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The problems of extrapolation in
epidemiological medicine

Jonathan Fuller
University of Pittsburgh

In this talk, I distinguish different components of the problem of extrapolating causal
conclusions from health sciences research. The standard approach to making therapeutic
predictions in contemporary ‘epidemiological medicine’ involving extrapolating from the
results of epidemiological studies such as clinical trials. I explore the limitations of ex-
isting solutions to the problems of extrapolation proposed by philosophers and medical
experts. These solutions sometimes conflate the epistemological problem of extrapol-
ation with the pragmatics of extrapolating, or the problem of extrapolating from one
population to another with the problem of individualizing population results for single
cases. Existing solutions also often overlook distinct logical and evidential components
of the problem. I propose a novel solution to the logical problem of extrapolation I call
‘mechanism-cofactor analysis’ and a novel solution to the evidential problem relying on
structural analogies.



Value-ladenness of causal evidence: the

case of testing interventions for Alcohol
Use Disorder

Saana Jukola
University of Twente

Excessive alcohol use is a major cause of mortality and morbidity, and research-based
interventions targeting problematic drinking are needed. The so-called evidence-based
approach, according to which decisions about the treatment of patients in clinical and
social care context should be based on “conscientious, explicit, and judicious use of
current best evidence” (Sackett et al. 1996, 71) has been adopted in the management of
alcohol-related diseases since 1990s. According to the tenets of evidence-based medicine
and practice (EBP), randomized controlled trials and meta-analyses are the best means
for securing the objectivity of results. A reason for this is that they are believed to
limit the need for making potentially value-laden judgments during the process. Despite
the criticism this position has received (e.g., Truijens 2017), EBP guidelines govern the
availability of both pharmaceutical and non-medication treatment options as well as the
allocation of resources in many countries (Klingeman & Storbjork 2016).

By discussing how the effectiveness of interventions for Alcohol Use Disorder (AUD)
is tested, this talk addresses conceptual and epistemological issues that challenge some of
the assumptions that underlie EBP. For example, I show that researchers rely on value-
laden premises concerning the disease definition and diagnostic criteria when designing
trials. Dealing with the value-ladenness inherent in the construction of trials precludes
the possibility of achieving objectivity in the sense emphasized by the promoters of EBP.
Consequently, there is an inherent tension in testing interventions for AUD within the
EBP framework.
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Beyond Single Causes: A Complexity
Perspective on Causal Inference in Public
Health

Naja Hulvej Rod
University of Copenhagen

Modern causal inference has transformed medicine and epidemiology by providing
rigorous methods for estimating the effects of interventions. Yet many of today’s greatest
public health challenges, including health inequalities, mental health, multimorbidity,
and chronic disease, cannot be fully understood through single-cause frameworks alone.
These problems emerge from complex systems in which biological, social, behavioral, and
environmental factors interact across time and scales. Embracing this complexity does
not mean abandoning causal inference; rather, it means expanding the range of causal
questions we ask and the methods we use to answer them.

This talk will present a complexity perspective on public health that integrates tra-
ditional epidemiologic methods with systems thinking, computational approaches, and
insights from philosophy and the social sciences. This will include a discussion on how
a pluralistic approach to causality can strengthen our understanding of health by com-
bining evidence on patterns, mechanisms, and system dynamics, while highlighting why
interdisciplinary collaboration is essential for understanding complex health problems.
Ultimately, the future of causal research in public health lies not in choosing between
causal inference and complexity science, but in integrating them to better understand
and improve the health of populations.
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Beyond Molecules: Psychological Variables
and Causal Inference in Randomized
Controlled Trials

Héloise Athea
CNRS / Université Paris 1

Randomized controlled trials (RCTs) are classically designed to isolate the causal ef-
fect of a pharmacological intervention by controlling for potential confounders through
randomization and standardized protocols. An implicit conception of biomedical causal-
ity typically underlies this framework, according to which therapeutic efficacy is primarily
attributable to the biochemical action of a molecule on underlying pathophysiological
processes.

However, a growing body of research suggests that psychological variables - such as
patient expectations, therapeutic alliance, emotional support, and broader care condi-
tions - can significantly influence clinical trajectories, including symptom burden, treat-
ment adherence, quality of life, and even (more controversially) disease progression in
severe somatic illnesses such as cancer. These effects are mediated by complex, multi-
level mechanisms involving neuroendocrine, immune, and inflammatory pathways. This
challenges the assumption, implicit in standard RCT designs, that a clear separation
can be drawn between pharmacological and contextual or psychological factors in causal
inference.

In this context, this presentation addresses the following question: should psycho-
logical and contextual variables be treated as confounders to be controlled for, or as
mediators or constitutive components of the therapeutic intervention itself that require
systematic characterization? How does this choice reflect underlying epistemological
commitments regarding what counts as a cause, what counts as good evidence, and how
an “intervention” ought to be individuated (i.e., whether it includes only the molecule
or also its delivery context) within clinical research?

By examining these issues in the context of oncology, this talk aims to make explicit
a set of often implicit epistemic and methodological assumptions embedded in RCTs,
and to assess their implications for causal inference in contemporary clinical research.
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Beyond the Epistemic Loop — Mechanistic
Hypotheses in Biomedical Reasoning

Cristina Barés Gomez
University of Seville

Matthieu Fontaine
University of Seville

Biomedical practice and inquiry are fundamentally causal; physicians intervene in
diseases causes to affect patient well-being, while researchers seek causal links between
treatments and effects. However, since causal links cannot be directly observed, they are
inferred through statistical correlations. Within the Evidence-Based Medicine (EBM)
paradigm (EBM-Group 1992), this has led to hierarchies where Randomized Controlled
Trials (RCTs) are placed at the top, while mechanisms are often dismissed as speculative
and relegated to the bottom.

The Russo-Williamson thesis (2007) argues that both difference-making studies and
mechanistic evidence are necessary to establish causal claims. Yet, a conceptual challenge
remains: if “mechanistic evidence” is established through empirical evidence of entities
and activities (Illari, 2011), it becomes difficult to distinguish it from standard of EBM.

We propose approaching this issue from an inferentialist perspective, analysing the
role of mechanism in medical reasoning—a complex process that involves the Peircean
triad of abduction, deduction, and induction. A central point of our argument is the
rejection of abduction as Inference to the Best Explanation (IBE) (Harman 1965). De-
fining abduction through “explanation” is inherently circular: it puts the “explanatory
cart” before the “abductive horse” by assuming a classification of the “best” hypothesis is
already available, thereby conflating abduction with induction. Furthermore, abduction
is often not even explanatory at all, but rather a process in the course of which an “inter-
rogation” or an “ignorance-preserving” hypothesis that initiates the inquiry (Hintikka
1998, Gabbay and Woods 2005).

Drawing on Magnani’s Select and Test Model (1992) and Gabbay and Woods Model
of abduction (2005), and recent developments of Barés and Fontaine (2025), we distin-
guish two general forms of reasoning, in the context of which the use of mechanistic
evidence is clarified:

1. Inference to mechanisms: evidence used to corroborate mechanistic hypotheses;

2. Inference from mechanisms: using established or conjectured mechanisms as
“reason to accept” a biomedical or a clinical claim-

Our point is that EBM cannot function as an isolated epistemic system because it

inherently assumes a prior identification of which variables and data are relevant to
the inquiry. Identifying what to “look for” in clinical trials necessitates a mechanistic
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hypothesis to guide the initial selection of data. This mirrors the fundamental limitation
of “naked” Baconian induction, already stressed by authors such as Peirce (1931/1958) or
Hempel (1966): without an abductive hypothesis to organize the manifold of observation,
induction lacks a principle for gathering and refining information. By positioning the
mechanism as the “initial guess” that initiates investigation, rather than an IBE-style
conclusion, we resolve an apparent circularity involving EBM and mechanisms.
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Managing treatment selection in oncology:
the epistemic rationale of risk stratification

Marina Antonia D’Amico
Scuola Universitaria Superiore IUSS Pavia

Giovanni Sanavio
Scuola Universitaria Superiore [USS Pavia

The growing reliance on data-driven tools for personalized medicine, particularly in
oncology, raises the question of what methods and conceptual approaches could provide
a reliable basis for tailoring treatments to individual patients. Risk stratification, in
this context, represents an essential instrument for determining individual prognoses
and guiding treatment selection. It involves estimating the likelihood of adverse clinical
outcomes based on patient-specific parameters, like biomarkers and other clinical vari-
ables identified through retrospective studies, and assigning patients to low- or high-risk
groups. Risk stratification allows a comparison of the effectiveness of different thera-
peutic strategies, thereby helping to optimize resource utilization (Vogt, 2025).

Our contribution aims to evaluate the epistemic rationale of risk stratification in
medical reasoning. To do so, we analyze risk stratification as an instance of the reference
class problem: stratifying patients according to risk involves assigning them to a class of
individuals sharing homogeneous relevant characteristics (Hajek, 2007; Devanesan, 2023;
Fuller and Flores, 2015). The key issue is thus how to justify which features are relevant
for determining risk exposure—that is, for establishing an individual’s membership to
a given reference class. In other words, what kind of evidence supports attributing a
certain chance of an adverse outcome to a particular individual?

To answer this question, we explore whether the reference class problem—which arises
in diagnosis, and disease occurrence prediction—exhibits unique features in the case of
treatment selection. Building on the idea that the choice of the appropriate reference
class depends on the purpose the reasoning is intended to serve (Parker, 2020), we explore
how treatment selection imposes distinctive constraints on justifying relevant data and
classes. Drawing on Wallmann and Williamson’s (2017) claim that the relevant reference
class is constrained by a causal structure, we argue that treatment selection imposes
distinctive causal constraints on reference class justification. Using Pearl’s interventionist
causal framework (2009), we show that treatment selection involves a different causal
structure than diagnosis or disease occurrence prediction—and thus imposes peculiar
constraints on reference classes in risk stratification.

These ideas will be tested against a medical case study involving the International
Metastatic Disease-Stage Classification (IMDC) and Memorial Sloan Kettering Cancer
Center (MSKCC) risk models for metastatic renal cell carcinoma (mRCC) (Heng et al.,
2009; Méjean et al., 2018; Motzer et al., 2001; Okita et al., 2019; Keskinkilic et al.,
2025). We will illustrate how causal constraints account for the superior performance of
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the IMDC model compared to the MSKCC model in predicting patient survival across
risk groups.

Our account of risk stratification has the potential to contribute to the refinement
of decision-making practices for personalized treatment selection, even in cases where
statistical evidence is not readily available, offering a rigorous framework for robust
clinical reasoning.
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Machine learning for philosophy-based
causal discovery

Luna De Souter
Witten/Herdecke University

Coincidence Analysis (CNA) is a method for automatically discovering complex
causal structures from datasets. When applied to a dataset, this method algorithmically
builds models that satisfy the criteria of causation spelled out by the philosophical regu-
larity theory of Baumgartner and Falk (2023) for that data. CNA has been applied for
causal discovery across scientific disciplines, and is most frequently used in healthcare
research, for instance, to study opioid treatment (Matson et al. 2025), cancer screening
outreach (Coury et al. 2021), and surgical site infection reduction (Schlick et al. 2022).

A central limitation to CNA’s applicability in healthcare research is the method’s
inability to analyze datasets comprising more than 30 variables. Since many health-
care datasets are considerably larger, researchers must often eliminate variables before
applying CNA, which may jeopardize the reliability of their results.

In this presentation, I argue that the Boolean Rule Column Generation (BRCG)
algorithm (Dash, Gunlik, and Wei 2018), which was originally developed by machine
learning researchers as an algorithm for building interpretable binary classification mod-
els for datasets comprising hundreds of variables, can and should also be used as an
algorithm for discovering complex causal structures from datasets with more variables
than CNA is able to handle.

My main argument is conceptual: I demonstrate that, if the BRCG algorithm suc-
ceeds at optimizing its objective function, it returns a model that best satisfies the
criteria of Baumgartner and Falk’s (2023) theory for the analyzed data. Since BRCG
is not guaranteed to optimize its objective function, I complement this conceptual argu-
ment with simulation studies showing that BRCG performs similarly to CNA on datasets
small enough for CNA to handle, while reliably recovering causal structures from data-
sets with more variables than CNA can handle. Finally, I address the objection that
BRCG’s opacity makes it less trustworthy than CNA by arguing that, in causal discovery
for healthcare research, the benefits of avoiding the elimination of confounding variables
outweigh the costs of increased opacity.
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A causal account for estimating effects
across populations when no causal
information is available

Alexander Gebharter
Marche Polytechnic University
alexander.gebharter@gmail.com

Barbara Osimani
Marche Polytechnic University
barbaraosimani@gmail.com

Michal Sikorski
Marche Polytechnic University
michalpsikorski@gmail.com

Elisa D’Olimpio
Marche Polytechnic University
elisa.dolimpio@studenti.unicam.it

Zhitao Zhang
Marche Polytechnic University
zhangzhitao7430gmail.com

The question of how experimental results obtained in a study population can be
used to obtain an unbiased estimate of causal effects in a target population is key in
evidence-based medicine. The target population can be the population from which
the study population was sampled or a completely different population. In both cases,
certain factors may be distributed differently in the two populations. This may affect
the causal effect of interest, depending on the specific causal structure and on how the
factors to be intervened on interact with the variables whose values are distributed
differently (cf. Cartwright & Hardie, 2012). This is generally addressed by assuming
factors to be distributed similarly enough among the individuals of the study and the
target population. However, in practice this assumption is often violated, information
about the causal structure is limited, and heterogeneity is a common problem. In this
presentation, we use causal models to develop an account that can overcome this problem.

The presentation is structured into 4 main parts. In part 1, we introduce the formal
basics relevant for our endeavour. In part 2, we present and discuss Pearl and Barein-
boim’s (2011) account of extrapolating experimental results across populations. Their
approach is based on so-called selection variables, which are technical means to repres-
ent heterogeneity by allowing one to manipulate the distribution of a variable’s values
among individuals of the study or the target population. While Pearl and Bareinboim
aim at an exact computation of the causal effect in the target population, given full
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structural knowledge about the study and the target population, we rather focus on the
more practical question of how the effect in the target population should be estimated if
causal information is limited. We do not see our account as an alternative to Pearl and
Bareinboim’s, but rather as supplementary. Nevertheless, we point to a problem with
their account and highlight a class of relevant causal settings in which their approach
delivers counterintuitive results.

In part 3, we diagnose the source of the problem for Pearl and Bareinboim’s (2011)
approach and develop our own account. The basic idea is to account for varying distri-
butions of causal factors by Jeffrey conditionalization. We demonstrate how the account
provides the intuitively correct results for the scenarios in which Pear]l and Bareinboim’s
account fails and propose a transport criterion for identifying cases where experimental
results can be used to estimate an intervention’s effect in the target population. In part
4, we propose an empirical test for the developed criterion. Although our account uses
causal models to generate the general recipe for estimating an intervention’s effect in the
target population, its application given a positive empirical test does not require causal
knowledge about the two domains. The account is, thus, causally warranted without
requiring specific causal information.
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Why Evidence-Based Medicine+ Should
Care about Surrogate Outcomes

Kyrellos Ghattas
Northern Illinois University

Philosophical proponents of Evidence-Based Medicine+ argue that mechanistic evid-
ence is necessary for making causal claims in medicine. They further assert that the
dominant paradigm in medical literature (i.e. Evidence-Based Medicine) is epistemically
impoverished due to its sidelining of mechanistic evidence. My aim in this presentation
is to show that there is already a genre of medical literature, the surrogate outcomes
literature, that makes use of mechanistic evidence when assessing causal claims between
surrogate outcomes and target outcomes. Furthermore, I argue that given the use of
mechanistic evidence in the surrogate outcomes literature, proponents of Evidence-Based
Medicine+ (EBM+) ought to turn to the surrogate outcomes literature for empirical in-
sights on the use of mechanistic evidence in establishing causal claims in medicine.

My argument bridges EBM+'s guidelines on mechanistic evidence and the surrogate
outcomes literature via two claims — the Broad Claim, and the Focused Claim. The
Broad Claim highlights how regulatory agencies take mechanistic evidence to be neces-
sary in determining whether surrogate outcomes are causally linked to target outcomes.
This is in line with EBM+’s assertion that mechanistic evidence is necessary for estab-
lishing causal claims in medicine. The Focused Claim demonstrates how the Prentice
Criterion, a biostatistical method of surrogate outcome validation, operationalizes the
assessment of mechanistic evidence when evaluating the causal connection between a
proposed surrogate outcome and a target outcome. The Focused Claim further asserts
that the Prentice Criterion directly accords with the Russo-Williamson thesis (a core
doctrine of EBM+).

At the end of my argument, I will have shown that the surrogate outcomes literature
uses mechanistic evidence to establish causal claims in a way that is congruent with the
recommendations of EBM+. Both EBM+ and the surrogate outcomes literature take
mechanistic evidence to be necessary in demonstrating causal claims in medicine. And
the Prentice Criterion used in the surrogate outcomes literature is an operationalized
method of EBM+’s recommendations for assessing mechanistic evidence.

The implication of this argument is that philosophical proponents of EBM+ have
good reasons to explore the surrogate outcomes literature; specifically for insights on the
empirical benefits and drawbacks of using mechanistic evidence in establishing causal
claims in medicine. In the final section of my presentation, I give a preview of what this
process might look like by illustrating how issues with the Prentice Criterion are relevant
to EBM+’s guidelines on mechanistic evidence.
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Explaining Why: A multidisciplinary
approach to token causality

Phyllis Illari University College London

This paper aims to draw philosophical insights about causality from a collaborative
project with Philosophy, Psychology and Computer Science: Explaining Why. We will
explore the key methodological commitment of the project, which is to study causal
reasoning using realistic vignettes which allow people to show ordinary causal and coun-
terfactual reasoning in more familiar, natural settings.

Within philosophy, work on causality has often been driven by a small number of ar-
tificial ‘toy examples’ like two assassins shooting simultaneously, while computer science
has been dominated by a few powerful modelling techniques, such as DAGs. Finally,
the psychological literature has largely relied on simple experimental paradigms like the
‘Monte Carlo scenario’ of selecting balls
from an urn, with probabilities artificially set. Such work has distracted from the messy,
uncertain process of making real decisions using real data, and from focus on the indi-
vidual case such as managing chronic illness like diabetes.

We will describe study using realistic vignettes and show what can come up, such as
domain differences in outcomes. For example, people prefer gradual causes of health, but
will accept abrupt causes of ill health, like injury, strongly indicating that they are using
background knowledge of the kinds of causes found in particular domains to influence
causal reasoning.
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Gender, Intervention, and Causal Inference
in Clinical Judgment

Liyuan Jiao
Department of Philosophy, Durham University

Intervention-based approaches to causal inference, such as the Rubin Causal Model
(RCM), ground causal claims in well-defined treatments and counterfactual contrasts
(Rubin 1974). In the health sciences, investigators frequently appeal to socially struc-
tured factors such as gender to explain systematic disparities in diagnosis, evaluation,
and healthcare delivery. The difficulty is not that gender lacks causal significance, but
that it does not readily correspond to a well-defined intervention in the sense required
by the RCM. Drug administration can be modeled as a discrete treatment, whereas as-
signing the same individual a different gender does not yield a comparably well-defined
treatment contrast. This tension generates a question for causal inference: how can
causal claims about gender be formulated and justified within an intervention-based
framework?

This difficulty has motivated influential arguments, most notably by Holland (1986),
that gender cannot function as a legitimate treatment variable within the RCM. At
the same time, persistent gender-based disparities in medicine raise questions about
how such effects can be causally inferred. A prominent empirical strategy responds
by intervening not on gender itself, but on gender cues such as names, pronouns, and
other perceptual markers under controlled conditions (Goldin and Rouse 2000; Moss-
Racusin et al. 2012). In clinical studies using standardized or virtual patient descriptions,
patients presenting identical symptoms receive systematically different evaluations and
treatment recommendations depending on perceived gender cues (Stutts et al., 2010).
By holding symptom presentation fixed while varying perceived gender, such studies
abstract from biological differences and isolate the role of gendered interpretation in
diagnostic reasoning.

The paper argues for three claims. First, in many diagnostic contexts, gender is
causally operative as a socially structured category through a network of mediated mech-
anisms, one of which is perceived gender in diagnostic categorization. Clinical judgment
often proceeds through processes of categorization and stereotype-mediated evaluation,
in which patients classified as women may be regarded as more emotional or less cred-
ible reporters of pain. Second, cue-based interventions manipulate this causally operative
node, namely perceived gender, thereby identifying a path-specific causal effect within
a broader network of gender-related mechanisms. Such interventions do not replace
gender with perceived gender; rather, they identify a mechanism through which gender
exerts causal influence in diagnostic reasoning. Third, extrapolation from cue experi-
ments to claims about gender’s causal relevance is justified only if the experimentally
isolated categorization mechanism also operates in ordinary clinical practice and is not
systematically counteracted.
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Under these conditions, cue-based evidence supports qualitative claims that gender
is causally relevant to diagnostic evaluation, without requiring that gender itself be rep-
resented as a directly manipulable treatment within the RCM. The analysis clarifies the
scope and limits of cue-based evidence and shows how intervention-based frameworks can
support causal inference about socially structured factors that resist direct manipulation
by identifying the mechanisms through which they operate.
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Breastfeeding Promotion and the Limits of
Evidence-Based Policy: Lessons for
Evidential Pluralism
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Over the past fifty years, breastfeeding has been widely promoted by health authorit-
ies as a practice associated with numerous benefits for both infants and mothers. Public
health campaigns across the globe have emphasized the idea that “breast is best,” citing
research suggesting that breastfeeding reduces the risk of several conditions, including
Sudden Infant Death Syndrome (SIDS), allergies, asthma, eczema, obesity, and type
IT diabetes. Breastfeeding has also been associated with improved cognitive outcomes,
including higher 1Q scores and lower rates of attention deficit hyperactivity disorder
(ADHD). These claims appeared to be supported by an extensive body of observational
research in which breastfed children consistently showed better health and developmental
outcomes than formula-fed children. Importantly, many of these studies attempted
to control for parental socioeconomic status and other background characteristics that
might confound the relationship between infant feeding practices and child outcomes.

Because breastfeeding practices cannot ethically be randomized at the individual
level, experimental evidence is rare. In the 1990s, the Promotion of Breastfeeding Inter-
vention Trial (PROBIT) (Kramer et al., 2001), led by the epidemiologist Michael Kramer
in Belarus with support from the World Health Organization, approximated an exper-
imental design by randomizing hospitals to implement a breastfeeding promotion pro-
gram or to continue standard practices. The intervention increased breastfeeding rates
in the treatment group. Early PROBIT results were often interpreted as experimental
confirmation of breastfeeding’s benefits, reporting modest reductions in gastrointestinal
infections and atopic eczema during the first year of life. Yet the effects were small and
several outcomes previously reported in observational research were not confirmed.

From the 2010s onward, researchers increasingly reassessed the evidence linking
breastfeeding to long-term health and cognitive advantages. A central concern was
residual selection bias. In many high-income societies, mothers who breastfeed tend
to have higher education and greater resources than those who do not. Studies using
sibling comparisons and richer measures of family environments suggest that many pre-
viously reported advantages—particularly cognitive and long-term health effects—are
substantially reduced once family-level confounding factors are addressed. This evolving
empirical landscape raises questions about the relationship between scientific evidence
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and public policy. In this paper, we analyse the promotion of breastfeeding through the
lens of recent philosophical discussions on evidence-based policy and evidential pluralism.

Evidential pluralism emphasizes integrating evidence of correlations and evidence
of mechanisms to establish causal claims in medicine (Parkkinen et al., 2018). In the
breastfeeding case, observational correlational evidence faces persistent problems of con-
founding and selection bias, while experimental evidence is difficult to obtain. Evid-
ence about biological mechanisms—for example pathways through which breast milk
might influence immune development—could complement statistical studies by helping
to distinguish genuine causal effects from spurious correlations. However, implementing
such an evidential pluralist strategy would face challenges. Evidence about the relevant
mechanisms has often been limited or inconclusive. Moreover, identified mechanisms
may operate heterogeneously across individuals depending on factors such as maternal
physiology, breastfeeding duration, and caregiving practices. The breastfeeding case
therefore illustrates both the potential value of evidential pluralism for evidence-based
policy and the practical difficulties of applying it under conditions of limited and hetero-
geneous evidence.
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Variables are not real, but causes in health
are still useful

Samantha Kleinberg
Computer Science Department, Stevens Institute of Technology

Scientists make many causal claims about health, such as egg consumption increasing
cholesterol or ultraprocessed foods causing higher energy intake. While most analysis
focuses on whether a given causal relationship (such as between a dietary exposure and
outcome) is well-supported, there is an underappreciated choice that shapes the validity
and generalizability of causal inferences: how we define and represent cause and effect
variables. Variables are not objective features of the world, but rather choices that can
ultimately change causal conclusions.

A variable can be represented with varying focus (e.g, macronutrients, processing-
level, or food names for diet) or specificity (e.g., discretizing continuous-valued glucose
into ranges). Further, some relationships are only true in certain contexts (e.g. location),
or vary dynamically due to other properties (e.g, age, BMI). Yet it is not clear whether
such factors should be viewed as causal themselves or as background conditions, and there
are practical challenges when combining these often static variables with longitudinal
data to infer causal relationships.

Despite the difficulties of transforming data into variables, such choices influence
both the correctness of causal models and how useful they are. Many works test nar-
rowly pre-defined hypotheses, but this limits the generalizability of findings. If we only
test for the effect of one specific food on a health outcome, we cannot generalize to
whether other foods with similar nutrient composition or physical properties would have
similar effects. Further, computational methods for finding causes from observational
data assume variables are correctly specified, yet there is no guidance on what ‘correct’
means or how to achieve this.

In this paper I show how the practical realities of finding causes from data and using
them for everyday health decisions raise philosophical questions about the nature of
causality. I argue that there is no metaphysically “correct” set of variables, rather we
impose constraints to provide order to our data. As a result, causal claims must be
viewed as relative to these choices. Despite this, I show how pragmatic criteria can help
determine which representations are better suited to a problem and argue relativity to a
variable representation does not mean causal claims are arbitrary. Through case studies
in nutrition, I show how computational tools can automatically identify appropriate
granularity for variables and learn causal relationships that generalize across contexts.
Studies with human subjects show that aligning variable representation with human
needs for decision-making provides a more practical foundation for variable selection
than interventionist approaches.
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From Population- to Individual-Level
Evidence: Two Concepts, Two Problems
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Genetics research has been accumulating evidence about the genetic correlates of
medical traits. There are increasingly calls and attempts to make use of this information
(e.g., polygenic scores) a standard part of clinical practice. Such applications, however,
continue to encounter criticisms. One common criticism goes as follows: existing empir-
ical findings may provide evidence that a genetic variable is a population-level cause of
a medical trait, however, such population-level evidence does not pass as evidence of the
causes of individual instantiations of the trait — and it is the latter that is needed for
preventing, predicting, diagnosing, and treating medical conditions in individual patients
1, 2, 3, 4]

This talk aims to clarify the nature of the inferential gap between population- and
individual-level causal evidence. I argue that there are at least two different types of
gaps involved, which are not always clearly distinguished from one another.

I begin by pointing out that “X (e.g., a genetic variable) is a population-level cause
of Y (e.g., a medical trait)” often bundles together at least two intensionally and exten-
sionally distinct propositions:

« X has a non-zero average causal effect on Y in some population P (Population
Average)

« X is a population-specific cause of Y — that is, X has a given average effect on
Y given the distribution of background conditions in some specific population P
(Population Specific)

These two senses of “population-level cause” generate distinct inferential problems
for drawing conclusions about the causes of a particular individual i having a given Y
value.

The problem with evidence for Population Average: uncertainty

I first explain why, if we know our target individual i is a member of P, then informa-
tion I such that I is evidence for Population Average is typically also evidence regarding
whether X is a cause of i’s Y value (assuming a Bayesian account of evidential relevance).
However, typically it is evidence of little practical value, because it leaves us in a state
of substantial uncertainty about whether X is a cause of i’s Y value. This renders I of
limited, although potentially valuable, medical use.

The problem with evidence for Population Specific: undefined reference class

That I is evidence for Population Specific raises an additional, more fundamental,
obstacle to using I as evidence about the causes of i’s Y value. A minimal condition
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for evidence for Population Specific to also count as evidence regarding the cause of
i’s Y value is that we know i to be a member of P that Population Specific is indexed
to. However, in most cases this is difficult to establish. The issue is not merely a lack
of information about i. It is conceptual: in GWAS research, population membership
is typically defined loosely in terms of proxy characteristics that only loosely track the
causally relevant background conditions that Population Specific is indexed to. That is,
most instances of Population Specific leave the relevant reference class un- or at least

under-defined.
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Evidential Pluralism, a philosophical position that supports the use of both difference-
making and mechanistic evidence, has developed tools to evaluate the quality of evidence
for mechanisms understood as complex systems in medicine (Parkkinen et al., 2018).
Some efforts have been made to implement the EP program in social sciences (Shan
& Williamson, 2023; Maziarz, 2021). However, the position of EP has been criticized
by supporters of Evidence-Based Medicine, an alternative that emphasizes evidence of
difference-making from clinical trials. For example, Howick (2011) used some case stud-
ies of effective pharmaceutical treatments and non-pharmaceutical interventions that
were successfully used in clinical practice despite their mechanisms of action remaining
unknown at the time of their introduction. To defend EP as descriptively adequate
for establishing causality in medicine, Williamson (2019) defended the EBM+ approach
against accusations that some causal claims in medicine have been accepted based on
associational studies only by claiming that those studies, by delivering difference-making
evidence, also indicate that there is a mechanism linking a cause with its putative effect
(see Stegenga 2022 for criticism). This point of view contradicts Illar’s (2011) analysis,
which holds that mechanistic evidence provides evidence for a specific mechanism (Mn)
by indicating which entities, actions, and interactions constitute Mn (see Machamer,
Darden & Craver2000).

This poses the question of whether experiments can provide mechanistic evidence for
behavioral policies. Favereau and Nagatsu (2020a; 2020b; 2025) used examples of devel-
opment policy experiments to argue that economists use lab-in-the-field experiments to
discover causal mechanisms. I respond and argue, using examples, that randomized field
experiments in economics, which instantiate black-box experiments, can provide evid-
ence for specific mechanisms in certain contexts when background knowledge suggests a
few possible mechanisms. Considering the purported similarity between medical RCTs
and randomized field experiments (see Favereau 2016), I also discuss some examples of
clinical trials designed to discriminate between two mechanistic hypotheses.

Additionally, I side with Illari (2011) on the grounds that randomized experiments
may systematically report false-positive results when plagued by questionable research
practices. On this basis, I argue that ‘providing mechanistic evidence’ should be nar-
rowly understood as providing evidence for a specific mechanism, not for any possible
mechanism linking a cause to its effect.

29


mailto:mariusz.maziarz@uj.edu.pl

References

Favereau. (2016). On the analogy between field experiments in economics and clinical
trials in medicine.

Favereau&Nagatsu. (2020b). Holding back from theory: limits and methodological al-
ternatives of randomized field experiments in development economics.

Favereau&Nagatsu. (2025). Field experiments in economics: history and methodology.

Howick. (2011). Exposing the vanities—and a qualified defense—of mechanistic reason-
ing in health care decision making.

lari. (2011). Mechanistic evidence: disambiguating the Russo-Williamson thesis.
Machamer et al. (2000). Thinking about mechanisms.
Maziarz. (2021). Resolving empirical controversies with mechanistic evidence.

Favereau&Nagatsu. (2020a). Two strands of field experiments in economics: A historical-
methodological analysis.

Parkkinen et al. (2018). Evaluating evidence of mechanisms in medicine: principles and
procedures.

Shan& Williamson. (2023). Evidential pluralism in the social sciences.
Stegenga. (2022). Evidence of effectiveness.

Williamson. (2019). Establishing causal claims in medicine.

30



Nothing but Causal Veneer: A Critique of
Gut Microbiome Causation in Anorexia
Nervosa

Jacob P. Neal
Department of Philosophy, University of Oregon
jpneal@oregon.edu

Nicolae Morar
Environmental Studies and Department of Philosophy, University of Oregon
nmorar@uoregon.edu

Recent research into the gut microbiome (GM) has claimed that specific microbial
features are causally implicated in the development and maintenance of mental disorders.
This paper critically evaluates these claims within the context of anorexia nervosa (AN),
analyzing the influential study by Fan and colleagues (2023). While such research is
often framed as a breakthrough in identifying new sites for therapeutic intervention, we
argue that the claims of GM causation are largely unwarranted. Our analysis identifies
the methodological and rhetorical strategies used by the authors to generate this hype
by giving a causal veneer to data that remain fundamentally correlational.

The critique follows the two types of studies conducted by Fan and colleagues (2023).
First, we analyze their use of mediation analysis to link GM features and metabolites
to psychological constructs, such as “drive for thinness.” We argue that the apparent
validity of this analysis rests on the authors cherry-picking specific GM-metabolite cor-
relations for which plausible mechanistic stories already exist in the literature. By high-
lighting a few correlations discovered via mediation analysis that appear plausibly causal,
the authors create a veneer of causation for the remainder of associations, masking the
likelihood that many are potentially spurious.

Within these associational studies, we further identify a shortcoming in the mech-
anistic stories provided. Even the most plausible causal pathways put forward by the
authors, such as those that purport to link GM features to AN psychological constructs
via metabolites affecting satiety, in fact, only connect GM features to physical observ-
ables like BMI or eating behavior. That is, these mechanisms offer no support for a
causal link between the GM features identified and the complex psychological constructs
themselves (e.g., “drive for thinness”).

Second, we examine the fecal mouse transplant (FMT) interventions often cited as the
gold standard for evidence of GM causation (Lynch et al., 2019). In the case of Fan and
colleagues (2023), we argue that these experiments suffer from two major shortcomings.
First, the study fails to track which microbes are successfully grafted into the mouse gut,
and second, the scientists provide no animal model proxies for human mental states and
instead track only BMI. Consequently, although the FMT does validate a connection
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between GM features and weight regulation, it does not substantiate the stronger claim
that the GM features cause the psychological hallmarks of AN.

Ultimately, we conclude that much of the purportedly causal evidence in gut micro-
biome studies of this sort is primarily hype (see also, Bourrat 2018). While GM research
may serve as a useful heuristic in the context of discovery, framing it as discovering
causes of AN is unwarranted.
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Epistemic Value of Patient Testimony
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What should count as evidence in healthcare? This paper addresses this question by
examining ongoing philosophical debates about the nature, scope, and normative struc-
ture of evidence in medicine. While evidence-based medicine (EBM) has significantly
strengthened clinical research standards, its hierarchical model — typically privileging
randomised controlled trials and statistical difference-making — rests on contestable philo-
sophical assumptions about what qualifies as epistemically relevant support.

Recent discussions in the philosophy of science emphasise that no single type of evid-
ence is sufficient to establish medical claims (Goldenberg, 2006; Russo and Williamson,
2007; Canali, 2019; Campaner and Galavotti 2012). Statistical correlations, mechanistic
reasoning, clinical expertise, case-based knowledge, and patient testimony can contribute
to justified belief. However, one form of evidence remains systematically under-theorised
and often marginalised in practice: patients’ first-person reports.

Drawing on accounts of evidence according to which something counts as evidence
if it tends to make belief in a proposition reasonable or justified (Kim, 1988; Conee
and Feldman 2004; Kelly 2006), I argue that first-person reports of pain, bodily change,
treatment effects, and prior clinical experiences frequently satisfy evidential criteria in
medical contexts. Their epistemic status should not be dismissed solely on the grounds
of subjectivity. The routine downgrading of patient testimonies suggests that evidential
hierarchies in healthcare are shaped not only by methodological considerations but also
by background assumptions regarding credibility and authority.

Feminist social epistemology provides tools to analyse these assumptions. Work on
epistemic injustice (Fricker 2007, 2017; Dotson 2011, 2012; Medina 2021; Carel and
Kidd 2014, 2017; Freeman and Stewart, 2018) demonstrates how patients — particularly
women and members of marginalised groups — are frequently undermined in their role as
knowers. When testimonial contributions are trivialised or pre-emptively discredited, the
evidential base of clinical decision-making is narrowed in ways that may reduce epistemic
reliability.

Drawing on qualitative empirical research in oncology and obstetrics (blind, blind),
this study illustrates how evidential standards operate in practice and how patients’
experiential reports are often treated as secondary to formally established research pro-
cedures. These patterns suggest that the problem is not merely one of insufficient data,
but of a restricted conception of what counts as legitimate evidence.

This work argues for a reconstruction of EBM that recognises the epistemic value
of multiple forms of evidence, including patient testimony. Broadening the evidential
landscape in this way is not a departure from scientific rigour, but a refinement of
it. By critically examining the normative assumptions underlying hierarchical evidence
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structures, we can develop a more adequate account of medical evidence — one that is
both epistemically more reliable and ethically more inclusive.
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Mechanistic discarding and target-to-target
extrapolation

Guillermo Marin Penella
University of the Balearic Islands

Losner Briones

UNED

The extrapolation of causal claims plays a central role in regulatory and policy
decision-making, particularly under conditions of epistemic constraints and risk. In
health regulatory science, establishing the efficacy and safety of pharmaceutical inter-
ventions often faces significant obstacles, since ethical and legal restrictions may preclude
direct testing in human populations. To address these limitations, regulatory agencies
routinely integrate extrapolative reasoning, typically mobilising data from source-as-
model populations (A) to inform causal claims about target-of-similarity populations
(B). A paradigmatic case arises in drug development, where evidence from non-human
animal models is extrapolated to initial human cohorts (ICH, 2009; Lemoine, 2017).

Within this domain, Evidential Pluralism holds that evidence of mechanisms can
justify similarity between populations by helping to bridge the inferential gap created by
the inaccessibility of population B and the corresponding lack of correlational evidence in
B (Parkkinen et al., 2018; Shan and Williamson, 2023). Thus far, the pluralistic account
of causal extrapolation has identified four strategies for justifying mechanistic similarity
and two principal contexts of application (Parkkinen and Willianson, 2020; Williamson,
2019). These strategies—enumerative induction, robustness analysis, phylogenetic reas-
oning, and comparative process tracing—primarily aim to establish shared mechanisms,
while the recognised contexts are confined to two stages of pharmaceutical development:
animal-to-human and study-to-target populations. This paper expands the pluralistic
framework along both dimensions.

First, we show that regulatory practice also relies on mechanistic evidence— par-
ticularly evidence of interactions between mechanisms—to rule out causal differences
between population B and population A. We term this new strategy ‘mechanistic dis-
carding. Our central example is the European Medicines Agency’s (EMA) safety ex-
trapolation of the COVID-19 vaccine Vaxzevria for pregnant individuals, a population
excluded from pivotal RCTs. The EMA (n.d.; 2021) judged that maternal immun-
osuppression would not interfere with the causal pathway linking vaccination to safety
outcomes. Given mechanistic knowledge of Vaxzevria as a non-replicating viral-vector
vaccine, the agency considered the interaction with a suppressed immune system unlikely
to generate adverse effects (EMA, 2022).

This case supports a broader implication: pluralistic causal extrapolation may pro-
ceed via a negative route, namely through the eliminative induction of potentially relev-
ant causal differences bearing on cross-population heterogeneity, together with inference
to the best explanation of their causal irrelevance grounded in mechanistic similarity.
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Second, we argue that pluralistic causal extrapolation also operates within phase
IV post-marketing surveillance, where both the source-as-model and target-of-treatment
populations are real-world therapeutic populations. We term this new context ‘target-
to-target extrapolation’ and argue that it differs from the previously recognised contexts
in two fundamental respects. First, in relation to animal-to-human extrapolations, it
shifts the focus towards real-world effectiveness and safety, rather than concentrating on
toxicity thresholds or dose optimisation. Second, concerning study-to-target extrapola-
tions, it usually rests on a hybrid evidential base integrating results from experimental
sources with real-world data drawn from observational infrastructures such as electronic
health records or clinical registries.

We illustrate target-to-target extrapolation through the U.S. Food and Drug Ad-
ministration’s authorisation of Palbociclib for the treatment of male breast cancer via
extrapolation of its safety evidence from female populations (CDER, 2017, 2019; Wedam
et al., 2020). The case shows that Evidential Pluralism can be applied beyond strictly
experimental settings and centrally involve the integration of real-world evidence.
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Economic inequality and health outcomes:
spelling out the causal pathways

Elena Popa
University of Seville

Jay Zameska
University of Southern Denmark

It is relatively uncontroversial that economic inequality has negative effects on health
(Pickett & Wilkinson 2015, Wilkinson & Pickett 2009), yet less has been said regarding
how the two relate. Recent work on population health has highlighted the need to act
on the so-called fundamental causes (Link & Phelan 1995, Valles 2018), many of which
are of an economic nature, but thus far there is no straightforward conceptualization of
causality for these kinds of claims. We argue that spelling out the causal story is not just
a technical concern but is also a normative one (cf. Popa & Zameska 2025). The way
we conceptualize the causal link between inequality and health has direct implications
for justice and priority setting, especially in a global context. Taking a step towards
building such an account, in this paper we look at two ways of conceptualizing the
effects of inequality, connecting them to competing theories of justice (Voigt and Wester
2015) and their implications for action.

Difference-making approaches to causation, such as interventionist or counterfactual
ones, that have been popular in many domains can link patterns of the distribution of
economic resources and health outcomes. This can provide insights for redistribution
policies as economic interventions that also affect health. This approach aligns with a
distributive conception of justice, and conceives of injustice primarily as a problem of
maldistribution: economic inequalities are unjust because they deny individuals a fair
share of the goods necessary to achieve health. It provides normative and evidential
support for policies of economic redistribution by framing them as health interventions.

Secondly, one may choose to look more in-depth at social patterns obtaining in more
economically unequal societies: relations characterized by patterns of domination and
distrust, affective injustice (Gallegos 2021, Thomas et al. 2024), social capital (Szreter &
Woolcock 2004). A more qualitative approach, using mechanistic or dispositional notions
of causality, is better suited for singling out the precise pathways of these social patterns.
This aligns with relational conceptions of justice, which similarly locate injustice in these
patterns of social relations rather than in resource distribution. From this perspective,
the primary injustice is not a distributive problem, but a social hierarchy that leads
to diminished health. This view provides normative and evidential support for policies
that aim to encourage egalitarian social relations, such as promoting particular forms of
interaction (e.g., fostering social support or facilitating access to public services).

This paper shows how different causal models of health inequality support different
normative arguments for policy action. Causal claims based on resource distribution
provide evidence for interventions justified by distributive justice. In contrast, causal
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claims based on social hierarchies provide evidence for interventions justified by relational
justice. Distinguishing between these causal and normative arguments is a necessary step
to clarify policy debates on health equity. This approach demonstrates that a precise
account of causation is necessary for a precise account of justice, which can then inform
priority setting (Goldberg 2022).

References

Gallegos, F. (2021). Affective injustice and fundamental affective goods.

Goldberg, D. (2022). Fundamental Cause Theory. In The Routledge Handbook of
Philosophy of Public Health. Taylor & Francis, pp. 85-97.

Link, B. G., & Phelan, J. (1995). Social conditions as fundamental causes of disease.
Journal of health and social behavior, 80-94.

Pickett, K. E., & Wilkinson, R. G. (2015). Income inequality and health: a causal review.
Social science & medicine, 128, 316-326.

Popa, E., & Zameska, J. (2025). Causal pluralism and public health ethics trade-offs: a
toolkit for acting on social determinants of health. Philosophy Compass, 20(11), e70064.

Szreter, S., & Woolcock, M. (2004). Health by association? Social capital, social theory,
and the political economy of public health. International journal of epidemiology, 33(4),
650-667.

Thomas, A., Archer, A.; & Engelen, B. (2024). Extravagance and misery: the emotional
regime of market societies. Oxford University Press.

Valles, S. (2018). Philosophy of population health: Philosophy for a new public health
era. Routledge.

Voigt, K., & Wester, G. (2015). Relational equality and health. Social Philosophy and
Policy, 31(2), 204-229.

Wilkinson, R.G., and Pickett, K. (2009) The spirit level: Why more equal societies
almost always do better. Vol. 6. London: Allen Lane.

40



Reframing causal modelling using
observational data: from actionability to
evidence

Stella Prizeman-Green
Usher Institute, University of Edinburgh

While statistical methods for gaining causal knowledge from observational data (re-
ferred to here as “causal models”) have gained popularity in the healthcare setting, they
are not yet mainstream, with many journals still restricting the use of causal language
for observational studies [1]. This stance as an outsider methodology has precipitated an
environment in which causal models must be “sold” to broader audiences in the clinical
literature, typically via their proposed benefits over other popular methodologies. For
example: causal models provide a practical alternative when a randomised trial is not
possible (e.g. [2]), or causal models provide a more “actionable” alternative to predictive
models (e.g. [3]). T argue that this latter point risks replicating mistakes made in the pro-
motion of Al-based clinical decision support tools, obscuring genuine benefits of causal
models as well as their limitations. I propose that framing causal models as a source of
evidence better characterises their epistemic contribution and enables productive critical
reflection on their limitations. This work is informed by my positionality as an applied
data science researcher with a background in philosophy, and I employ examples from
my own data science practice in the critical care setting to motivate my arguments.

The argument from actionability is typically posed as: predictive models forecast out-
comes, but they do not provide any information on how that outcome might be changed.
By contrast, since causal models explicitly compare counterfactual outcomes given an
intervention, they provide actionable insight into how clinicians might change an out-
come, thus helping them to make “better decisions” [4]. However, I make the case that
given minimal assumptions about what constitutes a “better decision” in healthcare, it
is unclear that causal models actually deliver this. Clinical decision-making is human,
ethical and complex, requiring the reconciliation of different kinds of knowledge (e.g. pa-
tient preference, clinical experience, scientific evidence) as well as tools for reasoning
under the uncertainty which is a daily reality in clinical practice [5]. Using examples
from the clinical literature on causal methods (e.g. [6]) and my own data science practice,
I argue that the scope of causal models’ contribution to delivering “better decisions” is
much more limited than the argument from actionability implies. However, this does
not obviate their value: I contend that aiming for actionability risks replicating the vari-
ous ethical and implementation challenges associated with the pursuit of autonomy in
Al-based clinical decision support tools [7, 8].

Instead, I propose that framing causal models as a source of evidence better char-
acterises both their benefits and limitations. When viewed as one potential source of
evidence, to be synthesised with other forms of knowledge and methods for handling un-
certainty, causal models’ contribution to the clinical decision-making pathway is clarified.

41



This highlights the limits of their contribution to “better decisions” and re-emphasises
clinicians’ epistemological responsibility [9]. It also better situates causal models within
broader frameworks of triangulation of evidence and causal pluralism, which I argue
carries ethical and pragmatic benefits.
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Circularity and reification in HiTOP: the
problem of causal independence

Rosa Rooduijn
Rijksuniversiteit Groningen

Recently, there has been a proliferation of “data-driven” approaches in psychiatry.
One of them is the Hierarchical Taxonomy of Psychopathology (HiITOP). HITOP presents
itself as a “purely empirical” alternative to the currently dominant taxonomic system
of the Diagnostic and Statistical Manual of Mental Disorder (DSM). An often-voiced
criticism to the DSM is that it fosters the reification of its diagnostic categories. One
form of reification cited is the invocation of DSM diagnostic categories as causes of
their symptoms. In this paper, I argue that the HITOP framework repeats this form of
causal reification. More broadly, the analysis highlights a recurring risk in data-driven
medicine: the appearance of purely empirical discovery can obscure rather than resolve
foundational problems of causal interpretation.

First, I set out the conceptual relation between reification, causal claims, and the
requirement of independence between cause and effect. Drawing on interventionist and
difference-making accounts of causation, I argue that invoking abstract constructs in
causal claims is not inherently illegitimate. Problems arise, however, when there is no
adequate independence between cause and effect. In the paper, I make a distinction
between conceptual independence and epistemic independence. Without conceptual in-
dependence between cause and effect, causal claims are circular. Without epistemic
independence, there is no circularity in a strict sense, but it does render causal claims
uninformative. I argue that the interpretation of DSM’s diagnostic categories as causally
responsibly for their symptoms does not fulfil the requirement of conceptual independ-
ence between cause and effect. Since the diagnostic categories refer to operationalized
sets of symptom-based criteria, causal interpretations are circular.

Then, I argue that the HITOP framework runs into the same causal circularity. In
HiTOP, higher-order latent factors are extracted from the covariation of psychopatho-
logy symptoms. Although HiTOP presents its higher-order factors as descriptive sum-
maries of symptom covariation, the reliance on reflective factor models strongly invites
a causal interpretation. Furthermore, I show how the HiTOP literature routinely em-
beds these factors in etiological and entity-like language, portraying them as drivers of
illness course and potential treatment targets. I show, however, that the latent factors
extracted from the symptom covariation in HiTOP are exhaustively constructed from
the very symptoms they are supposed to cause. Hence, causal interpretations violate the
condition of independence between cause and effect. Generally, the violation concerns
conceptual independence, because the latent factors are not defined independently of
the symptoms they are purported to cause. In some instances, attempts are made to
attach some substantial meaning to the latent factors beyond the symptom covariation,
but in those cases a violation of epistemic independence remains. These violations of
causal independence are obscured by their embedding in statistical techniques and their
presentation as empirical findings.
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I conclude that HiITOP does not eliminate the theoretical commitments it aims to
transcend but instead renders them less visible. Compared with the DSM, whose reifica-
tion can be traced to a medical framework, HiITOP’s reification is more insidious because
it is mediated by ostensibly neutral statistical techniques.
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Distinct Social Epistemological Structures
of Causal Inference in Clinical and Basic

Medical Research

Tatsuyuki Sato
Hokkaido University

Clinical medical research and basic biomedical research are two pillars of medical
science. Clinical research typically investigates the efficacy of interventions in patients,
while basic research investigates the mechanisms of those effects. Although this division
is familiar in practice and has been articulated in discussions of evidential and meth-
odological pluralism, there has been little investigation from the perspective of social
epistemology. Here, I argue that the two research fields differ not merely in subject mat-
ter but also in the location of the core inferential step within the social epistemological
structure.

Clinical research, most typically randomized controlled trials, aims to establish stat-
istical associations between exposures and outcomes. A typical study reports the num-
ber of participants, the number of outcomes, and statistical measures such as effect
sizes and p-values, but refrains from making general claims, such as “drug D is effect-
ive for condition C.” The inferential step from data to generalized claims and clinical
recommendations is intentionally deferred to collectives such as guideline committees, a
structure I refer to as an outsourcing of inference. Individual researchers are responsible
for producing high-quality statistical evidence, while general causal claims are proposed
by collective bodies in the form of guidelines and statements.

Basic research investigates mechanisms of disease and physiological processes. It
aims to understand mechanisms by integrating multiple experiments and constructing
models of underlying biological processes, such as “molecule X phosphorylates molecule
Y, thereby improving cardiac function.” In basic research, individual researchers not only
report the data as it is, but also propose these mechanistic models in individual papers.
This means that the crucial inferential work involving model construction and causal
interpretation occurs at the level of individual researchers. The community serves as a
safeguard to assess whether the inferences made by individual researchers are plausible,
but it does not itself introduce causal interpretations. Theoretical commitments are
introduced at the individual level rather than the collective level.

In philosophy of science, there have been extensive discussions of evidential plural-
ism for causality, primarily focusing on the balance between statistical and mechanistic
evidence. My account adds a novel layer of argument to the issue from the perspective
of social epistemology, showing that the two types of evidence are not only different in
their subject matter but also in the social structures in which they are produced.

This account has practical implications for efforts to improve scientific practice.
Preregistration has become the norm in clinical research, and there is now a movement
to extend it to basic biomedical research to address the reproducibility crisis. However,
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these efforts have not advanced as much as expected. The argument proposed here may
suggest that preregistration is well-suited to clinical research, where individual research-
ers can focus on reporting what was done and what was observed, but notsuitable for
basic research, where data curation and inference proceed in an entangled manner within
individual researchers. Improving medical science, therefore, may require moving bey-
ond a one-size-fits-all approach and instead tailoring strategies depending on the social
epistemological structures of the target type of research.
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From population evidence to individual
causal inference: evidential pluralism and
the epistemology of N-of-1 medicine

Laura Senis Villacé
University of Valencia

Evidence-based medicine (EBM) has traditionally relied on causal inferences derived
from randomized controlled trials (RCTs) and other population-level statistical studies.
While this approach has been enormously successful for evaluating average treatment
effects, it raises a persistent epistemological challenge: how can causal claims justified
at the population level be legitimately applied to individual patients? This problem
has become increasingly pressing with the rise of precision and N-of-1 medicine, where
clinical decisions are guided by detailed individual data streams (e.g., wearable devices,
continuous glucose monitoring, or digital phenotyping) and where treatment effects may
vary substantially across patients (Schork, 2015; Natesan et al. 2023; Hawksworth et
al. 2024).

This paper examines the philosophical implications of this shift for causal inference in
the health sciences. I argue that the epistemology underlying traditional EBM—centered
on difference-making evidence from RCTs—faces limitations when applied to individual-
level clinical reasoning. In N-of-1 contexts, clinicians increasingly rely on heterogeneous
forms of evidence, including longitudinal intra-individual data, mechanistic knowledge
about disease pathways, and population-level probabilistic information. This situation
raises the question of how these distinct evidential sources can jointly support causal
claims about what works for a particular patient.

Building on the framework of evidential pluralism developed by Russo and Willi-
amson (2007) and further elaborated in philosophy of medicine (Clarke et al. 2014),
I propose that N-of-1 medicine provides a compelling case study for extending plural-
istic accounts of causal evidence to the level of individual inference. In particular, I
suggest that causal reasoning in such contexts integrates three epistemic components:
(1) population-level probabilistic evidence about average treatment effects, (2) mechan-
istic evidence concerning biological pathways relevant to the individual patient, and (3)
temporally structured intra-individual data that track changes before and after inter-
ventions. Rather than treating these evidential sources as hierarchically ordered—as in
standard EBM hierarchies—they should be understood as complementary components
of a pluralistic causal framework.

To illustrate this argument, I discuss emerging clinical practices involving continuous
health monitoring technologies, such as wearable sensors and digital biomarkers, which
enable repeated within-person observations and adaptive treatment adjustments. These
practices effectively generate individualized experimental settings that blur the boundary
between clinical care and experimentation.
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The paper contributes to recent debates in philosophy of medicine concerning the
limits of population-based inference (Cartwright 2012; Stegenga 2018) and the role of
mechanisms in causal reasoning (Illari and Williamson 2012). By focusing on N-of-1
medicine, it highlights a domain where pluralistic approaches to causal evidence are
not merely philosophically attractive but practically necessary. More broadly, the ana-
lysis suggests that contemporary developments in personalized and digital medicine may
require rethinking the epistemic foundations of causal inference in the health sciences.
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Cognitive neuroscience has thus far not identified common causal mechanisms that
account for the DSM’s symptom profiles. In parallel, many contemporary data-driven
models in psychiatry improve prediction and may support clinical control (e.g., fore-
casting relapse risk or informing treatment selection), yet they rarely deliver what the
medical model demands from causal explanation: validation of an underlying disease
entity. This motivates a central question for causal inference in psychiatry: if DSM-
classified disorders cannot be substantiated as brain diseases with shared mechanisms,
what would count as a causal understanding of psychopathology?

A prominent alternative rejects the assumption that people with the same diagnosis
share one common cause or causal structure. Instead, mental disorders may be bet-
ter understood as “complex, mutually reinforcing networks of causal mechanisms,” i.e.,
higher-order disturbances in multi-level systems (Kendler, 2012). This idea has been
most thoroughly developed in the network approach to psychopathology (Borsboom,
2008; Borsboom et al., 2019; Borsboom & Cramer, 2013; Fried & Cramer, 2017). On
this view, disorders are not latent entities that cause symptoms; rather, disorders are
constituted by patterns of spreading activation among symptoms themselves. Crucially,
the network approach aims to provide causal explanations without appealing to a single
underlying mechanism or common cause (Kalis & Borsboom, 2020).

In this talk I assesses whether network theory can be a genuine explanatory altern-
ative to the medical common-cause model. I interpret Borsboom’s proposal as a form
of topological explanation: an explanation that abstracts from lower-level details and
instead explains system behaviour by appeal to global connectivity patterns. However,
whether topological models genuinely explain, rather than merely redescribe, remains
contested. Mechanistic “ontic” approaches argue that network explanations require
nodes and edges to correspond to the right kinds of causal components and relations
(Craver, 2016; Craver & Povich, 2017), whereas autonomist accounts defend the possib-
ility of explanatory topology without reduction to lower-level mechanisms, provided the
model supports appropriate counterfactual reasoning (Kostic, 2025; Kostic & Khalifa,
2023).

I argue that the network approach faces two pressing challenges. First, node se-
lection: DSM symptoms are pragmatically convenient but unlikely to be the correct
causal building blocks, risking omission of relevant behavioural, social, physiological,
and digital-phenotype variables. Second, circularity: if symptoms both define the dis-
order and serve as its explanans, the target of explanation must be redescribed as dy-
namic behaviour (onset, maintenance, tipping, relapse) rather than diagnostic category
membership. I conclude that, when networks are developed to support contrastive, coun-
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terfactual dependencies, exemplified by vulnerability hypotheses linking connectivity to
tipping and hysteresis, topological properties can function as difference-makers. On
a permissive mechanistic reading, symptom networks can therefore contribute genuine
causal explanations in psychiatry without relying on a single common cause.
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Causal Inference Beyond Evidence-Based
Medicine: A Bayesian Appraisal of
Mechanistic Plausibility

Ethan Vorster
TUSS Pavia

Despite longstanding criticisms, EBM remains the dominant framework for evaluat-
ing causal claims in healthcare. It privileges population-level statistical evidence from
randomised controlled trials (RCTs) and meta-analyses while downgrading mechanistic
evidence and pathophysiological reasoning. Although this hierarchy has proven effective
in the context of pharmaceutical interventions, it struggles when applied to interventions
whose therapeutic effects are delivered through complex engineered systems rather than
biochemical agents. I call this class of interventions machine-based medicine (MBM).
MBM includes, but is not limited to, extracorporeal membrane oxygenation, ventila-
tion, dialysis, MRI-guided focused ultrasound, X-ray therapy and particle-beam therapy
(PBT). What unifies these technologies is a distinctive evidential profile: typically, they
are supported by a strong biophysical rationale and robust mechanistic evidence groun-
ded in physics, engineering, and physiology, yet they often lack the high-level RCT
evidence privileged by EBM. This deficit is not due to the epistemic irrelevance of RCTs
but to ethical, logistical, and financial constraints that make large-scale, high-quality
RCTs difficult or impractical. As a result, MBM interventions often have high causal
plausibility with constrained statistical evidence—an evidential profile that fits poorly
within EBM’s hierarchy. Using PBT as a paradigmatic case study within MBM, I ex-
amine this tension in detail. PBT exploits the Bragg Peak to deliver highly conformal
doses of radiation to tumours while sparing surrounding healthy tissue. The biophysical
rationale is straightforward: reduced irradiation of healthy tissue should lower the risk
of long-term complications and improve quality of life compared to conventional X-ray
therapy. This rationale is supported by radiobiological studies, dosimetric-biological
correlations, imaging data, biomarker research, and probabilistic modelling, forming
a compelling—though heterogeneous—mechanistic picture. Despite this strong causal
plausibility, the statistical evidence for PBT remains uneven. For many rare and pae-
diatric cancers, outcomes show clear reductions in adverse effects, whereas evidence for
common adult cancers is often inconclusive. High-quality RCTs remain scarce due to
problems of equipoise, patient preferences, long follow-up periods, technological obsoles-
cence, geographical scarcity of treatment centres, and the difficulty of designing trials
that test for lack of adverse effects. Consequently, PBT is often described as “lacking
evidence,” however, a more accurate characterisation is that it exhibits a heterogeneous
evidential profile. To address this challenge, I evaluate three frameworks: EBM, EBM+-,
and Bayesianism. EBM is limited by its evidential monism and undervaluation of mech-
anistic reasoning and, therefore, is unable to effectively evaluate a treatment like PBT.
EBM+, inspired by the Russo-Williamson Thesis, recognises the need for both mechan-
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istic and statistical evidence but lacks procedural clarity for integrating them. I argue
that a Bayesian framework offers a superior solution. By allowing mechanistic evidence
to inform priors and statistical evidence to update beliefs via likelihoods, Bayesianism
provides a principled and transparent method for integrating diverse evidence under un-
certainty. It thereby offers a more coherent foundation for causal inference in MBM and a
more appropriate evidential standard for regulators and insurers evaluating technologies
such as PBT.
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A Significance Test for Causal Inference
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Graphical causal models have become very powerful tools for causation-related de-
bates. It is usually assumed that causes are distinct from their effects (Lewis 2000,
p. 78). In order to avoid possible conceptual problems and unwanted consequences,
typical causal models do not feature non-causal relations such as constitution or super-
venience. Kim (2000, 2005), for example, argued for the controversial view that mental
causation is excluded in the presence of supervenience and physical causation. Mixing
variables at different levels in one model also triggers confusion about what counts as an
intervention or manipulation (e.g., Baumgartner and Gebharter 2016, Woodward 2015,
Baumgartner 2018).

Despite these problems arising from allowing non-causal dependencies in causal mod-
els, both the scientific and the philosophical communities see a need for representing
systems featuring not only causal, but also other relationships. For example, Ander-
sen (2024) pointed out that in fields like biomedical physiology, it is disproportionately
likely that different groups will simultaneously study overlapping but non-identical parts
of the same phenomenon (i.e., the kidney both at fine and coarse scales). In philosophy
of science, both the debate on mental causation (e.g., Kroedel 2024) and that on inter-
level causation in mechanistic explanation (e.g., Kistler 2009, Craver et.al. 2021) are
committed to accounting for causation at different levels in one way or another.

In this paper, we do not take sides in ontological debates about whether higher- or
inter-level causation exists or how one should account for it. Given the need for a model
that incorporates causality at different levels, we develop an account aimed at aiding
scientific practice rather than deciding a metaphysical debate.

Our account takes inspiration from Craver et al’s (2021) comment that constitution
relationships are best understood as a constraint. We build models that represent con-
stitutive relevance relations as synchronization conditions between different levels, and
treat causal connections as relations among variables within particular levels that are
constrained by synchronization relations. We argue that this constraint fits scientific
practice by only restricting the range of certain variables given information about the
variables at other levels.

We demonstrate several merits of the account. Firstly, inter-level inference under
observation works smoothly. Secondly, the account allows for computing the effects of
interventions not only within, but also across levels of organization. In our models,
higher-level interventions largely preserve the underlying lower-level causal structure,
which closely reflects scientific practice in biology and medicine. Thirdly, the account
faithfully represents and explains the process (i.e., experiments) by which scientists infer
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constitutive relevance. It also provides a formal representation of Craver’s improved
version of the Mutual Manipulability criterion. Finally, the account can in principle be
generalized for any type of synchronization among models, making it flexible enough to
formally engage other non-causal dependencies such as statistical correlations, physical
laws, etc. into causal models. This provides a way to study causation more realistically.
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