
HAL Id: hal-04551319
https://hal.science/hal-04551319v1

Submitted on 4 Sep 2024

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépôt et à la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche français ou étrangers, des laboratoires
publics ou privés.

Discovering the unknown unknowns of research
cartography with high-throughput natural description

Tanay Katiyar, Jean-François Bonnefon, Samuel Mehr, Manvir Singh

To cite this version:
Tanay Katiyar, Jean-François Bonnefon, Samuel Mehr, Manvir Singh. Discovering the unknown
unknowns of research cartography with high-throughput natural description. Behavioral and Brain
Sciences, 2024, 47, pp.e50. �10.1017/S0140525X23002170�. �hal-04551319�

https://hal.science/hal-04551319v1
https://hal.archives-ouvertes.fr


Commentary for Almaatouq et al.: "Beyond Playing 20 Questions with Nature: Integrative
Experiment Design in the Social and Behavioral Sciences"

Word Count:

● Abstract: 56 words
● Main text: 937 words
● References: 429 words
● Entire text (whole document): 1553 words

Commentary title: Discovering the unknown unknowns of research cartography with
high-throughput natural description

Author Names:

Tanay Katiyar, Institut Jean Nicod, Département d’études cognitives, École normale supérieure
(ENS-PSL), tanay.katiyar20@gmail.com

Jean-François Bonnefon, Toulouse School of Economics, Centre National de la Recherche
Scientifique (TSM-R). jean-francois.bonnefon@tse-fr.eu // https://jfbonnefon.github.io

Samuel A. Mehr, School of Psychology, University of Auckland and Yale Child Study Center,
Yale University. sam@yale.edu // https://mehr.nz

Manvir Singh, Institute for Advanced Study in Toulouse, manvir.manvir@gmail.com //
https://manvir.org

Abstract:

To succeed, we posit that research cartography will require high-throughput natural description
to identify unknown unknowns in a particular design space. High-throughput natural description,
the systematic collection and annotation of representative corpora of real-world stimuli, faces
logistical challenges, but these can be overcome by solutions that are deployed in the later
stages of integrative experimental design.

Main text:

The integrative approach advocated by Almaatouq and coauthors starts with mapping a
research field onto an n-dimensional design space that defines the universe of relevant
experiments — what they call “research cartography”. They suggest that the design space’s
dimensions can be extracted from available taxonomies, prior experimental research, and
practical experience. However, as they acknowledge, this approach is vulnerable to unknown
unknowns: Taxonomies, prior experiments and practical experience may all fail to identify
important dimensions which should be included in the design space.

Here, we focus on one way of identifying unknown unknowns: high-throughput natural
description. This approach may help research cartographers to uncover missing dimensions of
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the research design space, at a cost comparable to the later stages of the integrative
experimental design.

To appreciate the value of high-throughput natural description, consider cases where
researchers noticed a discrepancy between the experimental stimuli and the naturalistic
variation of these stimuli. For instance, Schutz & Gillard (2020) showed that many experiments
studying non-speech auditory perception used flat tones as stimuli, despite the fact that such
tones are unrealistic: their content lacks dynamic changes found in the temporal structure of
naturalistic sounds. Experiments that included such naturalistic content made novel discoveries
about the auditory system. For example, a study of audiovisual integration showed that tones
with a temporal structure similar to impact sounds, like the sound of a xylophone, but not flat
tones, which lack temporal variation, were reliably integrated with visual information when
participants judged tone duration (Schutz & Kubovy, 2009).

Similarly, Dawel et al. (2021) and Barrett et al. (2019) showed that many experiments studying
face perception used highly standardised and posed facial configurations which are not
representative of the real-world variation in facial configurations. When naturalistic facial
configurations are used in experiments, reported findings differ from previous results. For
example, using naturalistic facial stimuli, Sutherland et al. (2013) found that facial first
impressions have three underlying dimensions (trustworthiness, dominance, and
youthfulness/attractiveness) instead of just two (trustworthiness and dominance), as previously
reported when standardised facial stimuli were used (Oosterhof & Todorov, 2008; Todorov et al.,
2008).

In these examples, researchers noticed and resolved some discrepancy between the variation
of experimental and real-world stimuli. Such an approach, while useful, doesn’t completely solve
the problem of unknown unknowns. This is because there may be many more real-world
variations in stimuli that could update one's understanding of a phenomenon, if they were
introduced in experimental designs. However, a researcher cannot identify them unless they
have a thorough description of real-world variation.

One solution to this issue is ‘high-throughput natural description’: the systematic collection and
annotation of large, representative corpora of real-world stimuli to identify unknown unknowns.

An example in the field of emotion perception demonstrates the value of this approach. By
collecting and annotating 7 million pictures of faces and 10,000 hours of filmed video from the
internet, Srinivasan and Martinez (2018) discovered that the emotion-category labels of disgust,
anger, sadness, and happiness are associated with one, five, five and seventeen ‘distinct’ facial
configurations, respectively. Such variation in the range of facial configurations conveying
different emotions was an unknown unknown in the research cartography of emotion perception,
and studies investigating responses to facial configurations expressing certain emotion
categories have yet to investigate responses to the entirety of the observed variation, to the best
of our knowledge (Barrett et al., 2019). Thus, high-throughput natural description can aid in
defining the design space of relevant experiments via the identification of unknown unknowns.



However, this solution is not an easy fix to the problem of unknown unknowns. Large-scale
naturalistic observation is logistically challenging. Obtaining 7 million images of faces from the
internet is in itself difficult, but the difficulty ramps up if researchers wish to obtain a sample of
faces from more diverse sources. Furthermore, large-scale annotation can be as challenging as
large-scale naturalistic observation. For example, creating a corpus of 7 million faces that is
useful for answering different research questions requires annotating the images for meaningful
dimensions. Coding action units (specific facial muscle movements) manually via human
annotators in these images can require expertise, or can take years when the dataset is
extremely large (Benitez-Quiroz et al., 2016; Srinivasan & Martinez, 2018). Furthermore, the
pool of annotators must itself be (very) large, not only to deal with the size of the corpus, but
also to identify relevant individual and cultural variations in the way coders perceive the
dimensionality of the stimuli.

In sum, while high-throughput natural description aids in the identification of unknown unknowns
of a research design space, it introduces significant logistical challenges. However, these
challenges can be surmounted via a combination of mass collaboration, automation (a use
case is already present in the aforementioned emotion perception example where Srinivasan &
Martinez, 2018 use a computer vision algorithm to annotate action units in the internet images;
Yitzhak et al., 2017; Benitez-Quiroz et al., 2016), citizen science (Awad et al, 2018, 2020;
Hilton & Mehr, 2021), and gamification (Long et al., 2023 Nature). In fact, Almaatouq and
coauthors already propose that these aforementioned solutions could be deployed in the later
stages of the integrative experimental design

Nonetheless, the application of these solutions for executing high-throughput natural description
should not be ignored, as they amplify concerns about the upfront costs and inclusivity of the
integrative approach. Few research groups may have the resources to implement an integrative
experimental design, and fewer groups still may be able to solve its unknown unknowns
problem during the research cartography stage. While we are enthusiastic about the ideas in the
target article, we believe it is necessary to be explicit and constructive about the requirements of
an integrative experimental design approach.
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