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Bias
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Figure 1.4: Stain t ransfer obtained with CycleGAN models. The first row contains real patches from each

staining. second row represents the t ranslat ionsof a PASpatch to the target staining. The last row represents

t ranslat ion of real target patches to the PAS staining

stain B . Choice of a loss funct ion and training procedure prevents that model collapses into a t ranslat ing

to one image in stain B . Moreover, cycle-consistency term force reversibility of t ranslat ion processes which

impose addit ional const raints to the generator. More specifically, cycle-consistency requires that the opposite

generator GB A is able to reconst ruct exact ly the same imageas the input to GAB (pixel-spacedistance). This

impose indirect limitat ion to a t ranslat ion process since the opposite generator also has as the only input a

t ranslated image from stain A, based on which it needs to recover original image accurately. Thus, it would

be easier for both generators to keep as much common informat ion as possible (e.g. overall st ructure) then

to perform more complicated t ranslat ions, which would be needed to be reversed by the opposite generator.

During cycle-consistency t raining steps, generators are const raint to one to one mapping, since the model is

forced to reconstruct exact ly a given input image, which serves in a way as a ground t ruth. Although there

could be many more possible t ranslat ion in this direct ion, model is forced to deduce exact ly specific one.

To explain this behaviour more clearly, lets take as an example a translat ion between PAS and CD68

staining, see Figure 1.5. To remind, CD68 marks a protein exclusively produced by macrophages while PAS

as a more general staining, can only highlight some parts of macrophages (co-located but not overlapping

with CD68). When perform t ranslat ion from PAS to CD68, generator GP A S− CD 68 should produce some

macrophages since their absence can be used as an indicator of a fake image in discriminator DCD 68. Since

PAS stain does not contain informat ion specifically related to macrophages, model is free to invent them.

Thus, there are mult iple possible t ranslat ions to CD68 and all of them can differ in terms of the appearance

of macrophages. Taking a patch from CD68 which contains macrophages at specific posit ions, GCD 68− P A S
can ignores macrophages as their appearance is not related to a PAS staining. However, cycle-consistency

enforces that reconstruct ion of this patch performed by GP A S− CD 68 recovers exact ly original patch, meaning

that it requiresmacrophages on the sameposit ions as in the original patch. That way, generator GP A S− CD 68
is forced to one-to-one mapping. Similarly holds in the opposite direct ion and GCD 68− P A S is also forced to

one-to-one mapping.

Medical Imaging
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• Ground truth bias
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Data has always been constructed



Reflecting on the 

“construction” of data 

rather than the “collection” 

of data - i.e. the mushroom 

picking approach to 

qualitative research.

Alvesson, M., & Sandberg, J. (2018). 

Metaphorizing the research process. The Sage 

handbook of qualitative business and management 

research methods: Methods and challenges, 2, 

486-505.





What is the synthetic data ‘threshhold’?
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What’s new here?
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TRADITIONAL AI VS GENERATIVE AI
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TRADITIONAL AI VS GENERATIVE AI



3 different forms of synthetic data in 
Qualitative Research



1. Legitimate and declared → e.g. illustrative vignettes

2. Fraudulent and covert → e.g. fabricated interviews, deep fakes

3. Intertwinement → merging of human and AI outputs
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1. LEGITIMATE AND DECLARED
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2. FRAUDULANT AND COVERT









3. INTERTWINEMENT

(Retkowsky, Hafermalz, and Huysman, 2024)
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