Scientific Inference and Experimental Reasoning - INF-013

From Observation to a Justified Claim: Synthesis of
Scientific Inference and Experimental Reasoning

Juan Segurola

3Dresyns by Resyner Technologies S.L.
© 2026 Juan Segurola. All Rights Reserved.
Correspondence: info@3Dresyns.com - www.3Dresyns.com

INF-013 - Scientific Inference and Experimental Reasoning - Version v0.2

Abstract

Scientific inference is not a single calculation performed after data collection. It is a controlled chain of commitments linking
a stated claim to observations, assumptions, alternative explanations, tests, uncertainty and the target to which the
conclusion is meant to apply. This synthesis integrates the ownership developed across INF-001 through INF-012 into one
auditable reasoning sequence. The sequence begins by defining the claim and target, then asks how the data were
generated and selected, what causal or mechanistic structure is assumed, which rival explanations remain compatible with
the observations, how strongly the observed result discriminates among them, what prior knowledge legitimately constrains
interpretation, which tests would expose error, how structural and parametric uncertainty are separated, whether
conclusions survive defensible analytical variation, whether convergent evidence is genuinely independent in its failure
modes, and whether the final conclusion can be transported beyond the conditions studied. The endpoint is not certainty. It
is a claim whose scope, evidential basis, unresolved alternatives and residual uncertainty are explicit enough to be
inspected and challenged.
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1. Inference is a chain, not an output

A numerical result can be correct while the scientific conclusion attached to it is unjustified. A precise estimate may answer
the wrong question; an association may not identify a causal effect [1,2]; a fitted model may not be unique; a stable result
may depend on unreported analytical choices; and an internally valid result may not apply to the intended target. INF
therefore treats inference as a chain in which each link has its own failure conditions. The canonical order is not
bureaucratic. It prevents later statistical or modelling sophistication from repairing an earlier ambiguity about what was
actually claimed.

2. Start with the claim and the target

INF-001 owns the first discipline: descriptive, causal, mechanistic and predictive claims are different objects and require
different evidence. Prediction can succeed without identifying a causal mechanism, and causal explanation cannot be
inferred from predictive accuracy alone [4]. A defensible workflow therefore states the claim before selecting the evidence
used to support it. It also states the target: the population, system, material state, intervention, boundary conditions, scale
and time horizon to which the conclusion is intended to apply. Without a target, neither internal relevance nor later
generalisation can be assessed.

3. Reconstruct how the observed data reached the analysis

Before interpreting an association, INF-002 and INF-003 require a structural account of data generation and selection.
Confounders, mediators and colliders occupy different causal roles; conditioning on them can remove bias, block part of the
effect of interest or create bias depending on the structure and estimand [1,2,5]. Selection and missingness add a second
filter: the analysed observations may be a non-random subset of the states that could have been observed. The relevant
question is not merely whether data are missing, but whether entry into the analysed set depends on variables connected
to exposure, outcome or their common causes [5,6]. Measurement error can further distort effect estimates within this
structure rather than simply adding symmetric noise [7].

4. Make rival explanations explicit

INF-004 separates observing a pattern from identifying the process that generated it. When several models, mechanisms
or causal structures predict the same observations, the evidence is underdetermining. Structural identifiability asks whether
the stated model and design determine the quantity or structure of interest uniquely from the observable distribution, even
with unlimited data. Practical identifiability asks whether the finite data actually available constrain it usefully [8]. Auxiliary
assumptions belong inside this comparison rather than outside it: calibration, boundary conditions, nuisance processes and
model forms can rescue or defeat an apparent explanation. A justified claim therefore records what has been excluded,
what remains viable and what evidence would discriminate among the remaining explanations.

5. Evidence strength is comparative

INF-005 and INF-006 distinguish the existence of a result from the amount by which it should alter a belief or preference
among explanations. A p value is not the probability that a hypothesis is true, nor is it a direct measure of the size or
practical importance of an effect [9]. Likelihood ratios and Bayes factors make the comparative character of evidence
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explicit by asking how well observations are predicted under competing accounts [10,11]. Prior knowledge can legitimately
constrain inference when it is explicit, relevant and open to challenge; it becomes a hidden source of bias when
assumptions enter informally after the result is known. Base rates matter because the same evidential increment can lead
to different posterior conclusions when starting plausibilities differ [11,12].

6. Prefer tests that could have exposed the explanation as wrong

INF-007 turns rival explanations into experimental leverage. A useful experiment is not merely one that produces another
measurement; it produces outcomes that differ among the explanations being compared. Strong inference and severe
testing share this discipline: design the test around errors or alternatives that the procedure has a real chance to reveal
[3,13]. Failure to reject an explanation after an insensitive test is weak evidence. Conversely, an intervention that changes
the predicted discriminator and the downstream outcome can strengthen causal attribution, provided the intervention does
not simultaneously alter uncontrolled pathways. Operational falsification is therefore local and test-specific rather than a
universal declaration that a theory has been permanently disproved.

7. Separate uncertainty in values from uncertainty in structure

INF-008 distinguishes parametric uncertainty within an accepted model from structural uncertainty about the model itself.
Narrow confidence or posterior intervals cannot express uncertainty created by an omitted mechanism, wrong functional
form, incorrect boundary condition or non-identifiable structure. Model calibration may also conflate parameter uncertainty
with model discrepancy if the latter is not represented [14]. Sensitivity analysis is informative only when it varies the
assumptions that matter for the conclusion; it cannot substitute for considering alternative structures that were never
included [15].

8. Ask whether the conclusion survives defensible analytical variation

INF-009 and INF-010 address two different problems. Robustness analysis deliberately varies plausible assumptions,
model forms or specifications and asks which conclusions survive. Specification-curve and multiverse approaches make
this dependence visible when many defensible analyses exist [16,17]. Analytic multiplicity is a different risk, created when
data exclusions, stopping rules, outcomes, covariates, transformations or models are selected after seeing results.
Undisclosed flexibility can greatly inflate the chance of presenting a favourable result as if it were uniquely determined by
the data [18]. Preregistration can constrain some forms of this flexibility [19], but it does not make a poor design informative
or eliminate the need for sensitivity analysis.

9. Integrate evidence by independence of weaknesses, not by counting studies

INF-011 treats triangulation as structured convergence. Several measurements are most informative when their biases,
assumptions and failure modes differ. Agreement among methods that share the same unrecognised bias can create false
reassurance, while disagreement among methods can reveal which assumption needs examination. Triangulation therefore
asks whether independent routes constrain the same claim from different directions, not how many publications report a
similar answer [20,21]. Evidence integration remains claim-specific: measurements supporting prediction, mechanism and
causality are not interchangeable merely because they concern the same system.

10. Generalisation is another inference

INF-012 closes the chain by separating validity in the studied conditions from applicability to a target. Generalisation and
transportability require explicit assumptions about effect modification, support and which relationships remain stable
between study and target [22,23]. Reweighting or modelling can bridge distributions only where the necessary variables are
measured and the target lies within adequate support. Extrapolation into unrepresented states depends increasingly on
structural assumptions. In physical and engineering systems the same logic applies to scale, geometry, process history,
equipment state and environment: procedural replication alone does not establish that the same effect or mechanism
governs the new target.

11. A minimum record for a justified scientific claim

e  State the claim type and the target to which it applies.

. Describe how observations were generated, measured, selected and excluded.

e Make the causal or mechanistic structure needed by the claim explicit.

e List credible rival explanations and identify what remains non-identifiable.

e  State what the observed result contributes relative to those alternatives and to relevant prior knowledge.

e |dentify a discriminating or severe test and specify which error it is capable of revealing.

e  Separate parametric uncertainty from structural uncertainty and model discrepancy.

e  Test whether the conclusion survives defensible assumptions and analytical specifications.

¢ Integrate additional evidence by considering independence of biases and failure modes.

e Justify any transfer from studied conditions to the target and mark extrapolation explicitly.

e Report the strongest conclusion supported by the evidence, together with unresolved alternatives and residual
uncertainty.

12. Stopping rule: justified does not mean final

A scientific conclusion is justified to the extent that it is stated no more strongly than the evidence discriminates it from the
relevant alternatives within the declared scope and assumptions, and to the extent that the principal routes by which it
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could be artefactual have been made explicit and tested by procedures capable of revealing them. Where the available
methods lack that capability, the claim is narrowed accordingly rather than declared justified. This standard does not
require certainty and does not imply permanence. New evidence can alter the causal structure, expose selection, reveal a
previously unmodelled mechanism, change the evidential balance or show that the result does not transport. The correct
stopping rule is therefore evidential rather than rhetorical: stop at the strongest claim the present evidence can carry, not at
the most complete story that can be written.

13. Synthesis

The INF architecture converts experimental reasoning into an inspectable sequence. INF-001 defines the claim; INF-002
and INF-003 establish structural and selection conditions; INF-004 decides which rival explanations remain live; INF-005
and INF-006 discipline evidential updating; INF-007 demands tests capable of discrimination; INF-008 separates kinds of
uncertainty; INF-009 and INF-010 expose dependence on analytical choices; INF-011 integrates complementary evidence;
and INF-012 defines the conditions for transfer to a target. The series therefore ends where a scientific paper or technical
decision should begin its conclusion: with a claim whose meaning, evidence, assumptions, alternatives, uncertainty and
domain of validity are all visible. The value of the framework is not that it removes judgement, but that it makes the scientific
grounds for that judgement traceable.
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Data and materials statement

No new experimental dataset was generated for this article. The article is a methodological synthesis based on the cited
literature and on the frozen ownership architecture of INF-001 through INF-012.
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