures. What ‘controlling well’ means needs
to be spelled out with regard to specific contexts of experimentation.

We advocate for an approach to biological experimentation that does not always demand specific, precise hypotheses. This
may involve exploratory research, where the goal is not to test a specific prediction but to observe unexpected phenomena that
may only become visible when experimental constraints are loosened. This type of research may lead to observations that will
then be at the base of hypotheses that can be tested at later stages of inquiry. In addition, we also want to emphasize a second,
less commonly recognized possibility: hypothesis-driven research that nonetheless embraces a degree of uncertainty and com-
plexity. In this case, the hypothesis is clear and explicitly stated, but the experimental system is not artificially simplified to ensure
clean, isolated measurements. This approach allows for the possibility that emergent properties—in both the everyday sense of
unexpected results and the philosophical sense of irreducible system-level behaviours —may arise and be meaningfully studied.

Notably, both points run contrary to current publication practices. Papers in scientific journals typically present formalized,
logical arguments—not the behind-the-scenes narrative of how the work actually unfolded [58]. Disciplinary traditions of scien-
tific writing prescribe the order of the sections that a scientific paper should contain (traditionally Introduction, Methods, Results,
Discussion) and the format and style in which the content is presented. In most cases, methods sections describe the materials,
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instruments, target systems and overall design used in a study in a highly formalized manner. They rarely include details about [ 8 |
the actual process of experimental design—such as the reasoning behind key decisions, including those consequential decisions
about what to control and what not to control, the modifications made along the way, the challenges encountered or the alterna-
tive approaches that were considered and consciously excluded. In principle, electronic publications would easily allow for the
inclusion of such details in the electronic supplementary material. However, it is not clear to what extent this is currently done
and to what extent the supplementary sections are read. To make room for more meaningful, broader discussions of experimental
control and to ensure that they are read, it would make sense to expand the methods sections in the main body of the publication.
Just as importantly, reviewers would need to tolerate and even encourage more narrative styles in experimental reporting.

Strategies of relaxing control sit uneasily within the current funding and publishing landscape, which still tends to reward
strictly controlled experiments aligned with the old Popperian ideal of falsification. Such studies lend themselves to familiar sta-
tistical metrics like p-values, effect sizes and replication. They often leave little room for alternative forms of scientific rigour—such
as rich, contextual observation or sensitivity to unanticipated interactions. As a result, proposals that are methodologically conser-
vative and narrowly focused are often privileged, even when more open-ended approaches might reveal novel or complex features
of biological systems [59]. It would be useful to leave some space for (and fund!) observation within hypothesis-driven designs,
for example, by routinely measuring more variables than those explicit in the hypothesis at stake. A classic example is Barbara
McClintock’s discovery of transposable elements —work grounded in attentive observation and anomaly-following rather than
rigid hypothesis testing. As Keirns [60] argues, this kind of research might struggle to find support in today’s system, despite its
foundational impact.

DELEST07 S€67 § 205y 20l qdsi/BioBusygndiaaposiedos

6. Conclusions: towards ‘well-controlled’ experiments

In this article, we have distinguished different ways in which the ideal of perfect control is not possible to achieve in biological
practice and, accordingly, different ways in which an experiment can fall short of the ideal. We have argued that scientists should
aim for well-controlled experiments to gain a better understanding of the biological world. We do not advocate abandoning con-
trol altogether. It depends on the specific situation and how one should strike a balance between controlling and not controlling.
Precisely because what it means to conduct a ‘well-controlled” experiment is context- and purpose-dependent, it is important that
information about design choices is provided in methods sections. With our concept of ‘controlling well’, we thus advocate for
a mindset that acknowledges and embraces the complexity and variability of biological phenomena, the diversity of biological
practice, as well as the value of explicit discussion of control measures in scientific papers.

Although we have grounded our discussion in biology —being our area of expertise—we believe that underlying issues res-
onate across scientific disciplines—and even beyond. In many domains, a competitive environment focused on productivity has
led to the fallacy that harnessing the complexity of systems at the stage of the experimental design would produce guaranteed
results. Here, we argue that this is not necessarily the case, as this approach may produce non-representative results and/or fail to
identify important features of the system. Instead, we advocate for a scientific landscape that incorporates other forms of acquiring
knowledge. In this light, relaxing control is not merely a methodological choice—it is also a call to preserve space for surprise,
creativity and truly innovative thinking.
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