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When measurement instruments learn

● Classical instruments

– Fixed physically motivated mappings

– Separation of measurement vs. inference/interpretation

– Human-centered epistemic responsibility

● Learned (AI-based) instruments

– Non-unique calibration (model fitting)

– Measurement and inference often inseparable

– Delegation of responsibility

Image: https://commons.wikimedia.org/wiki/File:Thermometer_Celcius.svg



  



  

Intuition

● We need stability across admissible realizations
● What is an admissible realization?

– Reasonable parameter settings

– Reasonable accuracy

– Variants that ML practitioners would reasonably consider
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Formalizing learned measurement functions

● Standard supervised learning

– Accuracy (gen.), calibration, robustness
● Measurement stability

m1(o1,c1|z) ≈ m2(o2,c2|z), 

m model, o observations, c contexts, z ground truth target
● Robustness  

m(o) ≈ m(o + d),

d perturbation/noise
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Empirical evidence
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Regression, different regularization

Very unstable, 
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Implications for modelling

● The evaluative question shifts

– from “Does this predict well?”

– to “Do admissible realisations agree on what is being 
measured?”

● Accuracy, calibration and robustness are necessary but not sufficient

● Measurement stability is relative



  

Challenges

● Which realizations are admissible?
● Which models are independent?
● Consensus ensemble?



  

Epistemic risks and responsibilities

● Users do not know modeling assumptions

● Tool makers and users may have misaligned incentives and expertise

– Especially in interdisciplinary settings
● Lack of portability/reproducibility across labs

● Who is responsible for the conclusions?



  



  



  



  

Computational methods 
for science, 
special focus on evolving data

Scientific data and 
open science

Teaching focus: 
Trustworthy ML
Interdisciplinary data science

GROUP

Group leader: Indrė Žliobaitė, Professor 
indre.zliobaite@helsinki.fi

Complex systems
change processes 
in nature and society

Main collaborating institutions

Research funding 


