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Figure 3: In the location cloud by Hinrichs et al. (2015),
country names that appear in the text corpus in relation to
a commodity (“sugar” above) are visualized. The size of
a country’s name indicates the frequency of that country in
documents from the corresponding column’s decade. When
a country name is hovered over (“Mauritius” above), that
name is highlighted where it appears in all decades, facil-
itating easy comparison of how frequently it is mentioned
in relation to the searched commodity in the corpus. Figure
reproduced with author permission.

being said, interdisciplinary collaboration presents chal-
lenges due to different vocabularies, working practices, and
project timelines across disciplines. Hinrichs et al. (2017)
encourage critical reflection on the process of collabora-
tion when undertaking interdisciplinary projects, provid-
ing questions that can serve as a guide for such reflection
to support effective communication between people in dif-
ferent disciplines. For a broader summary of the benefits
and challenges to working across disciplines to collabora-
tively create data visualizations, please refer to the survey
of Jänicke et al. (2017).

6. Conclusion and Future Work
We have described how collaboration between the NLP and
visualization communities could facilitate exploratory anal-
ysis of non-aggregated, annotated datasets. Exploratory
analysis of these datasets would lead to better understand-
ings of the perspectives they represent, improving the trans-
parency of datasets’ documentation. Furthermore, by us-
ing exploratory analysis to identify perspectives that are
not represented in an annotated dataset, along with the per-
spectives that are represented, dataset creators will be able
to determine how to collect additional data that make their
dataset more representative of its stakeholders. Due to the
underlying motivation of existing annotation platforms (to
support the development of one aggregated dataset), the
platforms do not provide the exploratory search capabili-
ties necessary for such analysis.
The process of creating a dataset for NLP models inevitably
involves curation (Rogers, 2021). We encourage the NLP
community’s collaboration with the text visualization com-

Figure 4: Collins et al. (2007) demonstrate how visualizing
a machine translation system’s output as a lattice graph fa-
cilitates communication between people who speak differ-
ent languages. The transparency of each word’s rectangle
and the position of the words correspond to a model’s score
of its likelihood of being an accurate translation. Figure
reproduced with author permission.

munity to facilitate critical analysis of who and what are
included and excluded during dataset creation in support
of data perspectivism (Basile et al., 2021), as well as data-
centric AI (Press, 2021) and data feminism (D’Ignazio and
Klein, 2020). As approaches to incorporating more diverse
perspectives in datasets develop, the NLP community could
look beyond the text visualization community for collab-
oration opportunities. Jo and Gebru (2020) recommend
looking towards the archival sciences for guidance on data
collection and curation. More broadly, the gallery, library,
archive, and museum (GLAM) sector has extensive expe-
rience creating datasets and enabling their interoperabil-
ity across systems with metadata standards and supporting
infrastructures (RDA Steering Committee, 2022; Library
of Congress, 2021; Dunsire and Willer, 2014). Interdis-
ciplinary collaboration would lend value to datasets pub-
lished under the data perspectivism paradigm, facilitating
access to data for stakeholders outside the NLP and wider
machine learning communities.
We encourage the development of new platforms with inter-
active, exploratory text visualizations, in which data analy-
sis becomes an intuitive process relying on human vision,
rather than a person’s data science or computing skills.
Such platforms could lead to new insights about annota-
tions and empower of a more diverse group of stakeholders
to participate in data analysis. In future work we will cre-
ate an exploratory visualization for data published under
the data perspectivist paradigm, providing a use case for
multi-faceted, iterative, and open-ended analysis of non-
aggregated, annotated text data.
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Pandya, M., and Lopez, A. (2021). Intrinsic Bias Met-
rics Do Not Correlate with Application Bias. In Pro-
ceedings of the 59th Annual Meeting of the Association
for Computational Linguistics and the 11th International
Joint Conference on Natural Language Processing (Vol-

https://arxiv.org/abs/2106.15896
https://arxiv.org/abs/2106.15896
https://arxiv.org/abs/2106.15896
https://arxiv.org/abs/2106.15896
https://www.mdpi.com/2073-431X/8/1/17
https://www.mdpi.com/2073-431X/8/1/17
https://doi.org/10.1002/asi.23617
https://doi.org/10.1002/asi.23617
https://doi.org/10.1002/asi.23617
https://doi.org/10.1002/asi.23617
https://arxiv.org/abs/2109.04270
https://arxiv.org/abs/2109.04270
http://pdai.info/
https://doi.org/10.1162/tacl_a_00041
https://doi.org/10.1162/tacl_a_00041
https://doi.org/10.1162/tacl_a_00041
https://doi.org/10.1162/tacl_a_00041
https://doi.org/10.1145/3442188.3445922
https://doi.org/10.1145/3442188.3445922
https://doi.org/10.1145/3442188.3445922
https://doi.org/10.18653/v1/2020.acl-main.485
https://doi.org/10.18653/v1/2020.acl-main.485
https://doi.org/10.18653/v1/2020.acl-main.485
https://doi.org/10.18653/v1/2020.acl-main.485
https://doi.org/10.1126/science.aal4230
https://doi.org/10.1126/science.aal4230
https://doi.org/10.1126/science.aal4230
https://doi.org/10.18653/v1/2020.acl-main.418
https://doi.org/10.18653/v1/2020.acl-main.418
https://doi.org/10.18653/v1/2020.acl-main.418
https://doi.org/10.2312/VisSym/EuroVis07/051-058
https://doi.org/10.2312/VisSym/EuroVis07/051-058
https://doi.org/10.2312/VisSym/EuroVis07/051-058
https://doi.org/10.2312/VisSym/EuroVis07/051-058
http://arxiv.org/abs/1811.07271
http://arxiv.org/abs/1811.07271
https://doi.org/10.2307/1229039
https://doi.org/10.2307/1229039
https://doi.org/10.2307/1229039
https://doi.org/10.2307/1229039
https://arxiv.org/abs/2112.04554
https://arxiv.org/abs/2112.04554
https://arxiv.org/abs/2112.04554
https://doi.org/10.1145/3173574.3173986
https://doi.org/10.1145/3173574.3173986
https://doi.org/10.1145/3173574.3173986
https://www.aclweb.org/anthology/2020.emnlp-main.23
https://www.aclweb.org/anthology/2020.emnlp-main.23
https://doi.org/10.1002/asi.23212
https://doi.org/10.1002/asi.23212
http://arxiv.org/abs/1803.09010
https://doi.org/10.18653/v1/2021.acl-long.150
https://doi.org/10.18653/v1/2021.acl-long.150


80

ume 1: Long Papers), pages 1926–1940, Online, Au-
gust. Association for Computational Linguistics. DOI:
10.18653/v1/2021.acl-long.150.

Gordon, M. L., Lam, M. S., Park, J. S., Patel, K., Han-
cock, J. T., Hashimoto, T., and Bernstein, M. S. (2022).
Jury Learning: Integrating Dissenting Voices into Ma-
chine Learning Models. CoRR, abs/2202.02950.

Hammer, B., Keim, D., Lawrence, N., and Lebanon, G.
(2013). Preface: Intelligent interactive data visualiza-
tion. Data Mining and Knowledge Discovery, pages 1–3.
DOI: 10.1007/s10618-013-0309-y.

Haraway, D. (1988). Situated Knowledges: The Sci-
ence Question in Feminism and the Privilege of Par-
tial Perspective. Feminist Studies, 14(3):575. DOI:
10.2307/3178066.

Harding, S. (1995). “Strong objectivity”: A response to the
new objectivity question. Synthese, 104(3), September.
DOI: 10.1007/BF01064504.

Havens, L., Terras, M., Bach, B., and Alex, B. (2020).
Situated Data, Situated Systems: A Methodology to En-
gage with Power Relations in Natural Language Process-
ing Research. In Proceedings of the Second Workshop
on Gender Bias in Natural Language Processing, pages
107–124, Barcelona, Spain (Online), December. Associ-
ation for Computational Linguistics.

Havens, L., Terras, M., Bach, B., and Alex, B. (2022). Un-
certainty and Inclusivity in Gender Bias Annotation: An
Annotation Taxonomy and Annotated Datasets of British
English Text. In Proceedings of the Fourth Workshop on
Gender Bias in Natural Language Processing, Seattle,
WA, USA, July. Association for Computational Linguis-
tics. [Forthcoming].

Hinrichs, U., Alex, B., Clifford, J., Watson, A., Quigley,
A., Klein, E., and Coates, C. M. (2015). Trading Con-
sequences: A Case Study of Combining Text Mining
and Visualization to Facilitate Document Exploration.
Digital Scholarship in the Humanities, 30(Supplement
1):i50–i75, 10. DOI: 10.1093/llc/fqv046.

Hinrichs, U., El-Assady, M., Bradely, A. J., Forlini, S.,
and Collins, C. (2017). Risk the drift! Stretching dis-
ciplinary boundaries through critical collaborations be-
tween the humanities and visualization. Second Work-
shop on Visualization for the Digital Humanities.

Hinrichs, U., Forlini, S., and Moynihan, B. (2018). In de-
fense of sandcastles: Research thinking through visu-
alization in digital humanities. Digital Scholarship in
the Humanities, 34(Supplement 1):i80–i99, 10. DOI:
10.1093/llc/fqy051.

Hitti, Y., Jang, E., Moreno, I., and Pelletier, C. (2019).
Proposed Taxonomy for Gender Bias in Text; A Fil-
tering Methodology for the Gender Generalization Sub-
type. In Proceedings of the First Workshop on Gen-
der Bias in Natural Language Processing, pages 8–17,
Florence, IT. Association for Computational Linguistics.
DOI: 10.18653/v1/W19-3802.

Hutchinson, B., Smart, A., Hanna, A., Denton, E., Greer,
C., Kjartansson, O., Barnes, P., and Mitchell, M.
(2021). Towards Accountability for Machine Learn-
ing Datasets: Practices from Software Engineering

and Infrastructure. In Proceedings of the 2021 ACM
Conference on Fairness, Accountability, and Trans-
parency, FAccT ’21, page 560–575, New York, NY,
USA. Association for Computing Machinery. DOI:
10.1145/3442188.3445918.

Hutmacher, F. (2019). Why Is There So Much More
Research on Vision Than on Any Other Sensory
Modality? Frontiers in Psychology, 10(2246). DOI:
10.3389/fpsyg.2019.02246.

Isaacs, E., Damico, K., Ahern, S., Bart, E., and Singhal, M.
(2014). Footprints: A Visual Search Tool that Supports
Discovery and Coverage Tracking. IEEE Transactions
on Visualization and Computer Graphics, 20(12):1793–
1802. DOI: 10.1109/TVCG.2014.2346743.

Jänicke, S., Franzini, G., Cheema, M. F., and Scheuermann,
G. (2017). Visual Text Analysis in Digital Humanities.
Computer Graphics Forum, 36(6):226–250.

Jo, E. S. and Gebru, T. (2020). Lessons from
Archives: Strategies for Collecting Sociocultural Data
in Machine Learning. In Proceedings of the 2020
Conference on Fairness, Accountability, and Trans-
parency, FAT* ’20, page 306–316, New York, NY,
USA. Association for Computing Machinery. DOI:
10.1145/3351095.3372829.

Keim, D. A. (2002). Information visualization and
visual data mining. IEEE Transactions on Visu-
alization and Computer Graphics, 8(1):1–8. DOI:
10.1109/2945.981847.

Kim, C., Lin, X., Collins, C., Taylor, G. W., and Amer,
M. R. (2021). Learn, Generate, Rank, Explain: A Case
Study of Visual Explanation by Generative Machine
Learning. ACM Trans. Interact. Intell. Syst., 11(3–4),
August. DOI: 10.1145/3465407.

Kosara, R. (2018). How to Get Excited About Standard
Datasets.

Kucher, K. and Kerren, A. (2015). Text visualiza-
tion techniques: Taxonomy, visual survey, and com-
munity insights. In 2015 IEEE Pacific Visualiza-
tion Symposium (PacificVis), pages 117–121. DOI:
10.1109/PACIFICVIS.2015.7156366.

Library of Congress. (2021). Library of Congress Subject
Headings PDF Files.

Liu, S., Chen, Y., Wei, H., Yang, J., Zhou, K., and
Drucker, S. M. (2015). Exploring Topical Lead-
Lag across Corpora. IEEE Transactions on Knowl-
edge and Data Engineering, 27(1):115–129. DOI:
10.1109/TKDE.2014.2324581.

Liu, S., Wang, X., Collins, C., Dou, W., Ouyang,
F., El-Assady, M., Jiang, L., and Keim, D. A.
(2019). Bridging Text Visualization and Mining: A
Task-Driven Survey. IEEE Transactions on Visualiza-
tion and Computer Graphics, 25(7):2482–2504. DOI:
10.1109/TVCG.2018.2834341.

Marchionini, G. (2006). Exploratory Search: From Find-
ing to Understanding. Commun. ACM, 49(4):41–46, apr.
DOI: 10.1145/1121949.1121979.

Mons, B., Neylon, C., Velter, J., Dumontier, M.,
da Silva Santos, L. O. B., and Wilkinson, M. D.
(2017). Cloudy, increasingly FAIR; revisiting the FAIR

https://doi.org/10.18653/v1/2021.acl-long.150
https://arxiv.org/abs/2202.02950
https://arxiv.org/abs/2202.02950
https://doi.org/10.1007/s10618-013-0309-y
https://doi.org/10.1007/s10618-013-0309-y
https://doi.org/10.1007/s10618-013-0309-y
https://doi.org/10.2307/3178066
https://doi.org/10.2307/3178066
https://doi.org/10.2307/3178066
https://doi.org/10.2307/3178066
https://doi.org/10.1007/BF01064504
https://doi.org/10.1007/BF01064504
https://doi.org/10.1007/BF01064504
https://aclanthology.org/2020.gebnlp-1.10
https://aclanthology.org/2020.gebnlp-1.10
https://aclanthology.org/2020.gebnlp-1.10
https://doi.org/10.1093/llc/fqv046
https://doi.org/10.1093/llc/fqv046
https://doi.org/10.1093/llc/fqv046
https://doi.org/10.1093/llc/fqv046
https://doi.org/10.1093/llc/fqy051
https://doi.org/10.1093/llc/fqy051
https://doi.org/10.1093/llc/fqy051
https://doi.org/10.1093/llc/fqy051
https://doi.org/10.18653/v1/W19-3802
https://doi.org/10.18653/v1/W19-3802
https://doi.org/10.18653/v1/W19-3802
https://doi.org/10.18653/v1/W19-3802
https://doi.org/10.1145/3442188.3445918
https://doi.org/10.1145/3442188.3445918
https://doi.org/10.1145/3442188.3445918
https://doi.org/10.1145/3442188.3445918
https://doi.org/10.3389/fpsyg.2019.02246
https://doi.org/10.3389/fpsyg.2019.02246
https://doi.org/10.3389/fpsyg.2019.02246
https://doi.org/10.3389/fpsyg.2019.02246
https://doi.org/10.1109/TVCG.2014.2346743
https://doi.org/10.1109/TVCG.2014.2346743
https://doi.org/10.1109/TVCG.2014.2346743
https://doi.org/10.1145/3351095.3372829
https://doi.org/10.1145/3351095.3372829
https://doi.org/10.1145/3351095.3372829
https://doi.org/10.1145/3351095.3372829
https://doi.org/10.1109/2945.981847
https://doi.org/10.1109/2945.981847
https://doi.org/10.1109/2945.981847
https://doi.org/10.1145/3465407
https://doi.org/10.1145/3465407
https://doi.org/10.1145/3465407
https://doi.org/10.1145/3465407
https://eagereyes.org/blog/2018/how-to-get-excited-about-standard-datasets
https://eagereyes.org/blog/2018/how-to-get-excited-about-standard-datasets
https://doi.org/10.1109/PACIFICVIS.2015.7156366
https://doi.org/10.1109/PACIFICVIS.2015.7156366
https://doi.org/10.1109/PACIFICVIS.2015.7156366
https://doi.org/10.1109/PACIFICVIS.2015.7156366
https://www.loc.gov/aba/publications/FreeLCSH/freelcsh.html
https://www.loc.gov/aba/publications/FreeLCSH/freelcsh.html
https://doi.org/10.1109/TKDE.2014.2324581
https://doi.org/10.1109/TKDE.2014.2324581
https://doi.org/10.1109/TKDE.2014.2324581
https://doi.org/10.1109/TVCG.2018.2834341
https://doi.org/10.1109/TVCG.2018.2834341
https://doi.org/10.1109/TVCG.2018.2834341
https://doi.org/10.1145/1121949.1121979
https://doi.org/10.1145/1121949.1121979
https://doi.org/10.1145/1121949.1121979
https://doi.org/10.3233/ISU-170824


81

Data guiding principles for the European Open Science
Cloud. Information Services & Use, 37(1):49–56. DOI:
10.3233/ISU-170824.

Morstatter, F., Wu, L., Yavanoglu, U., Corman, S. R.,
and Liu, H. (2018). Identifying Framing Bias in On-
line News. ACM Transactions on Social Computing,
1(2):1–18, 6. DOI: 10.1145/3204948.

Nekoto, W., Marivate, V., Matsila, T., Fasubaa, T., Kola-
wole, T., Fagbohungbe, T., Akinola, S. O., Muhammad,
S. H., Kabongo, S., Osei, S., Freshia, S., Niyongabo,
R. A., Macharm, R., Ogayo, P., Ahia, O., Meressa,
M., Adeyemi, M., Mokgesi-Selinga, M., Okegbemi, L.,
Martinus, L. J., Tajudeen, K., Degila, K., Ogueji, K.,
Siminyu, K., Kreutzer, J., Webster, J., Ali, J. T., Abbott,
J., Orife, I., Ezeani, I., Dangana, I. A., Kamper, H., Elsa-
har, H., Duru, G., Kioko, G., Murhabazi, E., van Biljon,
E., Whitenack, D., Onyefuluchi, C., Emezue, C., Dos-
sou, B., Sibanda, B., Bassey, B. I., Olabiyi, A., Ramk-
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