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Abstract

Considerations for the social impact of natural language processing

Amandalynne Paullada

Chair of the Supervisory Committee:
Professor Fei Xia

Department of Linguistics

Natural language processing (NLP) technologies have transformed how people access

information and communicate with one another. It has thus become critical to take stock

of the social impact of natural language processing technologies. In this thesis, I review

practices at different stages of development for NLP systems and examine some of the is-

sues that arise in turn, considering the social and political contexts that shape how systems

are developed and deployed.

This thesis contributes three case studies of natural language processing technologies

which exemplify many of the key issues in data collection practices and real-world system

usage. The first two case studies situate computational models of text and machine trans-

lation in the complex social and political contexts that have informed the development of

these applications. The third case study involves a reflection on original work in build-

ing and evaluating a system for representing biomedical relationships learned from text.

In addition to the findings from these case studies, I contribute a practice-based frame-

work for reflecting on factors that influence social impact at various stages of NLP system

development.
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Chapter 1

INTRODUCTION

“What needs to be emphasized is that technologies are developed and used

within a particular social, economic, and political context. They arise out of a

social structure, they are grafted on to it, and they may reinforce it or destroy

it, often in ways that are neither foreseen nor foreseeable.”

— Ursula Franklin, The Real World of Technology1

As human society has become progressively interdependent, techniques for gathering

and processing information have become essential to communication and coordination.

The increased digitization of our behaviors and social relations has powered new industries

that aim to not only capture this data, but also make predictions based on it. Data-driven

technologies have become ubiquitous, and are thus implicated more and more in our daily

routines. We use data-driven technologies to find places to eat, papers to read, songs to

listen to, and answers to medical questions, among many other applications. However,

these very systems have been implicated in perpetuating social inequities (O’neil, 2016;

Eubanks, 2018; Noble, 2018; Benjamin, 2019). Particularly as automated data-driven

systems grow in scale and influence, it is critical to examine the social impact of these

systems, as well as the role that the development of these systems has played in shaping

their impact.

The digital processing of text and speech has become an integral part of life in the

so-called ‘information age’. Recent successes in natural language processing (NLP) have

relied, in part, on the availability of large quantities of data. The ‘big data’ revolution was

hailed as ‘the end of theory’ (Anderson, 2008) but this claim ignores the fact that a radically

1Franklin (1999, p. 51)
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empiricist paradigm does have epistemological commitments, or in other words, ‘big data

is theory’ (Crawford et al., 2014). While the field of NLP has long been characterized by

debates between rationalist and empiricist approaches (Gold, 2011), the latest turn toward

‘big data’ seems to be capitalizing on the availability of relatively cheap-to-acquire data at

a massive scale.

The ‘big data’ paradigm in NLP has, while yielding promising advances, also produced

negative externalities that must be addressed as the field’s impact grows (Bender et al.,

2021). Additionally, it is conspicuous that some of the biggest corporate sponsors of NLP,

such as Google and Facebook, are monetized through the extraction and repackaging of

human behavioral data at a massive scale, and thus stand to truly gain from the episte-

mological commitment of ‘big data.’ Particularly in light of community concern about the

social impact of NLP, it is important to critically investigate NLP’s impact more concretely,

taking stock of the full breadth of NLP’s various stakeholders and real-world applications

(Blodgett et al., 2020). Researchers have also proposed that a sociotechnical lens is neces-

sary for understanding and anticipating the breadth of benefits, harms, and likely uses of

technologies (Selbst et al., 2019).

In this thesis, I argue that in order to assess the social impact of NLP systems, we need to

critically examine the full development pipeline for NLP systems as well as the real-world

contexts in which these systems are created and embedded. I advocate for an analysis that

is attentive to the values that shape decisions about what applications to build and where

these applications are used. I echo Winner (1980) and Franklin (1999) in emphasizing that

technology does not exist in a vacuum; it is inherently situated within a social, political,

economic context at every stage from conception to development to deployment. Thus,

in this work, I apply a sociotechnical lens to the study of NLP systems — that is, going

beyond an understanding of NLP systems as comprised merely of source code and data,

and analyzing their impact holistically, looking at the human practices implicated in each

step of system design and development. Following Agre (1997)’s call to keep ‘one foot

planted in the craft work of design and the other foot planted in the reflexive work of
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critique,’ I attempt to use my own experiences as a practitioner to explore and reflect on

the challenges in building and evaluating NLP systems in a socially conscious manner.

In the remaining sections, I lay out the research questions that guide the present work;

I follow by sketching out the current sociotechnical ecosystem and previewing some of

the social impacts of NLP. Then, I motivate a pipeline-based analysis of NLP systems and

provide an overview of the steps in this pipeline. Finally, I provide an overview of the

thesis.

1.1 Research questions

In this work, we seek to answer the following questions:

• What has been the social impact of data-driven natural language processing tech-

nologies?

• What role does the design and development of these systems play in shaping that

impact?

• What considerations should be made during the development process to anticipate

and address this impact?

1.2 Background

1.2.1 “A new social order”

The last few decades have seen a proliferation of technologies that are predicated on the

collection of massive amounts of personal data (Kitchin, 2014; Sadowski, 2020). Much of

this work has been exploitative, non-consensual, not participatory, and comes at a great

cost to the people whose data is being collected to power the information economy. In-

deed Katz (2017) argues that the latest wave of so-called artificial intelligence is merely a

rebranding of such extractive technologies.



4

Institutions both public and private have long engaged in the project of collecting infor-

mation from and about people for surveillance and management (Scott, 2008). However,

the spread of information and communication technologies (ICTs), most prominently per-

sonal computers and smartphones, has facilitated the collection of massive amounts of

personal data in continuous, real-time streams (Kitchin, 2014), and this data is increas-

ingly commodified (Fourcade and Healy, 2017). Entrepreneur Andrew Ng makes this

point rather bluntly: ‘At large companies, sometimes we launch products not for the rev-

enue, but for the data. We actually do that quite often... and we monetize the data

through a different product’ (quoted in Sadowski (2020), p. 30). The insidious creep of

‘smart’ sensing technology into the public and private sphere has drawn people into a data

collection network in which they are often unaware of the extent to which they are be-

ing surveilled. Couldry and Mejias characterize this pervasive datafication of daily life as

‘nothing less than a new social order, based on continuous tracking, and offering unprece-

dented new opportunities for social discrimination and behavioral influence (Couldry and

Mejias, 2019, p. 1).’

Meanwhile, recent disciplinary shifts in NLP are marked by a return toward an empiri-

cist, data-driven paradigm, both predicated on and justified by the availability of large text

collections. As natural language processing (NLP) technologies, which have a primary goal

of extracting information from unstructured linguistic data, have seen a surge in popular-

ity and impact in recent decades, it is critical to ask of real-world NLP technologies: Who

is looking at language data? What are they looking for, and why?

1.2.2 The social impact of natural language processing

Language technologies have transformed our experience of the world and of each other.

Some of these technologies have become so standard as to seem invisible or to be second

nature. Over the course of a single day in 2021, I have used web-based search engines to

find information, have seen social media posts that were subject to automatic translation
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and moderation, and have composed SMS messages in an interface that suggests comple-

tions to my sentences. Each of these technologies involves natural language processing.

However, many of these technologies do not work equally well for everyone (Tatman and

Kasten, 2017), and have been shown to promote harmful biases against women and people

of color (Noble, 2018). Toxicity classifiers have been shown to be biased against speech

by people of color and by queer people (e.g. Oliva et al., 2021), and machine translation

has been shown to produce slurs in translated text where the original text contained none

(Moorman, 2014). Particularly as NLP technologies become more widespread, researchers

have called for a more thorough consideration of the social impact of natural language pro-

cessing (Hovy and Spruit, 2016). Recent years have also seen prominent NLP conferences,

such as EMNLP 2020, NAACL 2021, and ACL-IJCNLP 2021 instantiate a requirement for

authors to publish ethical impact statements in their research publications.

A lot of the ‘blame’ for the negative impacts of NLP technologies has tended to fall

on the data, claiming that if we only had better datasets or de-biased models, we could

mitigate these issues. However, limiting our focus to data is misguided — we should also

take into account broader questions about what why we have collected that data and what

we intend to use it for, as well as other pieces of the pipeline. Rather than locating the

potential negative impacts of NLP systems solely within representational issues in data,

there are growing calls to question more critically and more broadly how sociotechnical

systems predicated on data shift power (Blodgett et al., 2020; Denton et al., 2020).

1.3 Stages of development for machine learning systems

As described earlier, data-gathering technologies are increasingly pervasive and are re-

organizing our social relations. Many scholars have urged that an understanding of the

impact of technology should involve reflecting on the design of these systems, and the

values and assumptions invoked in that process (Sengers et al., 2005). Recent work has

also proposed a framework for identifying sources of harm brought about at different
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stages in the machine learning life cycle (Suresh and Guttag, 2021).

Figure 1.1: Simplified pipeline for a data-driven machine learning system

There are a variety of ways of breaking the development of machine learning systems

into stages. Wagstaff (2012) refers to ‘necessary preparation,’ ‘machine learning contribu-

tion,’ and ‘impact’. Sim et al. (2021) refer to the ‘before’ ‘during’ and ‘after’ phases of a

project, with different considerations for each. In general, the process can be characterized

as a cycle of formulating a question, gathering or soliciting data, developing a model, and

finally releasing the resulting artifact. Following these frameworks and leveraging my own

experience as a practitioner, I delineate phases of development into the following: prob-

lem formulation, data collection phases, model building phase, and system integration2

(Figure 1.1). In practice, these phases may occur repeatedly or out of order. For exam-

ple, problems may be re-formulated based on limitations of available data, or as a system

collects data during its course of operation, the model parameters may be revised.

I elaborate on the stages here, using the following running example to illustrate each

stage:

Person A runs a popular blog. Recently, she has noticed a surge in misogynistic comments

being posted anonymously to her blog. Her blog’s followers have expressed that this is distress-

ing to them, and has led them to feel less inclined to participate in discussions on the blog.

Person A would like to consider an automated solution to this problem.

2Here, I use Madeline Elish’s term ‘integrate’ rather than the often-used ‘deployment’, to emphasize the
importance of situating work in a context and weaving it into an existing environment, rather than simply
releasing it without such considerations (Brown, 2021).
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1.3.1 Problem formulation

Building a system tends to be motivated by some problem that people want to solve. In

this stage, one formulates a question and considers previous approaches to the problem,

including those that predate technological solutions. In the case of machine learning, this

also entails framing the question as a machine learning problem, i.e. one that consists of

an input space and an output space, and a mapping between each. This stage is important,

as clarifying the goals of the system “...can help uncover latent biases in your mental model

of what kind of people there are in the world and how you believe they move through it

(Schnoebelen, 2017).”

Person A decides to build a classifier for detecting misogynistic comments on her blog. She

chooses to formulate this as a binary classification problem, i.e., given a particular comment,

determine whether it is misogynistic or not. Note that there are non-machine-learning inter-

ventions available as well – she can disallow comments entirely, or she can prevent anonymous

comments, but she prefers to allow her audience to comment without these restrictions.

1.3.2 Data collection

Data-driven machine learning systems necessarily rely on collections of data for training

and evaluation. A system designer must decide what data they need, where to get the

data, and how to acquire it. They should ensure that it is sourced legally and that care

is taken to not violate rights of human subjects. When existing data is not available, the

designer may need to solicit annotations from other people. We elaborate on this more in

Ch. 3.

Person A is aware that many datasets exist for training classifiers to address the problem of

‘toxicity,’ but she is particularly interested in the issue of detecting misogyny in blog comments,

since this is the issue she is facing. Because she is the blog owner, she feels that she can use the

comments directly as training data. Should she inform her followers that this is the case? Will

she label the comments herself, or will she enlist the help of someone else? In that case, how
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can she prepare others for the task of labeling alarming data? What counts as misogynistic,

and what will she do about tricky edge cases?

1.3.3 Model development

In this stage, system builders select an architecture and evaluation metrics, and use the

data collected in the previous stage. In contemporary machine learning practice, the mod-

eling stage arguably receives lots of attention, while data work and downstream impact

considerations are undervalued (Wagstaff, 2012; Heinzerling, 2019; Sambasivan et al.,

2021).

Person A does not have access to a lot of compute power, so she decides to use a simple

logistic regression classifier and a bag-of-words model of text. She is aware that this system

may not be sensitive to nuances in text, including sarcasm or distinctions between use and

mention of possibly toxic terms. Should Person A favor a system that has a high false negative

rate (thereby increasing the risk that a truly bad comment leaks through) or a high false

positive rate (thereby inadvertently silencing some commenters)?

1.3.4 System integration

After a model has been designed, built, and tested, it may be integrated into a broader

user-facing system. Users may or may not choose to adopt the system, and in some cases,

users might not even be aware an NLP system is being applied to their data (e.g. social

media widgets that translate user posts).

Person A still has to decide what actions will result from the use of her classification system

for blog comments. When will classifications take place — before the user posts the comment,

or after? Will every comment be subject to classification, or only those that are flagged by

other users? What will happen to comments that are classified as ‘misogynistic’ — will they be

automatically deleted from her blog, or will they be demoted to the bottom of the page and/or

given a content warning for other users?
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1.4 Thesis Overview

As our toy example of Person A has shown, there are a variety of considerations at each

step in the system development pipeline, some of which may be unique to her particular

use case, and some of which may generalize to a broader array of concerns in NLP system

development. We explore some of these concerns more in-depth with three case studies.

First, we provide some definitions for useful concepts and an overview of current issues

in the stages of development in Chapter 2. In Chapter 3, we focus our attention on the

data collection stage, and explore some of the limitations of prevailing approaches to data

set development and use in the broader machine learning community, which has informed

practices in natural language processing.

The next few chapters present the three case studies. In Chapter 4, I give a brief

overview of vector space models of text, highlighting key affordances of these models and

considering the implications of the training data used in their develompent. In Chapter 5,

I examine machine translation as a case study in the tensions involved in reconciling the

notion of ‘socially good’ applications of natural language processing technology with trou-

bling trends in the use of such technology in high stakes, often unjust scenarios. I note how

the history of this task, from its initial conception and the primary theoretical assumptions

involved, has implications for the societal impact of the development and deployment of

machine translation technology. Chapters 6 and 7 document the development and valida-

tion of a system for representing biomedical relationships for practical applications such as

identifying similar concepts and proposing hypotheses to connect concepts in previously

unknown ways. Chapter 8 provides some reflection and analysis of the case studies, and

Chapter 9 concludes the work.

Portions of the work in Chapters 2, 3, and 8 appeared in the publication ‘Data and its

(dis)contents: a survey of dataset development and use in machine learning,’ which first

appeared at the NeurIPS 2020 Workshop on Machine Learning Retrospectives, Surveys,

and Meta-analyses (ML-RSA 2020) and is now published as a journal article (Paullada
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et al., 2021) in Patterns, written in collaboration with Inioluwa Deborah Raji, Emily M.

Bender, Emily Denton, and Alex Hanna.

Versions of Chapter 5 appeared as a publication at the 2020 Resistance AI workshop

and as an article on The Gradient (Paullada, 2021).

Portions of the work in Chapters 4, 6, and 7 appeared in the publication ‘Improving

Biomedical Relationship Retrieval with Structural Dependencies’ (Paullada et al., 2020),

co-authored with Trevor Cohen and Bethany Percha, presented at the 2020 Workshop on

Biomedical Natural Language Processing (BioNLP).

A Note on Language: I use ‘I’ and ‘we’ interchangeably in this thesis. I use ‘we’ in

particular when describing work that has been the product of a collaboration or, at times,

to refer more broadly to the community of scholars I am part of, and ‘I’ when describing

work done individually, including the contributions of this thesis overall.
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Chapter 2

BACKGROUND

In this chapter, we define some key concepts for data-related principles. Then, we

provide some background on current trends and issues in the stages of machine learning

system development, and some proposals for addressing these issues. We focus in particu-

lar on natural language processing.

2.1 Key concepts

Here, I provide brief definitions for concepts that will be useful in situating some of the

issues I discuss and my suggestions.

2.1.1 Benchmarks, tasks, capabilities, and datasets

We follow Schlangen (2021) in distinguishing between benchmarks, tasks, capabilities, and

datasets. While his work focused on natural language processing, we broaden these defi-

nitions to include aspects of other machine learning applications. In this context, a task is

constituted of an input space and output space and an expected mapping between them.

Schlangen notes that there are typically both intensional and extensional descriptions of

tasks. An intensional description corresponds to a high-level, theoretical relationship be-

tween input and output (e.g. ‘translation’ from a string in one language to a string in an-

other language), where an extensional realization is comprised of the set of input-output

pairs (i.e., actual pairs of strings). Thus tasks are exemplified by datasets, i.e. sets of input-

output pairs that conform, if valid, to the intensional definition of the task. Schlangen

illustrates this relationship with the following informal example: a set of images of giraffes

paired with sentences describing each image is not a valid exemplification of the task of
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image description, but could be valid for the narrower task of giraffe image description.

Schlangen further notes that benchmark tasks, as they are currently conceived, are

meant to test particular cognitive capabilities of interest. For example, a language bench-

mark may involve tasks, instantiated as datasets, such that solving a particular task requires

capabilities believed to belong to a competent language user, e.g. the ability to disam-

biguate words in context or infer entailment relationships between sentences. Whether

a given cognitive task T , involving capability C, can be validly exemplified by a given

dataset D, and whether a system that performs well at dataset D can be said to be doing

well at task T (and thus models capability C), is a topic of active debate in the variety of

disciplines that machine learning has intervened in.1

In referring to dataset exemplars that pair instances (input) and labels (output), we

follow a convention from machine learning of referring to the latter as target labels, which

are those labels that are used as the learning target, and which have typically been pro-

duced by human annotators or, in some cases, automated labeling heuristics. These are

also often referred to in the literature as ‘gold standard’ or ‘ground truth’ labels, but we

wish to emphasize their role as training targets that are neither objective nor necessarily

representative of reality.

2.1.2 Licenses and legal concepts for data use

Here, we provide definitions for some legal concepts that are relevant to the production

and proliferation of digital media: fair use, Creative Commons, Free Cultural Works, and

public domain works.

In the United States legal context, fair use is a legal doctrine that allows for the un-

licensed use of copyrighted materials in certain circumstances, and is meant to promote

“freedom of expression.” Copyrighted materials, such as images, video, or audio, can be

1For perspectives on this debate in the area of natural language understanding, refer to Bender and Koller
(2020) and Michael (2020).
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legally used without permission from the copyright owner for research or scholarly pur-

poses, for parody, among other uses. Legal scholars have advocated that the use of copy-

righted material for text and data mining should be recognized as fair use, arguing that

the potential social benefits would be hampered by strict copyright laws (Sag, 2019).

The Creative Commons license model was created to enable copyright holders to al-

low permissive uses of their content. While Fair Use is determined on a case-by-case

basis, Creative Commons is intended to be a simple model for creators to share their

content with some restrictions, ranging from disallowing commercial use (CC BY NC)

to requesting that any derivative work also be made available under the same license

(CC BY ShareAlike). The Free Cultural Works movement promotes the radical reuse of

media with no restrictions, and provides definitions both for Free Cultural Works and

Free Cultural licenses that enable this kind of use. A list of such licenses is available at

https://freedomdefined.org/Licenses.

Works in the public domain have no copyright. These include works whose copyright

has expired. Because of their unrestricted use limitations, public domain resources such

as the Gutenberg Corpus and the ENRON corpus have been a popular source of linguistic

data.

2.2 Current approaches to machine learning development

Here we summarize some of the issues present in the phases of machine learning system

development.

2.2.1 Problem formulation

A popular text book in statistical natural language processing notes in the preface: ‘Increas-

ingly, businesses, government agencies and individuals are confronted with large amounts

of text that are critical for working and living, but not well enough understood to get the

enormous value out of them that they potentially hide...’ (Manning and Schutze, 1999).

https://freedomdefined.org/Licenses
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Indeed, it has been these first two entities who have shaped the core scientific questions,

research practices, and overall impact of NLP. Some of the most ardent sponsors of natural

language processing research in the United States have a clear incentive to amass large

amounts of data for further processing.

At a finer grained level, the conventional NLP pipeline consists of structured prediction

tasks like parsing and part of speech tagging, but there are also so-called ‘natural language

understanding’ applications which can be broken down into a variety of other tasks. Mod-

ern benchmarks like GLUE and DynaBench are composed of datasets constructed such that

they realize some task of interest, such as question answering or hatespeech detection.

Earlier, I mentioned the pervasive nature of government and industry in shaping the goals

of NLP. Many of these tasks embody practical problems for these organizations — hate-

speech detection only exists because social media platforms wish to moderate, at scale, the

content that users post online. This is not to say that this is a poor choice of focus, but

rather to call out the ways that a field’s imagination is shaped by these key influences.

How does the problem formulation stage impact the ensuing stages? The problema-

tization that guides decisions about what data to collect and how to label it can lead to

the creation of datasets that formulate pseudoscientific, often unjust tasks. For example,

several papers in recent years that attempt to predict attributes such as sexuality and other

fluid, subjective personal traits from photos of human faces presuppose that these predic-

tions are possible and worthwhile to make. However, these datasets enable a reliance on

meaningless shortcuts that support the apparent ‘learnability’ of the personal traits in ques-

tion. For example, an audit by Agüera y Arcas et al. (2018) found that a model trained

to predict sexual orientation from images of human faces, harvested from online dating

profiles, was really learning to spot stereotypical choices in grooming and self-expression,

which are by no means universally correlated with homosexuality. Gelman et al. discuss

how such a study strips away context and implies the existence of an “essential homosex-

ual nature” (Gelman et al., 2018, p. 271). The task rests on a pseudoscientific essentialism

of human traits; thus, the intensional task definition of ‘determine sexuality (output) from
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images of human faces (input)’ has no valid extensional realization in the form of any

dataset, because the underlying causal assumption for the task is unsound. Similar issues

occur in datasets meant to provide a foundation for determining ‘criminality’ from faces

(Agüera y Arcas et al., 2017). Not only are these task formulations problematic, but once

sensitive data has been collected, it can be misused.

As the previous examples show, when machine learning models can leverage spurious

cues to make predictions well enough to beat a baseline on the test data, which is typically

drawn from the same distribution as the training data, the resulting systems can appear to

legitimize spurious tasks that do not map to real world capabilities. The mapping between

inputs and target labels contained in datasets is not always a meaningful one, and the

ways in which data are collected and tasks are structured can lead models to rely on faulty

heuristics for making predictions.

2.2.2 Dataset development and use

Datasets in machine learning have typically come from other fields (e.g. many of the

datasets in the UCI Machine Learning Repository) or have resulted from scraping the web.

Many resources are expert-crafted (e.g. Treebanks) but progressively more have been de-

veloped by soliciting labels from crowdworkers on platforms such as Amazon Mechanical

Turk. We elaborate on the variety of issues pertaining to datasets, including legal issues,

labor issues, and practical issues, in the following chapter. Understanding properties of

the data can inform model selection, choice of metrics, and delineation of appropriate

deployment contexts in the following stages.

2.2.3 Model development

Here we discuss current trends in model development and evaluation, largely focusing on

the broader model development ecosystem.

As mentioned previously, the model development phase has earned the most attention
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in machine learning, and tends to be the most incentivized area of focus (Wagstaff, 2012;

Sambasivan et al., 2021). Leaderboard-driven development in machine learning is in-

tended to incentivize competitive modeling and to faciliate comparisons across competing

systems.

Benchmark datasets play a critical role in orienting the goals of machine learning com-

munities and tracking progress within the field (Dotan and Milli, 2020; Denton et al.,

2020). Yet, the near singular focus on improving benchmark metrics has been critiqued

from a variety of perspectives in recent years. Natural language processing researchers

have exhibited concern with the focus on accuracy on benchmark leaderboards, with

several calls to include more comprehensive evaluations that include reports of energy

consumption, model size, and hyperparameter tuning details in addition to standard top-

line metrics (Ethayarajh and Jurafsky, 2020; Dodge et al., 2019; Schwartz et al., 2019;

Strubell et al., 2019). From a fairness perspective, researchers have called for the inclu-

sion of disaggregated evaluation metrics for relevant subgroups, in addition to standard

top-line metrics, when reporting and documenting model performance (Mitchell et al.,

2019). Sculley et al. (2018) examine the incentive structures that encourage singular fo-

cus on benchmark metrics — often at the expense of empirical rigor — and offer a range

of suggestions including incentivizing detailed empirical evaluations, including negative

results, and sharing additional experimental details.

The excitement surrounding leaderboards and challenges can also give rise to a miscon-

strual of what high performance on a benchmark actually entails. In response to the recent

onslaught of publications misrepresenting the capabilities of BERT language models, Ben-

der and Koller (2020) encourage natural language processing researchers to be attentive

to the limitations of tasks and include error analysis in addition to standard performance

metrics.

NLP practice is often focused a on evaluating systems during the model development

stage, particularly the use of benchmarks and metrics. However, models that score well

on such evaluations may prove to be unusable to real-world users (Heuer and Buschek,



17

2021). Failing to ask ‘who needs or wants this’ before building a system can cause friction

during the deployment stage.

2.2.4 System integration

Recent years have seen growing calls to consider the impact of a machine learning arti-

fact once it has been implemented and publicized. Recently, NLP conference submission

guidelines have begun to incorporate ethical reflections into research papers, taking cues

from the ACM Future of Computing Academy’s proposal to adapt the peer review process

to include broader considerations of research impact (Hecht et al., 2018). It is urgent to

prompt researchers and practitioners to consider the impact of their work in particular

contexts as well.

Frameworks for promoting considerations of impact in the machine learning field are

still under development, and there are some clear shortcomings to the current approach. A

recent survey of newly implemented NeurIPS impact statements found that the imagined

stakeholders were narrow in scope, often overlooking the most vulnerable stakeholders

from their analysis, and imagining potential ‘benefits’ of a system most often as those

accrued by companies and governments (Boyarskaya et al., 2020). The imagined harms

included impediments to deployment or adoption, or mass disasters, and many statements

involved boilerplate language. As such, the authors suggest ‘context-aware frameworks of

harm’ for better anticipation of potential harms.

2.3 Summary

We have introduced some key concepts that we will return to throughout the thesis, as well

as elaborated on some current concerns with the stages of development. In the following

chapter, we analyze issues with dataset collection and usage practices in more depth.
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Chapter 3

DATA-CENTRIC ISSUES AND PROPOSALS

“Every data set involving people implies subjects and objects, those who collect

and those who make up the collected. It is imperative to remember that on

both sides we have human beings.”

— Mimi O. nu. o.ha, ‘The Point of Collection’1

“Raw data is both an oxymoron and a bad idea; to the contrary, data should be

cooked with care.”

— Geoffrey Bowker, ‘Memory Practices in the Sciences’2

In this chapter, we illustrate issues endemic to how datasets are produced, dissemi-

nated, and used in the field of machine learning. We focus in particular on the areas of

computer vision and natural language processing. We summarize concerns relating to the

design, collection, maintenance, distribution, and use of machine learning datasets as well

as broader disciplinary norms and cultures that pervade the field.

3.1 Background

Datasets form the basis for training, evaluating and benchmarking machine learning mod-

els. As a result, they have played a foundational role in the advancement of the field.

Furthermore, the ways in which we collect, construct and share these datasets inform the

kinds of problems the field pursues and the methods explored in algorithm development.

1O. nu. o.ha (2016, §5)
2Bowker (2005, p. 184)
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Datasets have been seen as the limiting factor for algorithmic development and scientific

progress (Halevy et al., 2009; Sun et al., 2017), and a select few benchmark datasets,

such as the ImageNet benchmark for visual object recognition (Deng et al., 2009) and the

GLUE benchmark for English textual understanding (Wang et al., 2019), have been the

foundation for some of the most significant developments in the field. Benchmark datasets

have also played a critical role in orienting the goals, values, and research agendas of the

machine learning community (Dotan and Milli, 2020). In recent years, machine learn-

ing systems have been reported to achieve ‘super-human’ performance when evaluated on

such benchmark datasets. However, recent work from a variety of perspectives has sur-

faced not only the shortcomings of some machine learning datasets as meaningful tests of

human-like reasoning ability, but also the troubling realities of the societal impact of how

these datasets are developed and used. Together, these insights reveal how this apparent

progress may rest on faulty foundations.

As the machine learning field turned to approaches with larger data requirements, the

sort of skilled and methodical annotation applied in dataset collection practices in earlier

eras was spurned as ‘slow and expensive to acquire’, and a turn toward unfettered collec-

tion of increasingly large amounts of data from the Web, alongside increased reliance on

crowdworkers, was seen as a boon to machine learning (Halevy et al., 2009; Deng et al.,

2009). Enormous scale has been mythologized as beneficial to generality and objectivity,

but all datasets have limitations and biases (boyd and Crawford, 2012). In particular, pre-

vailing data practices tend to abstract away the human labor, subjective judgments and

biases, and contingent contexts involved in dataset production. However, such details are

important for assessing whether and how a dataset might be useful for a particular appli-

cation, for enabling more rigorous error analysis, and for acknowledging the significant

difficulty required in constructing useful datasets.

The machine learning field has placed large scale datasets at the center of model devel-

opment and evaluation. As systems trained in this way are deployed in real-world contexts

that affect the lives and livelihoods of real people, it is essential that researchers, advocacy
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groups and the public at large understand both the contents of the datasets and how they

affect system performance. In particular, as the field has focused on benchmarks as the

primary tool for both measuring and driving research progress (Schlangen, 2021), under-

standing what these benchmarks measure (and how well) is urgently necessary.

In the following sections, we provide an overview for some of the issues in dataset

practices that have been surfaced recently, as well as some of the proposals that have been

made to address these issues. We conclude with some key takeaways for the full system

development pipeline.

3.2 Issue: Datasets are hastily collected and insufficiently
documented

A host of concerns regarding the practices of dataset collection, annotation, and documen-

tation have been raised in recent years. In combination, these concerns reflect a pervasive

undervaluation of data work (Sambasivan et al., 2021) and what Jo and Gebru (2020) de-

scribe as a laissez-faire attitude regarding dataset development. Rather than collecting and

curating datasets with care and intentionality — as is more typical in other data-centric dis-

ciplines — machine learning practitioners often adopt an approach where anything goes.

As one data scientist put it, “if it is available to us, we ingest it” (Holstein et al., 2019).

The common practices of scraping data from internet search engines, social media

platforms, and other publicly available online sources faced significant backlash in recent

years. For example, facial analysis datasets have received push-back due to the inclusion

of personal Flickr photos without data subject’s knowledge (Solon, 2019).

Dataset annotation practices have also come under scrutiny within recent years. Much

of this has focused on how subjective values, judgments, and biases of annotators con-

tribute to undesirable or unintended dataset bias (van Miltenburg, 2016; Misra et al.,

2016; Ghai et al., 2020; Hube et al., 2019; Sap et al., 2019). More generally, several re-

searchers have identified a widespread failure to recognize annotation work as interpretive



21

work, which in turn can result in a conflation of target labels in a collected dataset and real-

world objects, for which there may be no single ‘ground truth’ label (Miceli et al., 2020;

Aroyo and Welty, 2015). As discussed further in Section 3.4, data annotation tasks are

often mediated through crowdwork platforms such as Amazon Mechanical Turk (AMT).

These platforms, by design, position annotators as interchangeable workers, rather than

individuals who bring to bear their own subjective experiences and interpretations to the

task. Divergences in judgements across different annotator pools (Geva et al., 2019) as

well as between AMT annotators and other communities (Sen et al., 2015) has been em-

pirically explored.

Recent work has revealed inconsistencies and biases in the data that hints at larger

annotation patterns that mischaracterize the real world tasks these datasets are meant to

abstractly represent, and the broader impact of data curation design choices in determining

the quality of the final dataset. For example, Tsipras et al. (2020) found that the annotation

pipeline for ImageNet does not reflect the intention of its development for the purpose of

object recognition in images. They note that ImageNet, constructed with the constraint

of a single label per image, had its labels largely determined by crowdworkers indicating

the visual presence of that object in the image. This has led to issues with how labels

are applied, particularly to images with multiple objects, where the class of interest could

include a background or obscured object that would be an unsuitable result for the image

classification task of that particular photo. Furthermore, the nature of image retrieval for

the annotation tasks biases the crowdworkers’ response to the labeling prompt, making

them much less effective at filtering out unsuitable examples for a class category.

A recent survey of 164 publications involving machine learning applications that lever-

age Twitter data found that details about the data collection and labeling process were

heavily under-specified and inconsistent (Geiger et al., 2020). Scheuerman et al. (2020)

found a widespread under-specification of annotation processes relating to gender and

racial categories within facial analysis datasets.

The lack of rigorous and standardized dataset documentation practices has contributed
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to reproducibility concerns. For example, recent work undertook the laborious task of re-

constructing ImageNet, following the original documented dataset construction process in

an effort to test the generalization capabilities of ImageNet classifiers (Recht et al., 2019).

Despite mirroring the original collection and annotation methods — including leveraging

images from the same time period — the newly constructed dataset was found to have

different distributional properties. The differences were largely localized to variations in

constructing target labels from multiple annotations. More specifically, different thresholds

for inter-annotator agreement were found to produce vastly different datasets, indicating

that so-called ‘ground truth’ labels in datasets do not correspond to truth.

3.2.1 Proposal: More rigorous documentation and reflection prac-

tices

Several dataset documentation and development frameworks have been proposed in re-

cent years in an effort to address these concerns, with certain frameworks looking to not

just capture characteristics of the output dataset but also report details of the procedure of

dataset creation for better transparency and accountability (Bender and Friedman, 2018;

Holland et al., 2018; Chmielinski et al., 2020; Hutchinson et al., 2021; Gebru et al., 2021).

Denton et al. (2020) propose a research agenda in the ‘data genealogy’ paradigm that pro-

motes critical assessment of the design choices with respect to the data sources, theoret-

ical motivations, and methods used for constructing datasets. Prospective accounting for

dataset contents using some of the documentation methods previously discussed can offset

the potential of post-hoc documentation debt that can be incurred otherwise.

3.3 Issue: Datasets pose intellectual property concerns

Benchmark datasets are often mined from the internet, collecting data instances which

have various levels of licensing attached and storing them into a single repository. Dif-
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ferent legal issues arise at each stage in the data processing pipeline, from collection to

annotation, from training to evaluation, from inference and the reuse of downstream rep-

resentations such as word embeddings and convolutional features (Benjamin et al., 2019).

Benchmark datasets are drawn from a number of different sources, each with a different

configuration of copyright holders and permissions for their use in training and evaluation

in machine learning models. For instance, ImageNet was collected through several image

search engines where licensing/copyright restrictions on data instances in those images are

unknown (Russakovsky et al., 2015). The ImageNet project does not host the images on

their website, and therefore sidestep the copyright question by claiming that they operate

like a search engine (Levendowski, 2018, ftn. 36). PASCAL VOC was collected via the

Flickr API, meaning that the images were all held through the Creative Commons license

(Everingham et al., 2010). Open licenses like Creative Commons allow for training of

machine learning models under fair use doctrine (Merkley, 2019). Faces in the Wild and

Labeled Faces in the Wild were collected through Yahoo News, and via an investigation of

the captions on the images we can see that the major copyright holders of those images

are news wire services, including the Associated Press and Reuters (Berg et al., 2004).

Other datasets are collected in a studio environment, where images were taken by dataset

curators and therefore are copyright holders, which avoids potential copyright issues.

US copyright law is not well-suited to cover the range of uses of benchmark datasets,

and there is limited case law establishing precedent in this area. Legal scholars have de-

fended the use of copyrighted material for data science and machine learning by suggesting

that this material’s usage is protected by fair use, since it entails the non-expressive use of

expressive materials (Sag, 2019).

3.3.1 Proposal: Better licensing

The machine learning and AI research communities have responded to this crisis by at-

tempting to outline alternatives to licensing which make sense for research and bench-
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marking practices more broadly. The Montreal Data License3 outlines different contingen-

cies for a particular dataset, including whether the dataset will be used in commercial ver-

sus non-commercial settings, whether representations will be generated from the dataset,

whether users can annotate the label or use subsets of it, and more (Benjamin et al., 2019).

This is a step forward in clarifying the different ways in which the dataset can be used once

it has been collected, and therefore is a clear boon for AI researchers who create their own

data instances, such as photos developed in a studio or text or captions written by crowd-

workers. However, this does not deal with the larger issue of the copyright status of data

instances scraped from the web, nor the privacy implications of those data instances.

3.4 Issue: Data labor is under-valued

As the machine learning community has turned to the cheap and scalable work forces of-

fered by crowd sourcing platforms, there has been growing concern regarding the working

conditions of those laboring on machine learning datasets. Data annotation is often cast as

unskilled work — work anyone can perform — which in turn contributes to a dehumaniz-

ing and alienating work experience. For example, Irani (2015a) describes how crowd work

platforms, such as Amazon Mechanical Turk, create a hierarchy of data labor, positioning

crowd work as menial work relative to the innovative work of those leading dataset de-

velopment. Miceli et al. (2020) discuss how, in commercial data annotation companies,

power asymmetries and company hierarchies affect the work output of data annotation

teams.

Framing data annotation as unskilled work frames crowd workers as essentially inter-

changeable, and creates the infrastructural conditions of precarity and invisibility (Such-

man, 1995; Star and Strauss, 1999; Precarity Lab, 2020). For example, crowd-sourced

data annotation is typically mediated through digital interfaces that distance the crowd

workers from not only the dataset commissioners who manage the annotation tasks, but

3https://montrealdatalicense.com/

https://montrealdatalicense.com/
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also their fellow workers, thereby rendering the workers and the labor concerns they might

face invisible (Irani and Silberman, 2013; Irani, 2015b). Such concerns include low and

unstable wages, unfair treatment by task requesters, and barriers to worker solidarity and

collective action (Berg, 2016; Semuels, 2018; Gray and Suri, 2019).

3.4.1 Proposal: Build worker solidarity

In response to these growing concerns, guidelines and tools for task creators have been

developed to help facilitate fair pay (Silberman et al., 2018; Whiting et al., 2019) and

interventions oriented at crowd workers directly have been developed to support worker

solidarity (Irani and Silberman, 2013; Salehi et al., 2015) and fair pay (Callison-Burch,

2014). Gray and Suri (2019) also discuss corporate interventions, such as providing col-

laborative online discussion spaces, offline shared workspaces, and portable reputation

systems, as well as governmental responses such as the construction of worker guilds,

unions, and platform cooperatives, and the provision of a social safety net work for these

precarious workers.

As personal data is increasingly commodified by technology companies and harvested

at scale to improve proprietary machine learning systems, often in ways that are by turns

inscrutable or distasteful to the general public (Viljoen, 2020), recent proposals call for not

only reframing personal data as labor (Posner and Weyl, 2019), but also for ‘data strikes’

in which users collectively withhold their data as a means to shift the power imbalance

back towards subjects who are not compensated for the ambient collection of their data

(Vincent et al., 2019).

3.5 Issue: Datasets contain harmful contents

In recent years there has been growing concern regarding the degree and manner of rep-

resentation of different demographic groups within prominent machine learning datasets,

constituting what have been called representational harms (Crawford, 2017). For example,
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a glaring under-representation of darker skinned subjects, compared with lighter skinned

subjects, has been identified within prominent facial analysis datasets (Buolamwini and

Gebru, 2018) and in image datasets used to train self-driving cars to detect pedestrians

(Wilson et al., 2019). Meanwhile, the images in object recognition datasets have been

overwhelmingly sourced from Western countries (DeVries et al., 2019). NLP datasets have

faced similar issues. For example, Zhao et al. (2018) found a stark underrepresentation

of female pronouns in the commonly used OntoNotes dataset for English coreference res-

olution; similarly, Lennon (2020) found that feminine-coded names were vastly underrep-

resented in the CoNLL-2003 dataset used for named entity recognition. While the under-

representation of marginalized groups in datasets has been met with calls for ‘inclusion’,

Hoffmann (2020) provides a case for skepticism of this narrative, as it has the potential to

merely uphold the very sort of power hierarchy that engenders such underrepresentation

in the first place.

Stereotype-aligned correlations have also been identified in both computer vision and

natural language processing datasets. For example, correlations between gender and ac-

tivities depicted in computer vision datasets have been shown to reflect common gender

stereotypes (Zhao et al., 2017; Burns et al., 2018; van Miltenburg, 2016). Dixon et al.

(2018) found that a dataset for toxicity classification contained a disproportionate associa-

tion between words describing queer identities and text labeled as ‘toxic’, while Park et al.

(2018) found evidence of gender bias against women in similar datasets. Such disparities

in representation stem, in part, from the fact that particular, non-neutral viewpoints are

routinely implicitly invoked in the design of tasks and labeling heuristics. For example,

a survey of literature on computer vision systems for detecting pornography found that

the task is largely framed around detecting the features of thin, nude, female-presenting

bodies with little body hair, largely to the exclusion of other kinds of bodies — thereby im-

plicitly assuming a relatively narrow and conservative view of pornography that happens

to align with a straight male gaze (Gehl et al., 2017).

In an examination of the person categories within the ImageNet dataset (Deng et al.,
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2009), Crawford and Paglen (2019) uncovered millions of images of people that had been

labelled with offensive categories, including racial slurs and derogatory phrases. In a sim-

ilar vein, Birhane and Prabhu (2021) examined a broader swath of image classification

datasets that were constructed using the same categorical schema as ImageNet, finding a

range of harmful and problematic representations, including non-consensual and porno-

graphic imagery of women. In response to the work of Crawford and Paglen (2019), a

large portion of the ImageNet dataset has been removed (Yang et al., 2020). Similarly,

Birhane and Prabhu (2021)’s examination prompted the complete removal of the TinyIm-

ages dataset (Torralba et al., 2008).

3.5.1 Proposal: Inspect datasets during and after production

Birhane and Prabhu (2021), summarized above, and Pipkin (2020) show how meticulous

manual audits of large datasets are compelling ways to discover the most surprising and

disturbing contents therein. Pipkin spent hundreds of hours watching the entirety of MIT’s

‘Moments in Time’ video dataset (Monfort et al., 2019), finding shocking and unexpected

footage of violence, assault, and death. They provocatively point out, in a reflection on

the process of developing their artistic intervention Lacework, that the researchers who

commission the curation of massive datasets may have less intimate familiarity with the

contents of these datasets than those who are paid to look at and label individual instances,

and as we discuss in §3.4, there is growing awareness of the need to better support the

workers at the front lines of the often grim and undervalued work of data labeling.

3.6 Issue: Datasets harbor spurious cues that lead to brit-
tle models

While deep learning models have seemed to achieve remarkable performance on chal-

lenging tasks in artificial intelligence, recent work has illustrated how these performance
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gains may be due largely to ‘cheap tricks’4 rather than human-like reasoning capabilities.

Geirhos et al. (2020) illustrate how the performance of deep neural networks can rely on

shortcuts, or decision rules that do not extrapolate well to out-of-distribution data and are

often based on incidental associations. Oftentimes, these shortcuts arise due to artifacts in

datasets that allow models to overfit to training data and to rely on nonsensical heuristics

to ‘solve’ the task — for example, detecting the presence of pneumonia in chest X-ray scans

based on hospital-specific tokens that appear in the images (Geirhos et al., 2020). That

is, in spite of high predictive performance, models are not performing the task according

to its intensional description, and thus the datasets may not be exemplary of reasoning

capabilities, as we discussed in Section 2.1.1.

Recent work has revealed the presence of shortcuts in commonly used datasets that

had been conceived of as proving grounds for particular competencies, such as reading

comprehension and other ‘language understanding’ capabilities. Experiments that illumi-

nate data artifacts, or ‘dataset ablations’ as Heinzerling (2019) calls them, involve simple

or nonsensical baselines such as training models on incomplete inputs and comparing per-

formance to models trained on full inputs. Much recent work in NLP has revealed how

these simple baselines are competitive, and that models trained on incomplete inputs for

argument reasoning, natural language inference, fact verification, and reading comprehen-

sion — i.e., tasks structured such that no human could do much more than randomly guess

the correct output — perform quite well (Niven and Kao, 2019; Schuster et al., 2019; Gu-

rurangan et al., 2018; Poliak et al., 2018; Kaushik and Lipton, 2018).5 In many cases, this

work has revealed how an over-representation of simple linguistic patterns (like negation

or presence of certain words) in dataset instances belonging to one label class can serve as

a spurious signal for models to pick up on.

4To borrow a term from Levesque (2014)
5Storks et al. (2019) and Schlegel et al. (2020) provide more comprehensive reviews of datasets and

dataset ablations for natural language inference.
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3.6.1 Proposal: Rethink annotation

Many of these issues result from the assumptions made in task design and in the under-

specification of instructions given to human data labelers, and can thus can be addressed

by rethinking the format that dataset collection takes. In light of this, recent work has

proposed approaches to pre-empting spurious correlations by designing annotation frame-

works that better leverage human ‘common sense’ (Srivastava et al., 2020) and more

critical approaches to dataset creation and use for tasks such as reading comprehension

(Gardner et al., 2019).

3.6.2 Proposal: Use tools to examine datasets

Recent work has proposed tools for using statistical properties of datasets to surface spu-

rious cues and other issues with contents. The AFLITE algorithm proposed by Sakaguchi

et al. (2020) provides a way to systematically identify dataset instances that are easily

gamed by a model, but in ways that are not easily detected by humans. This algorithm

is applied by Le Bras et al. (2020) to a variety of natural language processing datasets,

and they find that training models on adversarially filtered data leads to better generaliza-

tion to out-of-distribution data. Additionally, recent work proposes methods for perform-

ing exploratory data analyses based on training dynamics that reveal edge cases in the

data, bringing to light labeling errors or ambiguous labels in datasets (Swayamdipta et al.,

2020). Han et al. (2020) demonstrate the application of influence functions, originally

introduced by Koh and Liang (2017) as a way to identify the influence of particular train-

ing examples on model predictions, to the discovery of data artifacts. The REVISE tool by

Wang et al. (2020a) can be used to identify unequal representation in image description

datasets by leveraging features of the images and the corresponding texts. Using their tool,

they spot that images of outdoor sports activities are overwhelmingly labeled as men, and

that in images where a person is too small for any sort of gender to be told at all, they are

still labeled as men.
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In response to a proliferation of challenging perturbations derived from existing datasets

to improve generalization capabilities and lessen the ability for models to learn shortcuts,

Liu et al. (2019) propose ‘inoculation by fine-tuning’ as a method for interpreting what

model failures on perturbed inputs reveal about weaknesses of training data (or mod-

els). Recent papers also outline methodologies for leveraging human insight in the manual

construction of counterfactual examples that complement instances in natural language

processing datasets to promote better generalization (Gardner et al., 2020; Kaushik et al.,

2020).

The case of VQA-CP (Teney et al., 2020b) provides a cautionary tale of when a per-

turbed version of a dataset is, itself, prone to spurious cues. This complement to the orig-

inal Visual Question Answering (VQA) dataset, consisting of VQA instances redistributed

across train and test sets as an out-of-domain benchmark for the task, was found to be easy

to ‘solve’ with randomly generated answers. Cleverly designed sabotages that are meant

to strengthen models’ ability to generalize may ultimately follow the same patterns as the

original data, and are thus prone to the same kinds of artifacts. While this has prompted

attempts to make models more robust to any kind of dataset artifact, it also suggests that

there is a broader view to be taken with respect to rethinking how we construct datasets

for tasks overall.

These methods crucially rely on statistical patterns in the data to surface problem in-

stances; it is up to human judgment to make sense of the nature of these problematic

instances, whether they represent logical inconsistencies with the task at hand, cases of in-

justice, or both. Additionally, while a variety of recent papers have proposed methods for

removing spurious cues from training data or ‘de-biasing’ models, recent work has shown

that this can be damaging for model accuracy (Khani and Liang, 2021).

Considering that datasets will always be imperfect representations of real-world tasks,

recent work proposes methods of mitigating the impacts of biases in data. Teney et al.

(2020a) propose an auxiliary training objective using counterfactually labeled data to

guide models toward better decision boundaries. He et al. (2019) propose the DRiFT
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algorithm for ‘unlearning’ dataset bias.

Sometimes, noise in datasets is not symptomatic of statistical anomalies or labeling

errors, but rather, a reflection of variability in human judgment. Pavlick and Kwiatkowski

(2019) find that human judgment on natural language inference tasks is variable, and that

machine evaluation on this task should reflect this variability.

3.7 Issue: Datasets pose privacy and consent issues to hu-
man subjects

Potential privacy violations arise when datasets contain biometric information which can

be used to identity individuals, including faces, fingerprints, gait, and voice amongst oth-

ers. However, at least in the US, there is no national-level privacy law which deals with

biometric privacy. A patchwork of laws exist in Illinois, California, and Virginia which have

the potential to safeguard the privacy of data subjects. However, only the Illinois Biometric

Privacy law requires corporate entities to provide notice to data subjects and obtain their

written consent (Khan & Hanna 2020, under submission). The EU General Data Protection

Protection Regulation (GDPR), adopted in 2016, aimed at improving transparency about

consumer data collection and empowering individuals to exert more control over what per-

sonal data was collected about them. For a look at personal data privacy laws worldwide,

refer to Cortez.

Even in cases in which all data were collected legally from a copyright perspective —

such as through open licenses like Creative Commons — many downstream questions re-

main, including issues about privacy, informed consent, and procedures of opt-out (Merkley,

2019). O’Sullivan (2020) discusses how technically legal uses of personal data that are not

anticipated by or fully disclosed to the original owners of the data, e.g. the use of images

scraped from the web to train facial recognition algorithms, constitute the ethical equiv-

alent of data theft. Copyright guarantees are not sufficient protections for safeguarding

privacy rights of individuals, as seen in the collection of images for the Diversity in Faces
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and MegaFace datasets (Solon, 2019; Murgia, 2019).

Secure storage and appropriate dissemination of human-derived data is a key compo-

nent of data ethics (Richards and King, 2014). To have a culture of care for the subjects

of the datasets we make use of requires us to prioritize the well-being of the subjects

in the dataset throughout collection, development and distribution. However, machine

learning researchers developing such datasets rarely pay attention to this necessary con-

sideration. Researchers will regularly distribute biometric information — for example, face

image data — without so much as a distribution request form, or required privacy policy in

place. Furthermore, the images are often collected without any level of informed consent

or participation (Solon, 2019; Harvey and LaPlace, 2019; Raji and Fried, 2021). In the

context of massive data collection projects, the potential harms extend beyond those that

can be addressed with individual consent.

Even when these datasets are flagged for removal by the creators, researchers will

still attempt to make use of that now illicit information through derivative versions and

backchannels. For example, Peng et al. (2021) finds that after certain problematic face

datasets were removed, hundreds of researchers continued to cite and make use of copies

of this dataset months later. Without any centralized structure of data governance for the

research in the field, it becomes nearly impossible to take any kind of significant action to

block or otherwise prevent the active dissemination of such harmful datasets.

Additional security concerns arise due to the manner in which large-scale datasets are

curated and disseminated through a web-scraping paradigm. For example, it was recently

discovered that one of the URLs in the ImageNet dataset that originally pointed to an image

of a bat instead linked to malware, potentially making dataset users vulnerable to hacking

(O’Sullivan, 2020).

3.7.1 Proposal: Humanize data

Metcalf and Crawford (2016) go so far as to suggest the re-framing of data science as hu-
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man subjects research, indicating the need for institutional review boards and informed

content as researchers make decisions about other people’s personal information. Partic-

ularly in consideration of an international context, where privacy concerns may be less

regulated in certain regions, the potential for the data exploitation is a real threat to the

safety and well-being of data subjects (Mohamed et al., 2020). As a result, those that are

the most vulnerable are at risk of losing control of the way in which their own personal

information is handled. Without individual control of personal information, anyone who

happens to be given the opportunity to access their unprotected data to can act with little

oversight, potentially against the interests or well-being of data subjects. This can become

especially problematic and dangerous in the most sensitive contexts of personal finance

information, medical data or biometrics (Birhane, 2020).

Recent work by Register and Ko (2020) illustrates how educational interventions that

guide students through the process of collecting their own personal data and running

it through machine learning pipelines can equip them with skills and technical literacy

toward self-advocacy — a promising lesson for the next generation of machine learning

practitioners and for those impacted by machine learning systems.

3.8 Issue: Dataset reuse strips away original context

Data management practices, such as the FAIR data principles (Wilkinson et al., 2016),

assert the importance of making research datasets findable, accessible, interoperable, and

reusable. Several scholars have written on the importance of reusable data and code for

reproducibility and replicability in machine learning (Stodden and Miguez, 2014; Stodden,

2020), and the publication of scientific data is often seen as an unmitigated good, either

in the pursuit of reproducibility (Pasquetto et al., 2017) or as a means of focusing research

effort and growing research communities (e.g. through shared task evaluations (Belz and

Kilgarriff, 2006)). Here, we want to consider the potential pitfalls of taking data which

had been collected for one purpose and using it for one in which it was not intended,
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particularly when this data reuse is morally and ethically objectionable to the original

curators. Science and technology scholars have considered the potential incompatibilities

and reconstructions needed in using data from one domain in another (Edwards, 2013).

Indeed, Strasser and Edwards discuss several major questions for big data in science and

engineering, asking critically “Who owns the data?” and “Who uses the data?” (2017,

p. 341-343). Although in Section 3.3 we discuss ownership in a legal sense, ownership

also suggests an inquiry into who the data have come from, such as the “literal [. . . ]

DNA sequences” of individuals (Strasser and Edwards, 2017, p. 342) or other biometric

information.

Instances of data reuse in benchmarks are often seen in the scraping and mining con-

text, especially when it comes to Flickr, Wikipedia, and other openly licensed data in-

stances. Many of the instances in which machine learning datasets drawn from these and

other sources which are serious privacy violations are well-documented by Harvey and

LaPlace (2019), who discuss instances of scraping Flickr and other image hosting services

for human images without explicit user consent.

Another concerning example of data reuse occurs when derivative versions of an origi-

nal dataset are distributed — beyond the control of its curators — without any actionable

recourse for removal. The DukeMTMC (Duke Multi-Target, Multi-Camera) dataset was col-

lected from surveillance video footage from eight cameras on the Duke campus in 2014,

used without consent of the individuals in the images and distributed openly to researchers

in the US, Europe, and China. After reporting in the Financial Times (Murgia, 2019) and

research by Harvey and LaPlace, the dataset was taken down on June 2, 2019. However,

Peng et al. (2021) highlighted how the dataset and its derivatives are still freely available

for download and used in scientific publications. It is nearly impossible for researchers to

maintain control of datasets once they are released openly or are not closely supervised by

institutional data repositories.
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3.8.1 Proposal: Data stewardship

Researchers have thus proposed the use of better data stewardship protocols, such as pro-

moting more standardized dataset management and citation practices (Peng et al., 2021)

and the establishment of data consortia (Jo and Gebru, 2020). Best practices for sharing

and managing datasets are a burgeoning area of research in natural language processing.

In addition to a comprehensive accounting for the motivations and contents of abusive

language datasets, Vidgen and Derczynski (2020) provide several suggestions for the re-

sponsible dissemination of such data, including the establishment of data trusts, platform-

supported data sets, and the use of synthetic data.

3.9 Discussion

We have explored prominent issues in machine learning dataset practices, as well as some

existing proposals for addressing these issues. A common thread pervading these issues

seems to arise from a disciplinary culture that values rapid progress focused on large,

cheaply acquired datasets that suffer from quality issues. Meanwhile, many of the propos-

als for addressing these issues suggest turning toward a more careful, systems-level and

detail-oriented strategy for the collection, use, and stewardship of data.

We argue that fixes that focus narrowly on improving datasets by making them more

representative or more challenging enrolls us in the Sisyphean task of finding and fixing

dataset flaws rather than taking the necessary step back to address the more systematic

issues at play. This renewed focus is essential to making progress as a field, so long as

notions of progress are largely defined by performance on datasets.

We also recognize the need for a fundamental shift in the incentive structures that guide

how machine learning practitioners prioritize dataset related tasks. The introduction of a

“Datasets and Benchmarks Track” (Vanschoren and Yeung, 2021) at Neural Information

Processing Systems Conference 2021, which will incentivize data-focused research, indi-

cates a positive step in this direction.



36

It is also worth considering new models for data collection that involve enthusiastic,

informed, reversible consent (http://consentfultech.io/) and voluntarily donated data

aimed at helping to understand sensitive phenomena such as suicideality (e.g. the CLPsych

2021 shared task (Macavaney et al., 2021)).

3.10 Takeaways

In Chapter 2, we examined issues with common practices in the stages of machine learning

development. In this chapter, we have explored data concerns in more depth. Now, we

provide some recommendations based on our observations, and reflect on how actions at

the different stages of development interact with each other. Figure 3.1 illustrates steps

for each stage.

Figure 3.1: Idealized pipeline for a data-driven machine learning system

3.10.1 For formulating problems

We echo Costanza-Chock (2020) in that we should use design to liberate people from sys-

tems of oppression, not replicate them, and should thus actively seek out insight from the

http://consentfultech.io/
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most impacted stakeholders in the design of systems. We should become comfortable with

the possibility that our interventions will be rejected. We also argue that faulty problem for-

mulation negates any downstream concerns about data quality. To use a particularly per-

verse example, the DeepNude application applies a generative adversarial network trained

on a dataset of nude images of women and takes as input ‘a photo of a clothed person and

creates a new, naked image of that same person. It swaps clothes for naked breasts and

a vulva’ (Cole, 2019). Whether the dataset used to train DeepNude was ‘diverse’ or not

is irrelevant in considering the harms of such an application, because the ensuing product

is a shameful and dehumanizing invasion of individual privacy regardless of the data dis-

tribution it was trained on. Additionally, the design of such an application relies on the

collection of tens of thousands of images of nude women. This is incredibly sensitive data,

and the developer did not disclose where or how they acquired the images. Although I

can’t imagine a socially beneficial reason to collect such data, for the sake of argument, the

collection of such sensitive personal data should have a clear rationale justifying its col-

lection before it is even collected. The DeepNude application is, arguably, not a justifiable

rationale.

3.10.2 For collecting, distributing and using data

The massive sizes of contemporary machine learning datasets make it intractable to thor-

oughly scrutinize their contents, and thus it is hard to know where to begin looking for the

kinds of representational and statistical biases outlined above. Indeed, a culture character-

ized by a desire to harness large datasets without questioning what is in them or how it got

there, no matter how unsavory the details might be, produces what Vinay Prabhu calls the

‘abattoir effect’ (Raji et al., 2020). While many of the dysfunctional contents discovered

in datasets were found by using intuition and domain expertise to construct well-designed

dataset ablations and audits, some of the most disturbing were found by manually combing

through the data.
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As data solicitors often commission data labels at scale from crowdworkers, more mech-

anisms for feedback should be made available to data labelers to contest particular in-

stances or raise red flags. Data labelers are arguably the most intimately familiar with the

dataset and thus have valuable perspectives on dataset contents, and their input should be

taken into account, rather than dismissed.

Downstream users of datasets should seek out documentation, and if it is not available,

they should carefully consider the pitfalls of using under-documented data — for example,

it may make error analysis difficult during the model development stage. Researchers have

taken up the helm of retrospectively combing through data to document it retrospectively,

which is a worthy pursuit, but I argue that we should not rely solely on this practice —

we should also be more careful about what we collect in the first place, and document it

prospectively.

We briefly summarized some proposals for procedural dataset modifications and bias

mitigation techniques that can help in making systems more robust. We recommend the

use of these tools, but emphasize that these methods are only useful insofar as the dataset

in question itself represents a well-designed task. In other words, when making lemonade

from lemons, we must ensure the lemons are not ill-gotten or poorly formed.

When distributing datasets, it is useful to host them on platforms like Zenodo, which

provides stable identifiers and download metrics for datasets so that authors can revise,

update, or remove data and have this reflected at a stable location. Although we cannot

track every illicit instance of a dataset, we can at least promote better practices for sharing

data.

When collecting data from the web, we should favor content that is available under a

permissive license. While legal tools are just one way to promote standards for data collec-

tion and use, the average social media user does not carefully read terms of service before

sharing data and content online (Obar and Oeldorf-Hirsch, 2020). Public backlash against

social media platforms and other companies that harvest data, particularly biometric data

such as pictures of people, shows how certain data collections, even those that are techni-
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cally legal, can still be considered wrong and erode public trust (O’Sullivan, 2020). Clearly

there is a disconnect between how people think their content will be used, and how it is

actually used, and of course, just because something is technically legal does not mean it

is moral. Thus, we should err on the side of caution when collecting data, and consider

that many people who post content online have not provided their informed consent to the

collection of their data.

3.10.3 For model development

In addition to carefully documenting and reporting details of model development prior

to system release, developers should also make use of the data exploration techniques

described above during model evaluation, to better surface edge cases and to inform error

analyses. We echo proposals to minimize the environmental impact of model training.

3.10.4 For system integration

We echo Heuer and Buschek (2021) in advocating for more interdisciplinary collaboration

between researchers in HCI and NLP to inform more user-centric, participatory modes of

developing and releasing NLP applications. Because this stage involves complex real-world

contexts, it is difficult to make general recommendations — a case-by-case analysis seems

more appropriate.

In the following chapters, we will look at three case studies in NLP applications and

tailor these recommendations to particular contexts.
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Chapter 4

VECTOR SPACE MODELS OF TEXT

The purpose of this chapter is twofold: to summarize efforts to produce computational

representations of text that can be used for language processing tasks, as background

for the remaining chapters, and to provide a case study in the concerns implicated in

the development of these models. In particular, we explore how the choice of training

data has repercussions for downstream applications. We summarize some examples of the

architectures used in such systems and the data sources used in their development.

4.1 Representing meaning

Suppose one wanted to find all articles about cats in a collection of documents. The Ctrl+F

function, available on most modern computers and familiar to most users, can be used to

identify exact string matches for the word ‘cats’ in a particular document. It would be

inefficient, however, to manually perform this search over every document, and moreover,

the process would need to be replicated with alternate expressions like the singular ‘cat’ or

the synonym ‘feline.’ A more expressive, sophisticated approach is the use of regular ex-

pressions — for example, the regular expression ‘cat(s)|feline(s)’ will capture matches

for the strings ‘cat’, ‘cats’, ‘feline’, and ‘felines’, but this is still ultimately based on matching

characters at the string level. There are several shortcomings to the string-match-based

approach to searching for documents on a topic — we might turn up matches that look

identical but are unrelated to our topic of interest, such as ‘CAT scan’ or ‘CAT construction

equipment’ or idioms like ‘someone let the cat out of the bag.’ We are also limited by how

many different ways we can come up with for expressing terms related to cats, and might

miss relevant documents that use a term we didn’t think of.
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Going beyond simple string matching methods, if we want to find all documents that

conceptually relate to cats: there are systems of cataloguing documents based on keywords

or other metadata, relying on human categorization and taxonomies. However, these cat-

egories are not very flexible, and as language and culture change over time, so do our

conceptions of what constitutes salient categories, and what names are appropriate for

these categories (Buckland, 2017).

Rather than relying on exact character matches or available metadata and cataloguing

systems for finding information, we can rely on statistical properties of language to produce

useful representations of terms and concepts. Indeed, early work proposing a vector space

model for documents based on their contents was addressing the problem of information

retrieval (Salton et al., 1975). These days, vector space models of text have come to

form the basis for a wide variety of tasks in natural language processing, and numerous

techniques for building such models have been introduced.

Distributed methods are so named because they distribute values across a vector, con-

trasting with the one-hot approach. The distributed model is more efficient, and provides

some interesting affordances in terms of geometric properties that correspond to concep-

tual relatedness. Within the distributed model, there are count-based methods for deriving

vectors, which rely on word frequencies, and predictive models, which rely on predicting

context for a word. Baroni et al. (2014) show that predictive models outperform count-

based models (trained on the same data) on semantic similarity tasks and analogy tasks.

The modern NLP pipeline typically uses distributed, continuous vector representations

of text, known as ‘word embeddings,’ as input to models. These embeddings have been

shown to be effective as input to downstream tasks, but they have also been used for

exploring associations in text.

Many of these approaches, and those that derive from them, rely on the distributional

hypothesis (Harris, 1954; Firth, 1957), namely, that a word’s meaning can be understood

as corresponding to the contexts in which it appears. For an overview of word embeddings

in NLP, refer to Pilehvar and Camacho-Collados (2020). Turney and Pantel (2010) also



42

provide a survey of vector space models in natural language processing.

4.2 Examples

Here we introduce a selection of architectures for learning vector space models.

4.2.1 Skip-gram with negative sampling

Mikolov et al. (2013a) introduce the skip-gram architecture. The skip-gram with negative

sampling algorithm involves training a neural network to estimate the probability of a

term tc appearing within a sliding context window centered on an observed term, to. The

training objective involves maximizing this probability for true context terms P (tc|to), and

minimizing the probability P (t¬c|to) for randomly drawn terms t¬c that do not appear in

such a context window, with the probability estimated as the sigmoid function of the scalar

product between the input weight vector for the observed term and the output weight

vector of the context term, σ(−→to .−−→tc|¬c).

4.2.2 Embedding of Semantic Predications

Embedding of Semantic Predications (ESP) is introduced in Cohen and Widdows (2017).

ESP is trained with a neural network architecture to estimate the probability of encoun-

tering the object, o, of a subject-predicate-object triple sPo. The training objective in-

volves maximizing this probability for true objects P (o|s, P ) and minimizing it for ran-

domly drawn counterexamples, ¬o, P (¬o|s, P ). The non-negative normalized Hamming

distance (NNHD) shown in Equation 4.1 to estimate the similarity between them. P (o|s, P )

is estimated as NNHD(o, s⊗ P ), where ⊗ represents the use of pairwise exclusive OR as a

binding operator, in accordance with the Binary Spatter Code (Kanerva, 1996).

NNHD = max

(
0, 1− 2× hamming distance

dimensionality

)
(4.1)
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4.2.3 Contextualized language models

The last few years have seen a surge in influence from so-called contextualized language

models, which result not in static vectors for each word, but representations that are com-

puted based on context. The ELMo model of Peters et al. (2018b) spurred interest in this

innovation, and shortly thereafter, BERT (Devlin et al., 2019) combined the Transformer

architecture of Vaswani et al. (2017) and a bidirectional masked language model objective

to build on this work. BERT notably beat the GLUE benchmark human baselines, spurring

new research in model interpretability (Rogers et al., 2020).

4.3 Affordances of statistical models of text

Here we discuss two key affordances of continuous models of text: the ability to surface

statistical correlations between linguistic units, and to build on that affordance for finding

relationships between concepts.

There has been much debate over the extent to which such models of text afford a

system with a language facility on par with that of a human, since they apparently do well

on GLUE. Whether or not these models absorb information that corresponds to linguistic

theories of the underlying structure of language is still under active investigation. In recent

work, we probed multilingual BERT for evidence that the model has encoded information

that corresponds to theoretical constructs of linguistic structure (Shapiro et al., 2021).

4.3.1 Associations

By their nature as distributional models of text, the word associations represented in vec-

tor space models reflect conceptual correlations evinced in the data they are trained on.

This makes such models useful tools for studying public discourse: for example, Rodman

(2020) find that word associations in a corpus of historical news documents align with

human assessments of the shifting dialogues around equality in the United States. On the
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other hand, it is no surprise there are negative connotations and harmful stereotypes re-

flected in the word associations in these models, both in generic text (Caliskan et al., 2017)

and clinical text (Zhang et al., 2020). Long (2021) writes, ‘Indeed, their ability to detect

bias is of value to scholars who wish to interrogate normative structures of stereotype, even

as it warrants critical suspicion of their deployment in social media platforms and search

engines under the pretense of algorithmic objectivity’ (p. 218). However, as Thorp (2021)

points out, it’s not just that the tool is for a ‘map of language, a playground for the lin-

guistically curious’ — these systems are used to ‘make decisions – specifially classifications

based on data’ (p. 43).

Christian (2020) advises using these models descriptively rather than prescriptively as

a way to surface the latent societal biases they model.

4.3.2 Analogies

Analogical reasoning has long been thought to be a critical component of generalizable

intelligence. In an influential discussion in 1952, Alan Turing proposed analogies as a

challenging example of intelligent, human-like reasoning for a computer (Copeland, 2004,

p.499). Here, we discuss how vector space models of text have been tested for analogical

reasoning capabilities.

Turney and Littman (2005) provided an early demonstration of the ability for algo-

rithms to leverage vector space representations, inspired by the information retrieval work

of Salton et al. (1975), to learn analogies from text in an unsupervised fashion and to eval-

uate this approach with arithmetic over vectors. Mikolov et al. (2013b) demonstrated how

word2vec can be used to solve proportional analogy problems using simple geometric op-

erators over vectors. This work demonstrated the use of a continuous vector space model

of language that could be used for analogical reasoning when vector offset methods are

applied, providing the following canonical example: if xw is the vector corresponding to

word w, xking - xman + xwoman yields a vector that is close in proximity to xqueen. This result
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suggests that the model has encoded something about semantic gender. They identified

some other linguistic patterns recoverable from the vector space model, such as plural-

ization: xapple - xapples ≈ xcar - xcars. This model was trained on transcriptions of English

Broadcast News.

However, work soon followed that pointed out some of the shortcomings of attributing

these results to the models’ analogical reasoning capacity. For example, Linzen (2016)

showed that the vector for ‘queen’ is itself one of the nearest neighbors to the vector for

‘woman,’ and so it can be argued that the model does not actually learn relational in-

formation that can be applied to analogical reasoning, but rather, can rely on the direct

similarity between the target terms in the analogy to produce desirable results. Further-

more, Gladkova et al. (2016) introduced the Better Analogy Test Set (BATS) to provide

a more challenging evaluation set for analogical reasoning that includes a broader set of

semantic and syntactic relationships between words, and found that models such as skip-

gram performed underwhelmingly for certain relationship types.

As for contextualized word representations from language models such as BERT and

ELMo, Peters et al. (2018a) showed (at least in the case of ELMo) they underperform

other styles of embeddings in relational analogy tasks. One promising result comes from

Jin et al. (2019), who show that BioELMo embeddings trained on biomedical text encode

relational information better than BioBERT. Jin et al. (2019) probe biomedical term em-

beddings from language models also using nearest neighbor analysis. Researchers have

proposed using prompts for eliciting knowledge from language model parameters — for a

perspective on this problem in the biomedical domain, refer to Nadkarni et al. (2021).

4.4 Natural language from recycled materials

The Internet has both invited the production of a lot of user-generated text and facilitated

the dissemination of it. Wikipedia and Common Crawl are some of the most common

sources of ‘pre-training’ data for large language models. There are issues of provenance,
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credit, and quality inherent to the scraping paradigm, which we discuss in more detail in

Ch. 3. Tensions arise between the values of the free culture movement and intellectual

property rights, and there is also a pervasive issue of power — who gets to collect and store

data, who is given the informed ability to opt in or out of having their data included. Fair

Use is determined on a case by case basis, and the legal status of large language models that

are trained on large collections of text scraped from the web is under active investigation.

Meanwhile, recent research has highlighted some of the ethical pitfalls of large language

models, most notably Bender et al. (2021). For example, the word co-occurrences in

datasets used to train these models frequently reflect social biases and stereotypes relating

to race, gender, (dis)ability, and more (Caliskan et al., 2017; Garg et al., 2018; Hutchinson

et al., 2020). This leads to issues when these models are used as the basis for a number

of applications. For example, Speer (2017) discovered that a simple sentiment classifier,

seeded with an existing sentiment lexicon and using trained GloVe vectors (trained on

Common Crawl) as its base, rated the sentence ‘Let’s go get Mexican food’ as having less

positive sentiment than ‘Let’s go get Italian food,’ where the only difference between the

sentences is in the ethnicity named.

The quality of the training data and the privacy issues it poses have also come under

investigation. Carlini et al. (2020) illustrate how sensitive, personally identifying informa-

tion can be extracted from the training data of large language models. Caswell et al. (2021)

show the value of manual audits of multilingual corpora to highlight the dubious quality

of many datasets used for language model training. Their team of human volunteers, with

proficiency in about 70 languages altogether, found that several corpora scraped from the

web are rife with examples of mistranslated text and mislabeled linguistic content (i.e.,

content in a particular language labeled erroneously as belonging to another language).

Levendowski (2018) has argued that copyright is actually a useful tool for battling algo-

rithmic bias by offering a larger pool of works from which machine learning practitioners

can draw. She argues that, given that pre-trained representations like word2vec and other

word embeddings suffer from gender and racial bias (Caliskan et al., 2017; Packer et al.,
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2018), and other public domain datasets are older or obtained through means likely to re-

sult in amplified representation of stereotypes and other biases in the data (e.g. the Enron

text dataset), that using copyrighted data can battle biased datasets and their use would

fall under copyright’s fair use exception.

4.5 Discussion

In order to ensure public trust, builders of language models should strive to incorporate

data that is unequivocally, enthusiastically made available, e.g. with a Free Cultural Li-

cense that permits radical reuse. Text sources like personal blogs constitute a morally

dubious area for language modeling — while the websites that host blogs make these

sources technically publicly available, internet users may be underage or otherwise unable

to consent to having their data collected, and may be unaware that their personal thoughts

are being scraped, read, and reused by researchers.

Many of the issues highlighted with language models has been due to the contexts

in which they are used. Developers should clarify the intended downstream use case and

ensure the model is adequately calibrated for this, or at least make shortcomings apparent.

These models have also been employed in generative art because the probabilities can

be decoded to generate text from the model’s parameters. Stochastic processes and remix-

ing are well-established in the art world, as in the Dadaist movement, collage, etc. Rather

than imbuing these models with any sort of divinatory power, I see them as a mirror of

a particular set of ideas reflected in their training data, and as a generative process with

which to build upon a lineage of human thought, similar to the Tarot or the I Ching. Artists

have proposed ethical guidelines for producing generative art from neural networks that

include critical reflection on data sources, the creator’s relationship to those data sources,

and the legal, ethical, and representational issues reflected therein (Leibowicz et al., 2021).



48

Chapter 5

MACHINE TRANSLATION IN CONTEXT

“The great cultural barrier imposed by a separate language is perhaps the most

effective guarantee that a social world, easily accessible to insiders, will remain

opaque to outsiders... a unique language represents a formidable obstacle to

state knowledge, let alone colonization, control, manipulation, instruction, or

propaganda.”

— James C. Scott, ‘Seeing Like a State’1

The practice of translation between human languages has long been shaped by power

asymmetries (Gal, 2015). The boundaries applied to a continuum of linguistic communi-

ties and practices on the African continent to produce European understandings of discrete

language objects, and indeed the very names applied to these objects, were imposed by Eu-

ropean colonizers as the basis for the creation of language documentation and translation

materials that undergirded colonializing efforts centuries ago (Errington, 2001). Some of

the first grammar resources for previously unwritten languages were created by Christian

missionaries in order to translate the Bible and proselytize to indigenous peoples world-

wide (Pennycook, 2005). Throughout history are examples of colonial subjects who were

forced to learn the languages of the colonizers, often facing punishment for speaking in

their native languages (Bear Nicholas, 2011; Pak and Hwang, 2011). In many cases, this

linguistic oppression has contributed to the decline in native speakers of indigenous lan-

guages, and the demand for colonial subjects to render themselves legible through obliga-

tory translation further deepened their subjugation.

1Scott (2008, p. 72)
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In 2019, the United States Department of Homeland Security (DHS) announced its

plans to collect social media usernames of foreign individuals seeking entry into the United

States, whether as travelers or immigrants, as part of a new “extreme vetting” process

to determine admissibility into the country2. For those whose online activity is mediated

primarily in a language other than English, an official manual distributed by US Citizenship

and Immigration Services instructs officers to use Google Translate to translate their social

media posts into English. This practice continued in spite of Google’s warning that its

translation services are not intended to be used in place of human interpreters (Patel et al.,

2019; Torbani, 2019).

As the DHS social vetting protocol makes evident, the deployment of machine trans-

lation technology extends a tradition of surveillance and discipline of subordinate groups

by forcibly rendering their speech legible. In this manner, language technologies enable a

new kind of linguistic surveillance. In fact, such interests are precisely what fostered the

development of machine translation technology in the mid-20th century.

In this chapter, we illustrate how the sociopolitical context in which machine translation

was first developed has shaped the core goals and assumptions of the project, and how its

continued development and use not only facilitate but require a consolidation of resources

and power at an increasingly large scale. We explore how technology complicates the

concept of language ownership and how linguistic communities worldwide have fought to

reserve control over how their languages are used.

5.1 History of Machine Translation

We begin with a brief overview of the development of machine translation technology, fo-

cusing on text-based translation in the United States from the Cold War to today. Early rule-

based systems were largely developed with funding from and for use by the military and

2https://www.federalregister.gov/documents/2019/09/04/2019-19021/agency-information-

collection-activities-generic-clearance-for-the-collection-of-social-media

https://www.federalregister.gov/documents/2019/09/04/2019-19021/agency-information-collection-activities-generic-clearance-for-the-collection-of-social-media
https://www.federalregister.gov/documents/2019/09/04/2019-19021/agency-information-collection-activities-generic-clearance-for-the-collection-of-social-media
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other federal agencies, often relying on interdisciplinary collaboration between engineers

and linguists. After a period of steady research largely dominated by government-funded

academic work, machine translation became widely available to the general public during

the personal computing revolution of the 1990s, with the advent of commercially avail-

able translation software. By the 2000s, Google’s tremendous index of web content and its

swaths of capital enabled the enrichment and application of statistical (and later, neural)

machine translation techniques, leading to the deployment of freely available translation

services on the web as they are commonly used today.

5.1.1 Roots of Machine Translation: 1949-1997

“[O]ne naturally wonders if the problem of translation could conceivably be

treated as a problem in cryptography. When I look at an article in Russian, I

say, ‘This is really written in English, but it has been coded in some strange

symbols. I will now proceed to decode.”

– Warren Weaver, in correspondence to Norbert Wiener, 19473

Modern machine translation traces its roots to work in cryptography and codebreak-

ing during World War II. American scientist Warren Weaver, who had collaborated with

pioneering information theorist Claude Shannon, had an interest in the application of in-

formation theory to the translation of human languages. In 1949, Weaver, then director

of the Natural Sciences Division at the at the Rockefeller Institute, distributed a highly

influential memo, entitled Translation, to a handful of linguists and engineers in which

he laid out a call to action for the application of computers to the translation of human

languages. Weaver’s memo spurred a proliferation of research efforts in machine trans-

lation at a variety of institutions in academia and industry, including the University of

Washington, Georgetown University, IBM, and the RAND corporation (Hutchins, 2000).

3Quoted in Hutchins (1997)
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The mere decision of which languages to target for the first efforts in automatic trans-

lation was a political one, shaped at the time by Cold War rivalries between the United

States and the Soviet Union, and spurred in particular by a desire to increase monitoring

of scientific literature in Russian. Anthony Oettinger, then an undergraduate at Harvard

University, recalls being recruited to collaborate with computer scientist Howard Aiken,

one of the recipients of Weaver’s memo, specifically because he was a student of Russian

(Hutchins, 2000).

Research continued at a steady pace, and despite a promising system demonstration of

Russian-English translation by the Georgetown-IBM team, funding dwindled in the 1960s

in the wake of the damning ALPAC report that bemoaned the poor quality of machine trans-

lation. Then, in the late 1980s, a team at IBM applied the data-driven statistical methods

they had been using for the task of speech recognition to the task of translation between

English and French, largely on a whim4. The ensuing publication, ‘A statistical approach to

machine translation’ (Brown et al., 1990), was initially met with skepticism, but proved to

be incredibly influential; by some accounts, it was the impetus for the subsequent rise of

statistical approaches to many more areas of NLP (Li, 2017).

Meanwhile, the United States government remained a faithful consumer of machine

translation technology; in Tom Pedtke’s 1997 keynote address at the sixth Machine Trans-

lation Summit, he reflects on several key developments in the 1990s fostered by govern-

ment demand. For example, the Drug Enforcement Agency was devoting resources to the

improvement of Spanish-English translation in 1991, while projects in Chinese-English and

Korean-English translation were championed by the NSA, the FBI, DARPA, and the Navy

(Locke and Booth, 1998). The end of the 1990s saw a shift in the key players in (and

consumers of) machine translation.

4Li (2017) recounts how Brown et al. performed these experiments while their director, the famed Fred
Jelinek, was on vacation, due to concerns that their proposal would be shot down on theoretical grounds
(p. 200).
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5.1.2 Data-driven Translation: 1997 to Now

“The most important thing happening in Silicon Valley right now is not disrup-

tion. Rather, it’s institution-building — and the consolidation of power — on a

scale and at a pace that are both probably unprecedented in human history.”

– Gideon Lewis-Kraus, ‘The Great A.I. Awakening’

New York Times Magazine, Dec. 14, 2016 5

By the mid to late 1990s, advances in computational processing power and the personal

computing revolution had enabled the development of translation tools for use by civilians.

SYSTRAN, which had been developed out of Georgetown’s original machine translation

program, teamed up with hardware powerhouse Digital Equipment Corporation to launch

AltaVista, the first free web-based translation service, in 1997. Originally limited to trans-

lation between English and a handful of Romance languages, it was widely applauded;

user studies revealed heartwarming anecdotes of how the service enabled communication

with beloved monolingual family members and provided a unique source of amusement

when translations went awry (Yang and Lange, 1998).

The following year, in September of 1998, Larry Page and Sergey Brin incorporated the

web search company known as Google. As graduate students at Stanford University, Page

and Brin had begun work on building a massive index of the contents of the nascent World

Wide Web, as part of the Digital Libraries Project funded jointly by DARPA, NSF, and NASA;

this work would come to form the basis for the Google search engine (O’Mara, 2019). By

2004, Google was an enormously valued, publicly traded company that had earned the

praise of web surfers worldwide. Brin claims that it was a message from a South Korean

fan, mis-translated to ‘The sliced raw fish shoes it wishes. Google green onion thing!’ by

the SYSTRAN software Google had been licensing, that spurred the decision to expand

Google’s capabilities to include the translation of languages (Helft, 2010). After all, in

5Lewis-Kraus (2016)
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Google’s quest to index all of the web, it would need to be able to include those parts of

the internet that were not in English.

That year, Page reached out to Franz Och, then a research scientist at the Information

Science Institute at the University of Southern California, to hire him to build what would

become Google Translate. Och was skeptical at first, and bewildered as to why a search

engine company would want to dive into the domain of translation, but was enticed by

the fact that Google had unprecedented computational resources with which to push the

frontiers of statistical machine translation, made newly tractable by the sheer quantity of

text data at Google’s disposal (Sarno, 2010b).

Over the next few years, under Och’s direction, Google Translate vastly edged out other

machine translation efforts by university research groups, developing efficient systems for

dozens of languages. Mark Przybocki, who oversaw machine translation evaluation con-

tests at the National Institutes of Standards and Technology in 2010, likened Google’s

competitive advantage to “going up against someone with access to a football field worth

of processors to collect data.” (Sarno, 2010a) Today, Google Translate boasts the ability

to translate texts between over a hundred languages, and other tech giants like Microsoft

and Facebook have also ventured into machine translation research.6

5.2 Consequences of deployment

A key driving force behind machine translation has been the quest for an exhaustive collec-

tion of knowledge that transcends local contexts. The earliest efforts in American machine

translation were intended to decipher Cold War-era Russian communications and scientific

papers, and now, Google has deployed its state-of-the-art machine translation tools to build

its massive database of the world’s online content. While the casual user of Google Trans-

late ostensibly benefits from access to this resource, these free tools may be understood as

‘hooks’ that ensnare users further into the extractive relationship of surveillance capitalism

6https://translate.google.com/intl/en/about/languages/

https://translate.google.com/intl/en/about/languages/
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(Zuboff, 2015) and ‘shifts economic activity to a handful of tech giants as providers of

translation’ (Larsonneur, 2019).

While the key government benefactors of machine translation technology emphasized

its utility for ‘peacekeeping’ via mutual understanding (Locke and Booth, 1998), Google

advertises its translation service as a tool that ‘break[s] language barriers and ... [makes]

the world more accessible’7. This imagery of language as a “barrier” is often invoked in

discussions of machine translation, offering a utopian view of universal understanding

when these barriers are broken. Ironically, as the Department of Homeland Security’s

social media vetting process shows, translation software is deployed specifically to uphold

cultural barriers, merely adding to the arsenal of technological tools for demarcating ‘in’

and ‘out’ groups (Torpey, 2018).

Further complicating the matter is that the apparent fluency of neural machine trans-

lation output for many language pairs can disguise the fact that systems still struggle to

produce adequate translations, can amplify social biases, and are prone to inaccuracy in

conveying important aspects of meaning like negation (Martindale et al., 2019; Stanovsky

et al., 2019; Hossain et al., 2020; Prates et al., 2020). This is particularly dangerous

when considering the high-stakes scenarios in which machine translation technology is fre-

quently used and relied upon, such as in encounters between police and civilians, where

a misunderstanding can be fatal (Liebling et al., 2020). At the same time, we must also

be attentive to the conditions that make scenarios like police-civilian interactions so high-

stakes in the first place. More accurate translation systems will not meaningfully disrupt

stark power imbalances in society, and we should not pretend that they will.

We must be vigilant when applying probabilistic tools in an attempt to render legible

that which has been obscured or distorted. At worst, the act of enlisting technology to

attempt to translate a text in a language one does not speak may fit perversely alongside

a broader trend of machine learning tools meant to forcibly reveal that which is obscured,

7https://ai.googleblog.com/2006/04/statistical-machine-translation-live.html
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such as the DeepNude app described in Chapter 3, ‘uncropping’ algorithms for inferring ob-

scured information in photographs, and ‘de-pixelizing’ algorithms for upsampling blurred

images of human faces – thereby attempting to infer a ‘ground truth’ where it is other-

wise humanly impossible to do so. In spite of the boundaries drawn by the distributors

of Google Translate about the caveats of the system, the availability of the tool makes it

irresistible.

As this chapter has been drafted in the midst of the global COVID-19 pandemic, we

would be remiss to overlook the critical role that translation has played in the exchange

and spread of vital information on best practices for prevention, testing, and the search

for a treatment. The increasing reliance on automatic translation for gleaning insights

from the international ecosystem of scientific knowledge has prompted calls for scholars

to develop a ‘machine translation literacy’ toward an understanding of the shortcomings

of automatically translating scholarly texts (Bowker and Ciro, 2019). The limitations of

machine translation must be considered by technologists, policymakers, and affected stake-

holders in delineating appropriate uses for it.

5.3 Rethinking and reshaping machine translation

“The fact that language is not a tangible object that can be located or re-located

makes issues of cultural ownership more subtle but also more urgent than for

concrete pieces of art or other cultural objects.”

– Margaret Speas, ‘Language Ownership and Language Ideologies’8

The training and evaluation of state-of-the-art neural machine translation techniques

tends to rely on large, parallel collections of data produced by human translators, a prac-

tice informed by the information-theoretic roots of the paradigm. Weaver’s characteri-

zation of translation between languages as mere decryption of encoded messages may

8Speas (2013)
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seem crude to translation scholars and literary critics, some of whom have reservations

about the possibility of faithful translation (particularly of literature and poetry; Weaver

himself concedes this limitation (1955)). Indeed, the concept of ‘equivalence’ between

texts is vigorously debated within translation studies (Panou, 2013). This is not to say that

machine translation is epistemologically bereft; the parallel text basis of contemporary ma-

chine translation paradigms aligns with Quine (2013)’s pragmatic, behaviorist approach

to translation (Piperidis, 2009). Whether one finds this framing compelling or not, it is

nonetheless important to recognize that the data treated as gold standard translations em-

beds the situated and subjective positions of the people who wrote them, which impacts

the ensuing associations embedded in automated systems.

The success of contemporary neural machine translation systems is largely due to a

reliance on massive collections of linguistic data from the web. There are thousands of

so-called ‘low-resourced’ languages (and minoritized dialects of dominant languages) for

which there exist neither political nor financial incentives for industry powerhouses to

develop translation tools, nor the sheer volume of digitized resources required for the

successful application of neural machine translation. In this regard, there may be space for

linguistic communities to be selective about whether — and if so, to whom — to submit

their knowledge and culture for observation9.

In 2005, the leaders of the Mapuche people issued an ultimately unsuccessful law-

suit against Microsoft, accusing them of ‘intellectual piracy,’ when the software company

attempted to release a version of the Windows operating system in Mapudungun, the lan-

guage of the Mapuche (Speas, 2013). Microsoft had not consulted with the Mapuche or

sought their consent to use their language, instead working with the Chilean government

to develop the resource, and yet the lawsuit came as a surprise. Technology has compli-

cated the question of whether one can really ‘own’ a language; is a corpus of a thousand

sentences scraped from the web enough to extract sufficient morphosyntactic features for

9Kilito (2008) explores the ethics of translation in the provocatively titled ‘Thou Shalt Not Speak My
Language’ — a text that, ironically, this author could only encounter and enjoy in translation.
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downstream processing and translation? What recourse does a linguistic community have

if they do not wish to entrust software companies with the development of tools in their

language?

Western discourses of language endangerment uncritically treat the development of

technologies for low-resource languages as a social good, and indeed, the very framing of

the ’low-resource’ denomination implicitly prioritizes the gaze of the data collector, when

speakers of a language have plenty of resources unto themselves in the form of idioms,

jokes, fables and oral histories. On the other hand, forced assimilation and colonization

led to stark decreases in numbers of native speakers of countless indigenous languages, and

documentation and revitalization efforts for languages like Māori and Yup’ik become the

focus of urgent attention. Efforts such as the recent First Workshop on NLP for Indigenous

Languages of the Americas also encourage work in this direction.

In light of this, we consider alternative data collection and software development prac-

tices that subvert conventional paradigms. Adopting a participatory approach to address-

ing the paucity of technological resources for low-resourced languages, the Masakhane

project proposes the creation of African language technologies by and for Africans, thereby

involving the most impacted stakeholders in guiding the research direction and the cura-

tion of data from the very beginning of the project. Masakhane creates ways for partici-

pants without formal training in computational methods to participate directly and mean-

ingfully, and represents a promising step toward using translation technology to empower

native and heritage speakers of African languages (∀ et al., 2020).

In this chapter, we have considered how the creation, development, and deployment of

machine translation technology is historically entangled with practices of surveillance and

governance. Translation remains a political act, and data-driven machine translation de-

velopments, largely centered in industry, complicate the mechanisms by which translation

shifts power. An awareness of the shortcomings of machine translation as a tool and as a

paradigm are necessary for articulating appropriate contexts for its use.
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Chapter 6

LEARNING FROM THE BIOMEDICAL LITERATURE

In this chapter, we briefly introduce the problem of extracting information from publica-

tions in biomedicine, and in particular, the task of literature-based discovery. We describe

approaches to the problem and consider stakeholders in the process.

6.1 Background

Hundreds of thousands of research papers are published annually in biomedicine, and the

pace is ever increasing. In 2020, almost 100,000 papers were published about COVID-19

alone (Wang and Lo, 2021). However, most researchers only read about an average of 250

papers a year (Tenopir et al., 2009), and it is increasingly difficult to keep up with the latest

research. Swanson (1960) foresaw this ‘crisis of inundation’ and proposed that computa-

tional methods for retrieving information by searching over natural language text were a

promising way forward. In the decades since, the rise of large digitized data resources

has fostered the development of algorithmic systems in response to this challenge, with

a proliferation of researcher-directed tools that leverage computational representations of

the vast scientific literature to partially automate literature review, automatically extract

and synthesize information, and recommend papers to read (e.g. Semantic Scholar1, Tri-

alstreamer2). Additionally, consumer-facing tools such as SUPP.AI (Wang et al., 2020b)

facilitate access to information drawn from the scientific literature for non-experts.

The field of biomedical text mining has come to encompass a variety of tasks and ap-

proaches for tackling the problem first identified by Swanson (1960). Cohen and Demner-

1https://www.semanticscholar.org/

2https://trialstreamer.robotreviewer.net/

https://www.semanticscholar.org/
https://trialstreamer.robotreviewer.net/
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Fushman (2014) provide an in-depth introduction to the subject. In this chapter, we pro-

vide a brief overview of literature-based discovery in the biomedical domain. We thus

focus on the mining of peer-reviewed literature largely drawn from journal publications

and clinical trial reports, and not clinical text mining, which is based on text produced in

a clinical setting, such as electronic health records and doctor’s notes. For more on clin-

ical text mining, refer to Cohen and Demner-Fushman (2014), Chapter 2.3, and Percha

(2021).

6.2 Literature-based Discovery

Literature-based discovery (LBD) is a research paradigm that attempts to draw connections

across disparate portions of published research to lead to novel insights or to assist in the

generation of hypotheses about implicit connections between known concepts. It was orig-

inally proposed in a pair of studies (Swanson, 1986a, 1988) that applied manual analysis

of article titles to identify common concepts across disjoint literatures. Thus, Swanson was

able to hypothesize that fish oil might be a promising treatment for Raynaud’s disease by

observing, from paper titles, that patients with Raynaud’s disease had high blood viscos-

ity, and that dietary fish oil reduces blood viscosity. In spite of this logical connection, he

found, through manual analysis of citations, that the literatures on Raynaud’s disease and

fish oil did not reference each other at that time (Swanson, 1986b). He applied a similar

process to discovering a previously unpublished connection between migraines and mag-

nesium.3 These findings were validated by subsequent clinical research (Swanson, 1993).

A closely related area of research, ‘knowledge base completion’ (KBC)4, involves discov-

ering information and structuring it such that it is amenable to augmenting databases of

relational facts, often expressed as triples. In this fashion, literature-based discovery can

3In a biographical retrospective on Don Swanson, Neil Smalheiser notes that Swanson was driven to
research these problems because he had Raynaud’s and suffered migraines, himself (Smalheiser, 2017).

4Sometimes interchangeably referred to as ‘knowledge graph completion’ — refer to Ehrlinger and Wöß
(2016) for commentary on this distinction or relative lack thereof.
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be considered as a method that can assist in knowledge base completion, but literature-

based discovery is not always applied to the problem of knowledge base completion, nor

is knowledge base completion always achieved by literature-based discovery. In one re-

cent example, Zhang et al. (2021) apply literature-based discovery to the problem of drug

repurposing for the treatment of COVID-19, casting the problem as a knowledge graph

completion problem using a literature-derived knowledge graph. Recent work has also

examined the use of large language models trained on biomedical corpora as a foundation

for knowledge-graph completion (Nadkarni et al., 2021).

In the last few decades, supported by the rise of large computational resources of data,

several systems have emerged for leveraging computational representations of literature

for doing literature-based discovery. LBD applications have largely remained within the

biomedical domain, although some papers investigate LBD applications to domains such

as climate science and water purification techniques (see Thilakaratne et al. (2019) for a

review). Evaluation of LBD systems remains a challenge, largely in part due to the diffi-

culty of curating validation data and the problem of defining what counts as a discovery;

additionally, providing rationales for hypotheses remains an under-explored frontier.

In the following sections, we summarize some of the approaches to literature-based

discovery, focusing on approaches based in the techniques of natural language processing.

6.2.1 Task formulations

In this section, we review the variety of ways of framing LBD as a problem. Although LBD

has been structured as both a bibliometric analysis problem (i.e. using citation graphs)

and a linguistic analysis problem (i.e. using models of the text of articles) (Thilakaratne

et al., 2019), we focus on the latter.

Typically, ‘literature’ in LBD refers to peer-reviewed, published scientific literature, and

‘discovery’ refers to the general idea that something new has been found, typically a con-

nection between concepts that exist already. Literature-based discovery can be considered
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a particular task within the broader area of text mining. While text mining involves a

breadth of tasks, LBD is specifically about ‘discovery’ i.e. establishing novel information.

For surveys on the breadth of LBD applications and methods, including a book, refer to

Bruza and Weeber (2008); Henry and McInnes (2017); Thilakaratne et al. (2019).

Swanson’s original model is known as the ‘A-B-C’ model for literature-based discovery,

in which concepts A and B are known to be connected, and concepts B and C are known

to be connected, but A and C have not yet been explicitly connected — this is exemplified

by the Raynaud’s/fish oil and magnesium/migraine examples previously described. In

the decades since, a majority of work in LBD has followed this paradigm, although other

ways of framing the problem have also emerged. For example, Cohen et al. (2011, 2012)

demonstrate the utility of casting the problem of literature-based discovery as an analogical

retrieval task.

In the LBD literature, analysis is typically performed at the concept or term level. For

example, in the A-B-C model, A can be a drug (either a name for a drug or a concept

identifier from a medical vocabulary). In this fashion, ‘knowledge’ consists of a body of

concepts, typically represented by tokens from processed text or standardized terms.

The task of ‘discovery’ in LBD, then, typically consists of the following: Given a dis-

crete set of known entities E and relationships R between them, identify novel mappings,

e.g. < e1, r, e2 > such that e1, e2 ∈ E and r ∈ R, that are implicit given the current state

of the literature. In other words, LBD does not typically consist of the discovery of com-

pletely novel concepts or novel kinds of relationships (E and R remain fixed), but rather

novel mappings between known entities and relationship types. Thus, it typically relies on

resources, such as knowledge bases or vocabularies, that instantiate concepts and relation-

ships between them. Weeber et al. (2001) distinguishes between open discovery, which

involves exploring related concepts for a given entity in an open-ended fashion for hypoth-

esis generation, and closed discovery, which involves prompting an LBD system with two

entities of interest and finding related terms that may describe a relationship between as a

way to test the hypothesis that the entities are related.



62

6.2.2 Evaluation approaches

Naturally, it is hard to validate a ‘discovery’ if it is truly novel. Clinical trials are the most

favorable way to test these hypotheses, but very costly in both time and resources. It

would be intractable to validate every hypothesis in this fashion. To that end, several

proxy studies have been proposed to evaluate LBD systems. For example, Yetisgen-Yildiz

and Pratt (2009) addressed a gap when there was no standard way to compare across LBD

systems by proposing ‘time-sliced evaluation’ and also proposed at semantic hierarchy-

based filtering to rule out certain generated hypotheses that were literally impossible or

nonsensical. This method involves training a system on a subset of the literature up until

a cut-off date and then seeing whether such a system can ‘re-discover’ knowledge that

has been established since that cut-off date. Bekhuis (2006) also advocates this approach.

Other systems, including our own previous work (Paullada et al., 2020), use the retrieval

of known information as an indicator of system quality as a proxy for the trustworthiness of

novel hypotheses. We also used manual analysis of the existing literature to judge selected

system hypotheses to the best of our ability, which is also a commonly used practice (e.g.,

Zhang et al. (2021)).

6.2.3 Stakeholders

Aside from the developers of such systems, the direct and indirect stakeholders in biomed-

ical LBD systems include the imagined users of said systems (i.e. researchers and/or the

general public who may be curious in examining the literature)and the research subjects

whose data are represented in the literature. Because such systems have been applied to

problems in the medical domain, virtually anyone who participates in health care systems

stands to incur benefits or harms from the manner in which LBD findings are established

and acted upon, whether directly or indirectly (e.g., through exclusion).

Identifying how users wish to use such systems is important, as well. Prior user research

for LBD systems by Cohen et al. (2010) identified that users prefer using such systems for



63

discovering connections that are new to them, but not necessarily new to science. Bekhuis

(2006) notes that such systems are ‘exploratory and therefore useful in early phases of

research programs or in proof-of-concept studies’ and thus could be more aptly referred

to as ‘exploratory mining’ (Bekhuis, 2006, p. 5). Workman et al. (2014, 2016) propose

applying information-foraging theory to the design of a literature exploration system that

promotes ‘serendipitous knowledge discovery.’

6.3 Summary

We have briefly introduced the task of literature-based discovery, including a selection of

current approaches and applications. In the following chapter, we describe our approach to

building and validating a system for learning representations of biomedical relationships,

which can be applied to the problem of literature-based discovery.
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Chapter 7

EVALUATING LINGUISTIC REPRESENTATIONS OF
BIOMEDICAL RELATIONSHIPS

7.1 Introduction

A vast amount of knowledge on biomedical relationships of interest, such as therapeutic

relationships, drug-drug interactions, and adverse drug events, exists in largely human-

curated knowledge bases (Zhu et al., 2019). However, the rate at which new papers are

published means new relationships are being discovered faster than human curators can

manually update the knowledge bases. Natural language processing tools have shown

promise as an aid for curators. For example, Alex et al. (2008) provided evidence that

human curators were able to speed up their curation process threefold with an NLP-driven

protein-protein interaction discovery assistant.

Such an NLP pipeline can be supported by a system that produces linguistically-informed

representations of biomedical relationships. In this work, we ask: How do different meth-

ods of processing biomedical literature, involving varying representations of linguistic

structure, impact the ensuing representations of biomedical relationships? We validate

different pipelines for processing biomedical text and building vector space models of this

text with two extrinsic evaluation tasks: a relationship retrieval task that tests the mod-

els’ ability to represent known relationships in the literature, and a task based on the

literature-based discovery paradigm, introduced in Chapter 6, to test models’ ability to

infer relationships between entities that have not been stated explicitly in the literature.

This chapter is organized as follows. In Sections 7.2 and 7.3, we describe the linguistic

resources that form the basis for this work. In Section 7.4, we describe our methods for

producing models of text based on those linguistic resources. In Section 7.5, we describe
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the extrinsic evaluation paradigm, based on an analogical ranked retrieval task, that we

use to evaluate models of text. In Section 7.6, we describe the various human-curated

knowledge bases that serve as validation data resources for our system, and our method of

producing evaluation data sets from these sources. In Section 7.7, we describe the metrics

we use to measure model performance. In Section 7.8, we describe our experimental

setup, and in section 7.9 we present and analyze the results of these experiments.

We describe our methods for producing vector space representations of relationships

between entities, sourced from large collections of research papers in biomedical literature,

and our pipeline for producing evaluation data sets from a variety of biomedical knowledge

bases (Section 7.6).

7.2 Linguistic representations

Here, we discuss the different linguistic representations used in the present work.

7.2.1 Universal Dependencies

We use a corpus of dependency paths provided by Percha and Altman (2018), which are

in turn derived from dependency parse trees from the Universal Dependencies formalism

(De Marneffe and Manning, 2008). Percha and Altman (2018) user PubTator named entity

recognition to identify mentions of Chemicals, Genes, and Diseases in the parsed sentences,

and then prune the full parse trees to extract paths of dependency relations that connect

entities of interest. Here, Chemical includes drugs, and Disease includes side effects and

other conditions. Figure 7.1 shows an example of a path between the Chemical risperidone

and the Disease rage.
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Figure 7.1: Example of a dependency path derived from a sentence.

7.2.2 SemRep

SemRep is a multi-step NLP system, based on the Unified Medical Language System (UMLS),

that extracts semantic triples from sentences in PubMed abstracts (Kilicoglu et al., 2020).

The pipeline includes entity normalization via MetaMap, hypernym resolution, and nega-

tion processing. The SemRep ontology uses a subset of UMLS Semantic Network relations

— 25 in total, as well as negated versions of the predicates. We use subject-predicate-

object triples as input to train an Embedding of Semantic Predications (Cohen and Wid-

dows, 2017) model (see later section for details). Prior work that uses SemRep triples as

the foundation for an LBD system includes Hristovski et al. (2006) and Preiss (2014).

The following example of a sentence and the ensuing SemRep triple is drawn from

Kilicoglu et al. (2020). Entities are italicized, while the predicate is bolded:

Input: ‘Overnight incubation with 1 microM safrole did not alter cell proliferation’

Output: Safrole-NEG AFFECTS-Cell Proliferation

7.3 Corpora

Here we describe the different corpora used as the foundation for training vector space

models.



67

Each corpus consists of annotated abstracts from PubMed, each identified by a unique

PubMed ID (PMID). We filter these such that the abstracts must also appear in MEDLINE

and use December 2019 as a cutoff publication date across all abstracts, as this is the most

recent date for which we have annotations from all three corpora. Figure 7.2 shows how

each of these resources are related to one another. Table 7.3 shows some of the details for

each corpus.

corpus version Abstracts processed Final abstract count Total sentences / predications Vocabulary

PubTator Feb. 15 2020 30,022,731 30,022,731 181,749,533 sentences various vocabularies

SemMedDB v. 40 29,115,337 18,184,627 97,972,561 predications CUI from UMLS Metathesaurus

GNBR v. 7 (unknown) 6,941,586 72,053,427 dependency paths based on PubTator NER

Table 7.1: Details about corpora.

The MEDLINE 2019 Baseline consists of 28,111,922 total abstracts, represented by the

rectangular region. These are the abstracts for which we have publication dates from MED-

LINE. Of these, 27,890,839 appear in at least one of the three corpora used (represented

by the three circles). PubTator, as of February 2020, consists of 30,022,731 abstracts,

represented by the white circular region. 27,823,466 of these abstracts are included in

the MEDLINE 2019 Baseline. Version 7 of GNBR consists of a set of 6,512,768 abstracts

that are a proper subset of the PubTator abstracts. Version 40 of SemMedDB consists of

17,477,593 total abstracts. For all of PubTator, GNBR, and SemMedDB, there is a negligible

number of abstracts that do not appear in the MEDLINE 2019 Baseline.

The darkest shaded region in Figure 7.2 represents the abstracts for which each pipeline

(SemRep, GNBR, and PubTator) yielded at least one processed sentence. This intersection

consists of 6,028,764 abstracts in common between all three corpora and included in the

MEDLINE Baseline. Figure 7.3 shows an example of an abstract from this intersection and

the resulting extractions from each pipeline. As the figure shows, neither SemRep nor

GNBR produced a representation for every sentence in the abstract.
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7.3.1 SemMedDB

We use Version 40 of the SemMedDB corpus (Kilicoglu et al., 2020), which is based on the

MEDLINE BASELINE 2019 and uses SemRep version 1.8 to to produce predicate triples.

This version of SemMedDB consists of 18,184,628 unique PubMed IDs.

Figure 7.2: Illustration of overlaps between the corpora.

7.3.2 PubTator

We retrieve the February 2020 version of PubTator, which provides entity-level annota-

tions and vocabulary mapping on 30,022,731 total PubMed abstracts (181,749,533 total

sentences; average 6 sentences per abstract). We retain the full sentences and post-process
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the text to normalize the vocabulary using the UMLS1. Figure 7.3 shows an example of

the result of this pipeline on an abstract. In the original sentence “The therapeutic use of

botulinum toxin was discovered in the 1970s and has since been used to treat patients with

a broad range of medical complaints,” the term “patients” is mapped to “man,” referring

to the species.

7.3.3 A Global Network of Biomedical Relationships

We use Version 7 of A Global Network of Biomedical Relationships (GNBR)2 by Percha

and Altman (2018), which is in turn based on a subset of the PubTator corpus. Version

7 of GNBR is based on the September 15, 2019 version of PubTator. GNBR consists of

dependency paths that connect Genes, Chemicals, and Diseases as annotated in PubTator.

We construct subject-predicate-object triples based on these dependency paths as input to

train an Embedding of Semantic Predications (Cohen and Widdows, 2017) model.

GNBR (unfiltered) consists of 6,941,586 abstracts in total, in which there are approxi-

mately 72 million predications involving two of the entities of interest (Genes, Chemicals,

and Diseases).

7.4 Embedding methods

After finalizing the set of abstracts to use from each corpus as described in the previous

section, we process the data for training different embedding models, as shown in Figure

7.4.

1Oliver Li produced the original code for this process, which is currently unpublished.
2Available at https://zenodo.org/record/3459420

https://zenodo.org/record/3459420
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Figure 7.3: Comparison of extractions for abstract from Felber (2006). Entity recognition

for all three pipelines and predicate triples for SemRep are shown highlighted in grey.

Skip-gram with Negative Sampling

We described the Skip-gram with Negative Sampling (SGNS) algorithm in chapter 4. We

used the Semantic Vectors3 implementation of SGNS to train 250-dimensional embed-

3https://github.com/semanticvectors/semanticvectors
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dings, with a sliding context window radius of 2. We train the model on the full sentences

processed by PubTator as described in Section 7.3.2. Our method is similar to Chen et al.

(2020b).

Embedding of Structural Dependencies

We adapt the Embedding of Semantic Predications (Cohen and Widdows, 2017) algorithm

to learn embeddings of dependency paths rather than single term predicates. Here, as

in the original ESP work, we estimate the probability of encountering the object, o, of

a subject-predicate-object triple sPo, but instead of SemRep predicates, the predicate is

a concatenated dependency path (see Figure 7.1). We concatenate the dependency re-

lations (the underscored parts in Figure 7.1) into a single predicate token for which a

vector is learned. We used the Semantic Vectors3 implementation of ESP, with binary

vectors as representational basis (Widdows and Cohen, 2012). For the current work, we

set the dimensionality at 8,000 bits (as this is equivalent in representational capacity to

250-dimensional single precision real vectors).

We have now described the corpora and the models. Figure 7.4 shows which corpora

are used for which models.

7.5 Task formulation

We frame the task of evaluating models for their ability to represent biomedical relation-

ships as an analogical retrieval task, using pairs of entities known to relate in particular

ways. In our work, we follow the pipeline of Percha and Altman (2015) for assembling

evaluation data because it consists of expert-curated structured data.

We follow prior work in using proportional analogies as a test of relationship repre-

sentation in the general domain (Chapter 4) with existing studies on vector space models

trained on generic English. Our biomedical data is largely in English, and we constrain

our evaluation to specific biomedical concepts and relationships as we apply and extend
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Figure 7.4: Details of corpora and the embeddings derived from them.

established methods.

7.5.1 Analogical ranked retrieval

As described in Chapter 4, a useful property of some distributed models of text is their

ability to support the expression of proportional analogies using simple vector arithmetic.

Here, we describe an approach to evaluating models for relational representations using

an analogical retrieval task.

From a set of (X, Y) relationship pairs from a knowledge base, we select a number of

(A, B) cue pairs and (C, D) targets, with the C held constant. The goal is to record the

ranks of the targets D for a given C in a ranked retrieval task. The vectors for the cues

and the target C term are summed as shown in Figure 7.5. A K-nearest neighbor search

is performed (using cosine distance for SGNS, NNHD for ESP) over the search space and

we record the ranks for each D target. For example, if the (C, D) pairs (citalopram, de-



73

pressive disorder) and (citalopram, dysthymic disorder) exemplify a treatment relationship,

we draw a number of (A, B) cue pairs that also exemplify a treatment relationship, e.g.

(benzoyl peroxide, acne) and (fluconazole, candidiasis). Crucially, there is no overlap be-

tween (A, B) and (C, D) terms. That is, the pairs (citalopram, anxiety) and (fluoxetine,

dysthymic disorder), while valid exemplifications of treatment relationships, would be in-

valid cues for the (C, D) pairs above, because the vector similarity between the overlapping

terms would confound the retrieval results.

We use an analogical ranked retrieval task for both the RR and LBD tasks. Figure 7.5

visualizes this process. From a set of (X, Y) entity pairs from a knowledge base, given a

term C and all terms D such that (C, D) is a pair in the set, we select n random (A, B)

cue pairs from a disjoint set of pairs. In prior work, Cohen et al. (2012) found that using

a composite of cues, rather than a single cue, led to improved recovery. We refer to (C,

D) pairs as ‘target pairs,’ correct D completions as ‘targets,’ and (A, B) pairs as ‘cues.’ The

vectors for the cue terms (A, B) and the term C are summed in the following fashion to

produce the resulting vector v. Given an analogical pair A:B::C:D, where A and C, B and D

are of the same semantic type, respectively, we develop cue vectors for the target D in each

model as follows:

SGNS : v =
−→
B −−→A +

−→
C

ESP : v =
−−→
I(A)⊗−−−→O(B)⊗−−→I(C)

where I and O represent the input and output weight vectors of the ESP model, respec-

tively. The SGNS method is the same as the 3COSADD method as described in Levy and

Goldberg (2014). We sum the cue vectors and normalize the result.

A K-nearest neighbor search is performed for v (using cosine distance for SGNS, NNHD

for ESP) over the search space, and we record the ranks for each correct D target. The

search space is constrained such that it consists of those terms from our training corpus

that have a vector in all three trained spaces, a total of about 300,000 terms overall. For

ESP, this space consists of the output weight vectors for each concept. For the proportional
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analogy task using K-nearest neighbors to rank completions to the analogy, the desired

outcome is for the correct targets to be highly similar to the analogy cue vector v, such

that the highest ranks are assigned to the correct target terms D in a search over the entire

vector space. In this fashion, we perform this KNN search for every (X, Y) pair in the

knowledge base and record the ranks for correct targets. We then compare the median

ranks of terms D across both vector spaces; the higher the ranks, the better the model

is at capturing relational similarity. Section 7.7 describes the metrics used for comparing

system performance.

Figure 7.5: Simplified overview of analogical ranked retrieval paradigm.

7.5.2 Relationship retrieval (RR)

This problem asks: Given the literature, can we reliably recover explicitly stated infor-

mation? This is a general assessment of the model’s ability to represent relational infor-

mation. Here, the AB and CD pairs are those that are drawn from knowledge bases and
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are connected by a sentence or a path in our corpora, i.e., those pairs for which we have

supervision.

7.5.3 Literature-based discovery (LBD)

This problem asks: Can we identify relationships between entities that weren’t explicitly

stated in the literature, but that we have reason to believe are related to one another?

For this task, we use silver standard proxies, discussed in detail in section 7.6. Here, the

AB pairs are still drawn from known relationships (specifically, they co-occurred in the

corpora), while the CD targets are those that do not co-occur in the corpora, yet are drawn

from an expert-curated knowledge base.

7.6 Evaluation data

In this section we describe the sources of data used for evaluating the models just de-

scribed, and the manner in which we construct evaluation data sets from these data

sources.4

7.6.1 Data sources

We distinguish between a database, which consists of a collection of facts that may be used

for a variety of purposes and is typically used for reference, and a data set, which is curated

as training and/or evaluation data for a specific task. We outline the process of extracting

data from a database toward the creation of a data set.

Following Percha and Altman (2018), our evaluation pipeline operates on pairs of en-

tities from the following databases: DrugBank (Wishart et al., 2018), Online Mendelian

Inheritance in Man (OMIM) (Hamosh et al., 2005), PharmGKB (PGKB) (Whirl-Carrillo

4Bethany Percha wrote the code for extracting the data from various knowledge base APIs; this work is
not yet published.
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et al., 2012), Reactome (Fabregat et al., 2016), Side Effect Resource (SIDER) (Kuhn

et al., 2016), and Therapeutic Target Database (TTD) (Wang et al., 2020c). Each of

these resources uses different strategies for naming and normalizing concepts, which are

not standard across each set, and have similarities and differences with the normalization

strategies used in the processing pipelines described above.

The ensuing evaluation data sets from Percha and Altman (2018) consist of pairs of

entities that relate in a specific way. For example, SIDER Side Effects consists of chemical-

disease-typed pairs such that the chemical is known to have the disease as a side effect, e.g.

(sertraline, insomnia). Meanwhile, another chemical-disease pair from a different database,

Therapeutic Target Database (TTD) indications, is such that the chemical is indicated as a

treatment for the disease, e.g. (carphenazine, schizophrenia).

In this section, we apply and adapt the Datasheets for Datasets paradigm by Gebru et al.

(2021) to assess both the original databases and the ensuing data sets produced by Percha

and Altman (2018) after post-processing. In particular, we are interested in assessing the

quality of the data, documenting how it was curated, the license it was released with (if

applicable), and providing examples from the literature that exemplify each relationship,

where possible.

We also show an example sentence that exemplifies each relationship, using pairs of

entities drawn from the respective knowledge bases.

DrugBank

DrugBank (Wishart et al., 2018) contains information about drugs and their disease targets

as well as their genetic targets, or those targets to which a drug binds in order to have

the intended therapeutic effect. DrugBank contains information about enzymes (which

enzymes catalyze reactions with a particular drug as the substrate), carriers (proteins that

bind to drugs for targeted delivery), and transporters (proteins that carry drug molecules

in and out of cells).
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Resource Reference How curated? Sources? License

DrugBank Wishart et al.

(2018)

expert curators peer-reviewed

biomedical

literature

Creative

Commons (CC

BY-NC 4.0)

Online

Mendelian

Inheritance in

Man (OMIM)

Amberger et al.

(2015)

expert curators peer-reviewed

biomedical

literature

OMIM Use

Agreement

https:

//www.omim.

org/help/

agreement

Pharmacoge-

nomics

Knowledge

Base (PGKB)

Whirl-Carrillo

et al. (2012)

expert curators peer-reviewed

biomedical

literature and

FDA data

Creative

Commons (CC

BY-SA 4.0)

Reactome Fabregat et al.

(2016)

expert curators peer-reviewed

biomedical

literature

Creative

Commons

Public Domain

Side Effect

Resource

(SIDER)

Kuhn et al.

(2016)

text-mining

and manual

review

drug labels

from national

registries

Creative

Commons (CC

BY-NC 4.0)

Therapeutic

Target

Database

(TTD)

Wang et al.

(2020c)

expert curators literature and

patents

no license

Table 7.2: Overview of information on knowledge bases used for evaluation.

https://www.omim.org/help/agreement
https://www.omim.org/help/agreement
https://www.omim.org/help/agreement
https://www.omim.org/help/agreement
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Gene-Target example sentence: “AGTR1 overexpression defines a subset of breast can-

cer and confers sensitivity to losartan, an AGTR1 antagonist.’ (Rhodes et al., 2009)

Enzyme example sentence: ‘Losartan, an antihypertensive agent, is also a substrate for

CYP2C9.’ (Fischer et al., 2002)

Carrier example sentence: ‘Sex Hormone-Binding Globulin (SHBG), the plasma carrier

for both estradiol and androgens, inhibits the estradiol-induced growth of MCF-7 cells

(estrogen-dependent breast cancer cells), through its membrane receptor (SHBG-R), cAMP

and PKA.’ (Fazzari et al., 2001)

Transporter example sentence: ‘Organic cation transporter 1 (OCT1, SLC22A1) is

a membrane transporter that is important for therapeutic effect of the antidiabetic drug

metformin.’ (Rulcova et al., 2013)

Online Mendelian Inheritance in Man

Online Mendelian Inheritance in Man (OMIM) (Hamosh et al., 2005; Amberger et al.,

2015) is a knowledge base of causal/pathogenic mutation relationships between pheno-

type and genotype, curated by experts from the biomedical literature. The website provides

descriptions and connections to relevant citations.

Example sentence: ‘Mutations in fibrillin-1 (FBN1) cause a wide spectrum of disorders,

including Marfan syndrome, which have in common defects in fibrillin-1 microfibrils.’

(Kuchtey et al., 2013)

Pharmacogenomics Knowledge Base

The Pharmacogenomics Knowledgebase (PharmGKB) (Whirl-Carrillo et al., 2012) consists

of manually curated drug-gene, gene-gene and gene-phenotype relationships, with the goal

of representing the effects of genetic variation on reactions to drugs. It is available under

a Creative Commons license. These relationships are extracted both via manual curation

and with natural language processing techniques. Patient responses to the same drug can
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vary due to genetic differences. Thus, ‘personalized medicine’ aims to use an individual’s

genotype to predict how they will respond to a drug.

Example sentence: ‘Our study demonstrated an association of IL-10-1082 polymor-

phism and psoriasis and between TNF alpha-308 polymorphism and psoriasis disease and

severity.’ (Karam et al., 2014)

Reactome

Reactome (Fabregat et al., 2016) is a knowledge base of biomolecular pathways. Our

evaluation data sourced from Reactome consists of pairs of genes that are known to react

with each other and to form complexes with each other.

Example Complex sentence: ‘In this study we demonstrate that ERp57 forms discrete

complexes with the ER lectins, calnexin and calreticulin.’ (Oliver et al., 1999)

Thus our data has both (erp57, calnexin) and (erp57, calreticulin) as evaluation pairs.

Example Reaction sentence: ‘The failure of mitochondrial reduction-oxidation (redox)

homeostasis and the formation of excessive free radicals are tightly linked to dysregulation

in the Renin Angiotensin System (RAS). A main rate-controlling step in RAS is renin, an

enzyme that hydrolyzes angiotensinogen to generate angiotensin I.’ (Vajapey et al., 2014)

Side Effect Resource

Side Effect Resource (SIDER) (Kuhn et al., 2016) is a set of adverse drug reactions (ADRs)

and drug indications that are curated through applying an NLP pipeline to drug labels. It

has been used previously as a benchmark for ADR extraction from text.

Example side effect sentence: ‘Nausea, dizziness and somnolence were the most com-

monly reported adverse events and were reported at a higher incidence by patients receiv-

ing ropinirole than by those receiving placebo.’ (Matheson and Spencer, 2000)

Example indication sentence: ‘Non-ergot-type dopamine receptor agonists such as ropini-

role are used for the treatment of Parkinson disease, but they occasionally show serious
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side effects including sleep attacks and daytime sleepiness’ (Michinaga et al., 2010)

Therapeutic Target Database

The Therapeutic Target Database (TTD) Wang et al. (2020c) consists of information per-

taining to relationships between drugs, diseases, disease biomarkers, and therapeutic tar-

gets for diseases, including proteins and nucleic acids. TTD indication relations express

the same relationship as SIDER indications, although in our evaluation set, they have 83

pairs in common. This is likely due to different naming conventions for drugs and diseases

in each resource.

7.6.2 Evaluation data set construction

We construct evaluation data sets using pairs from the knowledge bases described in Sec-

tion 7.6. Table 7.3 shows, for each of the knowledge bases we use, the corresponding

entity pair types, as well as the number of (X, Y) pairs from each that are used in our

evaluation data. We also show the mean and maximum number of Y terms per X. While

many X terms have multiple Y terms they relate to, for the relationship retrieval task, the

most common number of Y terms per X is 1. This is also true for most of the evaluation

sets for LBD.

The procedure for constructing an evaluation set for a given knowledge base below can

be described as follows: given all (X,Y) pairs, let C be an X term and all its corresponding

Y terms be D. Select n (A,B) cue pairs such that A 6= C and B /∈ D. Algorithm 1 illustrates

this process.
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Data: Set K of knowledge base pairs (X, Y)

Result: Evaluation data set

eval set← list[];

for all terms X do

C ← X;

D ← list of all terms Y such that (X,Y) ∈ K;

cues← all pairs (X,Y) such that X 6= C and Y /∈ D;

cue sample← n random pairs from cues;

quad← list[C, D, cue sample];

eval set.append(quad);

end

return eval set

Algorithm 1: Construction of evaluation set for a given knowledge base

The relationship retrieval data consists of knowledge base pairs that appear in our train-

ing corpora connected by a dependency path, predicate, or context window at least once

in each respective corpus, while the literature-based discovery targets are those knowledge

base pairs that do not appear connected by a dependency path, predicate, or context win-

dow in any training corpora. Mixed cases are excluded from evaluation. For example, a

pair of terms that are connected by a dependency path in GNBR but do not appear in a

SemRep triple nor within a size 2 context window of each other in the PubTator corpus is

excluded from evaluation.

It should be noted that a term pair that appears in a human-curated knowledge base

but does not co-occur in the corpus may consist of term synonyms that are expressed in dif-

ferent ways across these resources. For example, the pair (dextroamphetamine, narcolepsy),

drawn from the TTD Indications database, co-occur in the corpora, but the pair (dexedrine,

narcolepsy), also drawn from TTD Indications, do not co-occur. Dexedrine is a trade name
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for dextroamphetamine.

7.7 Ranking and scoring

To evaluate model performance, we draw from the literature on information retrieval for

evaluation metrics (e.g. (Berger, 2001)). For each model, we compute a composite per-

formance score for each knowledge base in our evaluation data, using the following steps.

First, during model evaluation, we record a list of the raw ranks of each D target term in

the K nearest neighbor ranking for (C, D) pairs. Then, we compute the median of this list

of ranks. This is a macro median, in the sense that we compute the median rank for all

individual (C, D) instances. We then normalize the median rank, described as follows:

Normalized median rank Given a median rank as calculated above, we normalize it

by the size of the search space and subtract from 1. This gives us a normalized median

rank score where 1 is the highest possible score, and 0 is the lowest, making it easier and

more intuitive to compare model performance across evaluation sets.

NMR = 1− median rank
|search space|

(7.1)

We ran a simulation in which the entire search space was shuffled randomly 100 times,

and recorded the median ranks of multiple target D terms, given some C. We found that

the median rank for D terms in a randomly shuffled space tended toward the middle of the

ranked list. Thus, the baseline score for this metric is established as 0.5; any score lower

than this means the model performed worse than a random shuffle at retrieving target

terms.

7.8 Experiments

We consider two pipelines for processing biomedical literature, as illustrated in Figure 7.2.

Our full set of corpora consists of MEDLINE abstracts such that they all have the same pub-

lication cutoff date of December 2019. Pipeline one (‘intersect’) involves those abstracts at
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Table 7.3: Pairs per knowledge base. Co-occurrence is computed with respect to the inter-

sected corpus.

Dataset Total terms Pairs

X Y Co-occur Do not

co-occur

Chemical-Gene

Enzymes (DrugBank) 932 245 878 1142

Targets (DrugBank) 1729 1944 1020 5304

PharmGKB 664 822 348 2953

Drug-Target (TTD) 482 132 170 169

Drug-Inhibitor (TTD) 231 75 97 84

Chemical-Disease

Side Effect (SIDER) 299 111 289 436

Indication (SIDER) 608 354 677 419

Biomarker-Disease (TTD) 83 29 60 4

Indication (TTD) 643 140 373 110

Target-Disease (TTD) 205 126 162 61

Gene-Disease

OMIM 805 338 438 110

PharmGKB 452 157 133 370

Gene-Gene

Carriers (DrugBank) 222 51 49 185

Transporters (DrugBank) 578 149 258 954

PharmGKB 395 395 424 1410

Complex (Reactome) 182 175 133 23

Reaction (Reactome) 103 103 82 23
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the intersection (darkest shaded region) of all three corpora. Because this set of abstracts

is shared across all the models, we expect that the models that perform best compared to

other models in this pipeline derive their advantages from the linguistic representations

used, since no model has an advantage of having more abstracts. However, as shown in

Figure 7.3, the predication-based models may not produce a representation for every sen-

tence in the abstract. Pipeline two (‘full abstracts’) allows each model access to have the

full extent of what its respective corresponding pipeline has been able to process. Here,

we are interested in comparing performance by a model with a relatively small degree of

preprocessing on a larger set of documents (as in our Skipgram model) with that of models

with more linguistically informed and domain specific approaches to preprocessing, albeit

with fewer processed abstracts as a result (our ESP-based models). In other words, we are

looking at the impact of a tradeoff in precision versus generality in the processing pipeline.

In addition, we are interested in exploring (1) the impact of retrieval order: the rela-

tionships under consideration should be bidirectional, e.g. if drug A treats disease B, then

disease B can be treated by drug A. We conduct experiments in which the cue pairs are

issued in a canonical order (e.g., drug-disease) and a reversed order (e.g., disease-drug).

Are any models ‘biased’ as it were for one ordering vs. another? and (2) the impact of

using complete AB:CD analogies as our retrieval setup versus a directly similarity-based

retrieval (B:D). This is to understand whether the models are relying on term similarity

alone to perform rankings, or whether they appear to be utilizing relational information.

7.9 Results

In the following sections, we report the models’ performance on the relationship retrieval

and literature-based discovery tasks. We present results for experiments using the canon-

ical retrieval order, because reverse order performance patterns were virtually identical

to the canonical order. Appendix A shows these results for interested parties. We report

overall system performance in Section 7.9.1, and examine the analogical retrieval abilities
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of each model in 7.9.2. Finally, we perform a qualitative analysis for an example query in

section 7.9.3.

7.9.1 Overall performance

In previous work (Paullada et al., 2020), we compared Skip-gram with Negative Sam-

pling (SGNS) (Mikolov et al., 2013b,a) and Embedding of Semantic Predications (ESP);

Cohen and Widdows (2017) using dependency paths as predicates. Here we found that

ESP generally outperformed SGNS in both the relationship retrieval and LBD tasks. In

these newer experiments, SGNS performs better in the relationship retrieval task, perhaps

because the model had access to vastly more data (in the previous work, the SGNS model

was trained only on those sentences for which GNBR had extracted a dependency path; this

time around, SGNS has access to each sentence in its pool of abstracts) and a normalized

concept vocabulary as compared with the setup from our previously reported work.

Contrary to our expectations, performance on relationship retrieval is not predictive of

literature-based discovery performance: while SGNS has a comparative advantage on the

former, the ESP-based models perform best on the latter. Also contrary to our expectations,

restricting the models to using the intersection of processed abstracts (as opposed to the

full set of available texts) does not change the performance patterns.

This is a rather low-precision system. Each C-term only has about 1-4 ‘known’ relevant

completions, and the search space is huge by comparison. However, because we are trying

to promote ‘novelty’ and extrapolation from known relationships to unseen ones, precision

is not a metric that reflects the desiderata for this system. Ideally, we would have human

evaluation by an expert to determine whether the suggested novel relationships, as in the

top ranked terms for a given query, are legitimate and interesting to explore. Qualitatively,

this work so far serves primarily as a proving ground for different methods of representing

text. It can be an interesting source of inspiration for experts to examine proposed associa-

tions between entities of interest, but probably should not be used in a downstream system
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Table 7.4: Results for relationship retrieval task: Normalized macro-median ranks, full

analogy and (B:D), full set of abstracts, 25 cues per target

Dataset Avg. Targets SGNS ESP

+PubTator +GNBR +SemRep
+GNBR

+SemRep

Chemical-Gene

Enzymes (DrugBank) 2 1.00 (1.00) 1.00 (1.00) 0.64 (0.40) 1.00 (0.83)

Targets (DrugBank) 2 0.99 (0.66) 0.80 (0.76) 0.83 (0.47) 0.83 (0.52)

PharmGKB 2 0.98 (0.82) 0.88 (0.97) 0.52 (0.49) 0.91 (0.62)

Drug-Target (TTD) 1 1.00 (0.64) 0.99 (0.71) 0.99 (0.39) 0.99 (0.48)

Drug-Inhibitor (TTD) 1 1.00 (0.70) 0.99 (0.66) 0.99 (0.36) 0.99 (0.53)

Chemical-Disease

Side Effect (SIDER) 3 1.00 (1.00) 1.00 (1.00) 0.99 (0.22) 0.99 (0.57)

Indication (SIDER) 2 1.00 (0.97) 1.00 (0.99) 1.00 (0.28) 0.99 (0.41)

Biomarker-Disease (TTD) 1 0.99 (1.00) 0.95 (0.99) 0.99 (0.09) 0.99 (0.36)

Indication (TTD) 1 1.00 (0.96) 1.00 (0.99) 1.00 (0.39) 1.00 (0.45)

Target-Disease (TTD) 1 0.99 (0.99) 0.86 (0.99) 0.99 (0.20) 0.98 (0.62)

Gene-Disease

OMIM 1 1.00 (0.95) 0.98 (0.96) 0.99 (0.21) 0.99 (0.44)

PharmGKB 1 1.00 (1.00) 0.78 (0.99) 0.99 (0.37) 0.99 (0.57)

Gene-Gene

Carriers (DrugBank) 2 0.86 (0.77) 0.84 (0.88) 0.33 (0.64) 0.77 (0.34)

Transporters (DrugBank) 2 1.00 (1.00) 1.00 (1.00) 0.50 (0.74) 1.00 (0.48)

PharmGKB 3 0.98 (0.80) 0.97 (0.99) 0.33 (0.71) 0.87 (0.57)

Complex (Reactome) 1 1.00 (0.62) 1.00 (0.74) 0.91 (0.45) 0.99 (0.48)

Reaction (Reactome) 1 1.00 (0.65) 0.98 (0.78) 0.95 (0.54) 0.99 (0.53)
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Table 7.5: Results for relationship retrieval task: Normalized macro-median ranks, full

analogy and (B:D), intersection of abstracts, 25 cues per target

Dataset Avg. Targets SGNS ESP

+PubTator +GNBR +SemRep
+GNBR

+SemRep

Chemical-Gene

Enzymes (DrugBank) 2 1.00 (1.00) 0.99 (1.00) 0.69 (0.46) 1.00 (0.86)

Targets (DrugBank) 2 0.99 (0.62) 0.67 (0.72) 0.80 (0.48) 0.81 (0.55)

PharmGKB 2 0.98 (0.78) 0.75 (0.97) 0.45 (0.52) 0.88 (0.54)

Drug-Target (TTD) 1 1.00 (0.60) 1.00 (0.63) 0.99 (0.47) 0.98 (0.39)

Drug-Inhibitor (TTD) 1 1.00 (0.72) 1.00 (0.63) 0.99 (0.59) 0.98 (0.36)

Chemical-Disease

Side Effect (SIDER) 3 1.00 (1.00) 0.96 (1.00) 0.99 (0.41) 0.99 (0.07)

Indication (SIDER) 2 1.00 (0.95) 1.00 (0.99) 1.00 (0.22) 1.00 (0.12)

Biomarker-Disease (TTD) 1 0.99 (0.99) 0.60 (0.99) 0.99 (0.03) 0.98 (0.55)

Indication (TTD) 1 1.00 (0.94) 1.00 (0.99) 1.00 (0.16) 1.00 (0.20)

Target-Disease (TTD) 1 0.99 (0.96) 0.58 (0.99) 0.99 (0.07) 0.98 (0.37)

Gene-Disease

OMIM 1 1.00 (0.91) 0.93 (0.88) 0.99 (0.32) 0.99 (0.32)

PharmGKB 1 1.00 (0.99) 0.58 (1.00) 0.99 (0.18) 0.98 (0.26)

Gene-Gene

Carriers (DrugBank) 1 0.88 (0.78) 0.43 (0.99) 0.32 (0.57) 0.78 (0.75)

Transporters (DrugBank) 2 1.00 (1.00) 0.96 (1.00) 0.54 (0.49) 1.00 (0.35)

PharmGKB 3 0.99 (0.78) 0.89 (0.99) 0.31 (0.55) 0.86 (0.49)

Complex (Reactome) 1 1.00 (0.57) 1.00 (0.70) 0.90 (0.60) 0.97 (0.50)

Reaction (Reactome) 1 1.00 (0.58) 0.95 (0.80) 0.93 (0.59) 0.96 (0.46)
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Table 7.6: Results for literature-based discovery task: Normalized macro-median ranks,

full analogy and (B:D), full set of abstracts, 25 cues per target

Dataset Avg. Targets SGNS ESP

+PubTator +GNBR +SemRep
+GNBR

+SemRep

Chemical-Gene

Enzymes (DrugBank) 2 1.00 (1.00) 1.00 (0.30) 0.77 (0.46) 1.00 (0.10)

Targets (DrugBank) 4 0.96 (0.85) 0.54 (0.45) 0.70 (0.66) 0.96 (0.25)

PharmGKB 6 0.81 (0.83) 0.57 (0.41) 0.66 (0.57) 0.89 (0.29)

Drug-Target (TTD) 1 0.81 (0.70) 0.57 (0.60) 0.86 (0.70) 0.86 (0.46)

Drug-Inhbitor (TTD) 1 0.82 (0.65) 0.54 (0.63) 0.90 (0.82) 0.88 (0.51)

Chemical-Disease

Side Effect (SIDER) 3 0.98 (1.00) 0.88 (0.36) 0.99 (0.41) 0.98 (0.59)

Indication (SIDER) 2 0.95 (0.96) 0.90 (0.36) 0.98 (0.42) 0.97 (0.54)

Biomarker-Disease (TTD) 1 0.95 (1.00) 0.68 (0.28) 0.99 (0.29) 0.95 (0.60)

Indication (TTD) 1 0.95 (0.96) 0.98 (0.30) 0.99 (0.24) 0.99 (0.49)

Target-Disease (TTD) 2 0.86 (0.97) 0.55 (0.32) 0.98 (0.44) 0.98 (0.45)

Gene-Disease

OMIM 1 0.85 (0.93) 0.52 (0.32) 0.96 (0.33) 0.96 (0.45)

PharmGKB 1 0.90 (0.97) 0.64 (0.42) 0.98 (0.38) 0.98 (0.57)

Gene-Gene

Carriers (DrugBank) 1 0.69 (0.68) 0.64 (0.42) 0.34 (0.49) 0.77 (0.58)

Transporters (DrugBank) 2 1.00 (1.00) 0.92 (0.43) 0.96 (0.60) 1.00 (0.33)

PharmGKB 5 0.91 (0.91) 0.60 (0.49) 0.58 (0.55) 0.91 (0.17)

Complex (Reactome) 1 0.66 (0.62) 0.66 (0.53) 0.82 (0.62) 0.71 (0.42)

Reaction (Reactome) 1 0.78 (0.67) 0.56 (0.36) 0.85 (0.74) 0.74 (0.47)



89

Table 7.7: Results for literature-based discovery task: Normalized macro-median ranks,

full analogy and (B:D), intersection of abstracts, 25 cues per target

Dataset Avg. Targets SGNS ESP

+PubTator +GNBR +SemRep
+GNBR

+SemRep

Chemical-Gene

Enzymes (DrugBank) 2 1.00 (1.00) 0.89 (0.72) 0.86 (0.52) 1.00 (0.44)

Targets (DrugBank) 4 0.94 (0.83) 0.53 (0.52) 0.70 (0.50) 0.91 (0.70)

PharmGKB 6 0.79 (0.80) 0.54 (0.53) 0.66 (0.50) 0.89 (0.56)

Drug-Target (TTD) 1 0.74 (0.64) 0.49 (0.52) 0.81 (0.34) 0.82 (0.71)

Drug-Inhibitor (TTD) 1 0.75 (0.61) 0.56 (0.44) 0.88 (0.28) 0.85 (0.70)

Chemical-Disease

Side Effect (SIDER) 3 0.97 (0.99) 0.64 (0.47) 0.99 (0.73) 0.98 (0.61)

Indication (SIDER) 2 0.92 (0.94) 0.66 (0.47) 0.98 (0.76) 0.98 (0.52)

Biomarker-Disease (TTD) 1 0.92 (0.99) 0.35 (0.24) 0.99 (0.87) 0.99 (0.54)

Indication (TTD) 1 0.94 (0.93) 0.66 (0.35) 0.99 (0.69) 0.99 (0.66)

Target-Disease (TTD) 2 0.85 (0.94) 0.54 (0.50) 0.98 (0.72) 0.98 (0.67)

Gene-Disease

OMIM 1 0.77 (0.89) 0.49 (0.46) 0.97 (0.60) 0.97 (0.60)

PharmGKB 2 0.85 (0.94) 0.53 (0.55) 0.98 (0.83) 0.98 (0.59)

Gene-Gene

Carriers (DrugBank) 1 0.64 (0.68) 0.51 (0.26) 0.33 (0.68) 0.75 (0.41)

Transporters (DrugBank) 2 1.00 (1.00) 0.73 (0.53) 0.98 (0.33) 1.00 (0.48)

PharmGKB 5 0.89 (0.89) 0.57 (0.49) 0.60 (0.59) 0.91 (0.54)

Complex (Reactome) 1 0.69 (0.54) 0.62 (0.64) 0.73 (0.62) 0.69 (0.53)

Reaction (Reactome) 1 0.81 (0.63) 0.52 (0.65) 0.86 (0.43) 0.78 (0.36)
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for making official research recommendations at this stage.

Figure 7.6: Proportion of model results in which analogical retrieval score is better than

direct similarity (B:D) score. Columns sum to 17, the number of evaluation sets in our

data.

7.9.2 Analogies vs. direct similarity

We compare models based on whether the performance for a given evaluation set was

better when prompted with a full analogy or with just direct term similarity. These results

are shown in Figure 7.6. Here, we find that the ESP+GNBR+SEMREP model, in all cases,
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has better analogical retrieval performance (i.e., higher median ranks on average) than

direct similarity-based retrieval for all sets. Although the SGNS model often outperformed

the ESP based models in terms of ranking correct retrievals more highly in the RR task

(Section 7.9.1), it appears to have relied more on direct term similarity than relational

information for this performance.

7.9.3 Qualitative results

In Table 7.8, we show the results of a qualitative analysis to find potential treatment tar-

gets for citalopram, a selective serotonin reuptake inhibitor (SSRI) typically used to treat

depression. Using 25 (drug, indication) pairs drawn from SIDER Indications as cues and

citalopram as the prompt, we compose a query vector and perform a K-nearest neighbor

search over terms that do not co-occur with citalopram in any of our three corpora. We

focus on the skip-gram based model and ESP+GNBR+SemRep, the best-performing ESP-

based model. As the table shows, many of the top ranked retrieved terms for SGNS are

actually other drugs (indeed, the top result is ‘citalopram’ itself), which are categorically

the wrong type to be potential treatment targets, while all of the top retrieved terms for the

ESP-based model are the correct semantic type. Indeed, the DrugBank entry for citalopram

notes that it has been found to alleviate symptoms of depression, obsessive-compulsive

disorder (OCD), anxiety, eating disorders, and other mood disorders. Additional research,

e.g. Anderberg et al. (2000), suggests that citalopram can alleviate some of the depressive

symptoms comorbid with fibromyalgia.

7.9.4 Interpretation of results

Why might relationship retrieval performance not be predictive of literature-based dis-

covery performance? The results in Section 7.9.2 illustrate how, for the literature-based

discovery task, the SGNS model relies more on direct term similarity for performance,

while the ESP based models appear to be using relational information to solve propor-
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rank SGNS ESP+GNBR+SemRep

1 citalopram × melancholia

2 paroxetine × major depressive disorder

3 fluoxetine × panic disorder

4 venlafaxine × seasonal affective disorder

5 anxiety disorders agoraphobia

6 sertraline × manic

7 reboxetine × agitation

8 mirtazapine × premenstrual dysphoric disorder

9 mood disorders binge eating disorder

10 panic disorder bulimia

11 fluvoxamine × catatonia

12 clomipramine× premenstrual syndrome

13 cipramil × sleeplessness

14 milnacipran × fibromyalgia

15 vilazodone × delirium

Table 7.8: Top 15 results for a search for potential treatment targets for the drug citalo-

pram. Bolded terms indicate a condition that citalopram treats or might treat, based on

a search to DrugBank or a cursory literature search; An × indicates terms that refer to a

chemical, i.e., something that could not be a treatment target for a drug.

tional analogies. Table 7.8 showed how SGNS, even when prompted with an analogical

retrieval cue, tends to rank similar terms, of the same semantic type as the prompt, more

highly than legitimate completions to the analogy. Considering that the relationship re-

trieval task involves target term pairs that co-occur, SGNS may earn its advantage from the

fact that its training involves maximizing the cooccurrence probability of words within a
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linear context window of each other. In other words, the relationship retrieval task, as we

have framed it, may really just be a test of a model’s ability to model relatively narrow

word contexts. Meanwhile, Table 7.8 shows how the ESP based model has highly ranked

plausible completions to the analogy that are of the correct semantic type, suggesting that

explicitly training on relational information leads to a better encoding of semantic infor-

mation, rather than mere contextual similarity. This higher-order information is necessary

for the LBD task, which involves retrieval of targets that were not expressed in the litera-

ture. In other words, a model based on linear cooccurrence is at a disadvantage compared

to a model that has encoded relational contexts from which to extrapolate.

One limitation of this interpretation is that it is unclear the extent to which perfor-

mance is impacted by which vocabularies and normalization strategies are shared between

the knowledge bases and the processing pipelines for each model, partly because this infor-

mation is multi-faceted and in some cases hard to find. Although we base our evaluations

on the set of terms in common across each model, this does not account for what models

may have encountered during training, and there is a chance that the models that perform

best for a particular evaluation set simply have more vocabulary in common with that set,

and thus have better representations (more training examples) for those terms.

7.10 Summary

We have described our approach to evaluating a selection of text representation models

for their ability to encode biomedical relationships of interest. In the following chapter, we

reflect on some of the limitations of this work in light of the data available to us.
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Chapter 8

DISCUSSION

In this chapter, I discuss takeaways and limitations across the case studies, providing

suggestions for future work.

8.1 The role for machine learning in biomedical research

In a recent conference about the use of machine learning in clinical research, with stake-

holders including biomedical and machine learning researchers and representatives from

organizations such as pharmaceutical companies, the US Food and Drug Administration,

and patient advocacy groups, ‘no consensus about best practices was reached’ (Weissler

et al., 2021, p. 2). Clearly, this is still an active area of research, and we should strive to

shape it in a positive direction. Two angles to consider are the connection between ma-

chine learning developers and system users, and the connection between medical research

subjects and wider systems of oppression.

Forsythe’s (1993; 1996) extensive anthropological study of the people behind medical

AI systems reveals how system builders are often detached from the key stakeholders, and

how this leads to incorrect assumptions about what users want and need from compu-

tational interfaces to medical system. The programmers built abstract systems that users

later rejected, because they had gone about the development process assuming what a user

might want, without asking them first (Forsythe, 1993, 1996). In the work described in

Chapter 7, my initial view of the knowledge base data I was using was predominantly as

a ‘proving ground’ for validating different NLP pipelines for biomedical relationship ex-

traction. However, the more time I spent analyzing the models’ performance and trying

to make sense of the patterns therein, and the more time I spent documenting the de-
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tails of each knowledge base, it occurred to me that I have a poor understanding of what

knowledge base curators, often human experts who perform painstaking reviews of the

literature, actually want from a tool that could assist them in this practice. While my

initial view of the project was as an abstract set of experiments for evaluating computa-

tional models of text, which could ostensibly inform later user-facing work, it seems to me

that this way of working is backwards. Thus, in future work, I aim to incorporate more

stakeholder feedback much earlier in the process.

Numerous studies in recent years have brought attention to the various systemic in-

equities that exist in biomedical research, ranging from which diseases are given the most

attention and funding (Marshall et al., 2021), sex disparities in clinical trial enrollment

(Feldman et al., 2019), and racial discrimination in medical care (Washington, 2006; Doll,

2018). Biomedical data on a particular question might not be comprehensive, as there are

disparities in data collection at almost every step with respect to gender, patient condition,

race, and even the patient’s insurance status (or lack thereof) (Chen et al., 2019, 2020a).

Thomas (2021) notes that diagnosis of Crohn’s disease takes 12 months for men, and 24

months for women, while diagnosis of Ehlers-Danlos Syndrome takes 4 years for men, 16

for women, stressing that in light of these long wait times, people are likely to give up

seeking a diagnosis, and that the research record is missing important data as a result.

Studies also show how endometrial cancer is under-diagnosed in Black women because

diagnostic methods underperform for them, or are not applied soon enough (Eichelberger

et al., 2016; Doll et al., 2018; Doll, 2018).

The various data sources used in the experiments in Chapter 7, thus, are all subject to

the biases incurred when research is not representative or is outright discriminatory, and

so our findings must be taken with this context in mind. Our system operates on coarse-

grained understandings of biomedical relationships — for example, we treat ‘Drug X treats

Condition Y’ as a static fact in our evaluation, but we do not have finer-grained details

for ‘Under what conditions, and for whom?’ Future work can provide a mechanism for a

system user to explore this finer-grained information.
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While there are gaps in our knowledge based on who is studied and who is represented,

the people who are contributing to research are not necessarily those who are benefiting

the most from it. For example, the Pima Indians Diabetes Dataset (PIDD) in the UCI

Machine Learning Repository has been used thousands of times as a ‘toy’ classification

task (Radin, 2017). The data were collected by the National Institutes of Health from the

indigenous Akimel O’odham community, which had been extensively studied for their high

prevalence of diabetes — which in and of itself stemmed from a history of displacement

and settler-colonialism. Radin notes that PIDD “was used to refine algorithms that had

nothing to do with diabetes or even to do with bodies, is exemplary of the history of Big

Data writ large.” (2017, p. 45). However, their participation in research had not yielded

any significant decreases in obesity or diabetes amongst community members.

Another example involves the HeLa cells extracted from Henrietta Lacks, a Black Amer-

ican woman who died in 1951. A sample of cervical cells taken from her, without her

knowledge or consent, have since become an ‘immortal cell line’ that has been the basis

for innovations such as the polio vaccine, various cancer treatments, and more recently,

COVID-19 vaccines. Her descendants were unaware of Henrietta’s influential role in med-

ical research, and did not receive any compensation; in fact, they had issues accessing

medical care, themselves (Skloot, 2017). Thus, mere representation in medical data does

not guarantee that subjects will benefit from the ensuing research, and we should look

beyond strategies for diversifying data and toward eliminating exploitative research prac-

tices.

8.2 Implications for NLP system design

In my own practice, I have often felt I was missing guidance on how to structure and justify

system design choices in ways that are rooted in consideration of broader impact. This is

partially due to my own ignorance of relevant literature until too late. A variety of design

frameworks have been proposed for considering ethics and values in the development of
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technological systems (Donia et al., 2021). For example, Schnoebelen (2017) argues for

a goal-oriented approach to NLP system design which includes consideration of the goals

of those impacted by a system’s deployment. With respect to designer agency, scholars

vary in their assessment of how much responsibility designers can meaningfully take on

in reflecting on their values and assumptions. There are often societal and structural is-

sues that they must contend with, which produce different incentives or struggles even

when designers are able to reflect meaningfully on the ethics and values of their process.

Additionally, different frameworks include varying degrees of clarity around the ethical

principles they suggest. For example, data statements are a somewhat neutral paradigm

that promotes documentation and reflection on the production of a dataset, which is use-

ful, but the framework does not require practitioners to explicitly comment on political

or ethical commitments (Scheuerman et al., 2021). Documentation is just one step in the

process towards normatively evaluating a dataset, and provides a basis upon which to ask

critical questions (Bender and Friedman, 2018). In general, frameworks that promote re-

flection and transparency are essential as foundations for further evaluating appropriate

uses for a system.

Examining the design process is important, but Shilton (2018) advocates asking whether

designers even have much agency over the trajectory of their artifacts. That is, even if we

carefully and thoughtfully design a system, we still ultimately do not have control over

how it will be used in the world, and our imaginations are fundamentally limited.

We have shown how technology has the potential to reinforce or exacerbate power

imbalances when it enters into an existing social and political context. To complete the

picture, an interdisciplinary lens is required, as well as more user-studies of NLP systems

‘in the wild’ (e.g. Liebling et al. (2020)). Interestingly, NAACL 2022’s announced theme is

‘Human-centered NLP’ which reflects burgeoning efforts to address the ‘human’ in NLP.

Model architectures may come and go, but the question of what problems to work on,

who is included in this process, and how to evaluate performance and release systems into

the world requires consistent reflection and accountability. However, the choice of model
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architecture is not trivial, either, because this too shapes the impact of system development.

Data-intensive and compute-intensive approaches have real impact on the physical world

(Bender et al., 2021), and this infrastructure is often invisibilized, imagined as ‘a cloud.’

In the age of digital reproduction, it seems trivial to download and reuse data, and to fine-

tune a model under various conditions, but each computation expends energy and relies

on a vast physical infrastructure (Strubell et al., 2019).

8.3 Reflections and proposals for future work

As sketched out in the introduction, NLP technology is not created in, nor will it enter,

a social vacuum – every step of the process reflects human realities. I opened with a

quote from Franklin (1999) in which she said that technologies may ‘enforce or destroy’

a social structure, often ‘in ways that are neither foreseen nor foreseeable.’ I agree that

human ingenuity is boundless, and have witnessed and participated firsthand in the use

of technology far beyond the designers’ original intentions. However, I argue that we can

look to history and sociology to understand the material contexts that shape what might

happen with the technologies we build — to foresee some of the likely outcomes. The

environment that NLP technology enters into is one shaped by patterns of discrimination

and injustice, of the ‘matrix of domination’ (Costanza-Chock, 2020). We must be aware of

this, and, even better, strategize ways to correct these injustices. As a thought exercise, we

can think of the worst possible use for something we build, and decide whether we are OK

with that possibility.

One of Wagstaff (2012)’s ‘impact’ challenges posed for machine learning was ‘a conflict

between nations averted through high-quality translation provided by an ML system.’ It is

hard to imagine validating such a scenario without a counterfactual. However, we have

seen some worst case scenarios for machine translation already. Researchers often point

to the case of a Palestinian man in Israel wrongfully arrested based on a mis-translated
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Facebook post1. He had posted a picture of a bulldozer and the caption ‘Good morning’ in

Arabic, which was mis-translated via an automatic API into Hebrew as ‘Attack them.’ Con-

cerned citizens alerted the police, who cited a previous incident in which a Palestinian man

killed a pedestrian with a construction vehicle as cause for investigation. Would ‘quality

translation’ have averted this violation? I argue that the answer is no. This situation was

already incredibly loaded with social prejudices and anxieties, and any sort of mild mis-

understanding was likely to be taken out of context. Even if the translation was flawless,

there are idioms, sarcasm, and other forms of expression that can be willfully misread,

even if ‘correctly’ translated. As an illustrative example, an English tourist was denied

entry into the United States after DHS agents viewed his social media and cited a Twitter

post saying he would ‘destroy America’ as grounds for rejecting his entry into the country

(Patel et al., 2019). This was not a mistranslation, but a misreading of an idiom written in

English, presumably a language the US DHS agents are proficient in. Thus, while improv-

ing machine translation is a noble goal, we cannot pretend that better translation will lead

to utopian ideals of mutual understanding.

As the machine translation case study illustrated, NLP tools have been recruited into

advanced techniques for surveillance. For those who have observed who has power in

the world and what incentives they are driven by, abuse of this tool comes as no surprise.

NLP experts have a key role to play in working with human rights advocates to identify

cases of misuse, and more broadly, to inform policies for auditing and regulating language

technology.

While there is increased sensitivity to issues of diversity in NLP systems, it is my fear

that the benefits of development of NLP for so-called ‘low resource’ languages will ulti-

mately accrue to the companies collecting the data and providing the infrastructure for

this technology, and to those wealthiest in society who can afford to use the gadgets pre-

requisite to this technology. History has shown how technology developed in one context

1https://www.jpost.com/Arab-Israeli-Conflict/Palestinian-arrested-after-police-rely-on-mistranslation-
of-Facebook-post-508107
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does not travel well to other contexts (Irani et al., 2010). It should be noted that I am

working within and focusing on technological development in the sociopolitical context of

the United States, which is shaped by a history involving the displacement of indigenous

peoples and enslavement of Africans. The technological imagination of those working in

this context is thus shaped by these conditions, and thus my analysis and the set of issues

that I am sensitive to is necessarily limited by my position.

8.4 Research questions revisited

We conclude by revisiting the research questions guiding the case studies.

• What has been the social impact of data-driven natural language processing tech-

nologies?

– NLP technologies have facilitated access to information, in applications that

range from assisting researchers in curation processes (Chapters 6 and 7) to

powering translation between languages (Chapter 5). However, access to in-

formation is a double-edged sword, and when NLP enters into social contexts

shaped by power imbalances, there is potential for harm. Additionally, the data

collection processes that power modern NLP have ethical and legal implications

for the rights of human data subjects and data workers (Chapter 3).

• What role does the design and development of these systems play in shaping that

impact?

– The choices made at every stage in the development process, ranging from the

formulation of questions that inform data selection, to the incentives guiding

model development practices, all impact the world outside the lab. For exam-

ple, the research decision to rely on a web-scraping paradigm for data has led,

in some cases, to public backlash when personal data is used in unexpected

machine learning applications (Chapter 3).
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– Failing to include relevant stakeholders in the earliest stages of system develop-

ment can lead to a rejection of the ensuing application (Chapter 5).

• What considerations should be made during the development process to anticipate

and address this impact?

– Researchers should strive for an awareness of the historical, social, and political

contexts in which their work is developed and applied, which can help them

make sense of data discrepancies and anticipate deployment outcomes.

– Researchers should also gain literacy in the variety of frameworks that can help

promote structured thinking about potential impacts of design choices through-

out the development cycle (Sim et al., 2021).
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Chapter 9

CONCLUSION

This work has explored some of the practical and ethical issues in developing and

releasing natural language processing systems. I have structured this exploration around

the stages of system development, in particular the conception, design, evaluation, and

deployment of these systems, while applying a sociotechnical lens to these analyses. I have

illustrated, through a handful of case studies, some of the considerations for the direct and

indirect stakeholders of actions taken at various points in the NLP system development

pipeline. We explored how current data practices have often flattened or obscured the

social relations underlying their development, as well as the practical pitfalls that stem

from the collection processes of data sets.

In light of observations of trends in the field and through my own work, I suggest that

NLP researchers engage more meaningfully with critical questions about what applications

we wish to power with our work, how these problems are situated in their broader social

and political contexts, and who truly stands to benefit (or incur harms) from practices of

data collection and system deployment. Promoting interdisciplinary work that emphasizes

contributions from a variety of voices will continue to be vital in the future if we wish to

have a positive impact. We should also strive to gain literacy in design frameworks that

can inform our work.

I summarize my contributions as follows. The first case study (Chapter 4), on compu-

tational models of text, illustrated the impact of data selection choices for training such

models. Researchers should justify training data curation choices by tying them to particu-

lar use contexts, distinguishing between prescriptive and descriptive uses of these models.

The second case study (Chapter 5), on machine translation, examined the social impact

of machine translation due to its historical conception as a tool for surveillance. While
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translation errors can cause harm, we should also be attentive to the power imbalances that

shape scenarios that are inappropriate for the use of machine translation. In developing

systems for ‘low-resource’ languages, we should consider issues of trust and consent in

light of the historical inequities that lead to language endangerment.

In the third case study (Chapters 6 and 7) I reported results on evaluating methods for

representing biomedical relationships learned from literature. In reflecting on the limita-

tions of this study, I find that the needs of curators should inform the design of the system.

In future work, I will more closely examine the commonalities across curation practices for

different data resources, including frequently used resources and workflows and surfacing

recurring pain points. I note that the body of literature in biomedicine is shaped by histor-

ical injustices and disparities; any system trained as such should come with caveats, and

future work should focus on correcting these disparities.

Across each case study, a few patterns are apparent. Lack of informed consent, for

using and re-using image data, medical data, linguistic data, erodes public trust and shows

a lack of respect for human subjects. Failing to consider stakeholders, such as language

speakers, curators of data bases, can lead to a rejection of system deployment (a failure to

integrate) and a failure to anticipate the amplification of disparities in data. We should re-

consider the goals & incentives that structure our research practices, and broaden where

we look for guidance on this process by incorporating interdisciplinary perspectives and

direct consultation with stakeholders.

The majority of my training thus far has been as a practitioner and researcher in NLP,

and this dissertation reflects my active, ongoing engagement with critical, reflexive prac-

tices from scholarship in science and technology studies and critical data studies. I still

have far to go in synthesizing these traditions to inform my future work.
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Appendix A

FULL RESULTS TABLES

Table A.1: LBD: 25 cues, full set of abstracts

Entity Pair Type Relation

ESP-GNBR ESP-GNBR-SEMREP ESP-SEMREP SGNS Targets
per term

CD DC CD DC CD DC CD DC

AB:CD BD AB:CD BD AB:CD BD AB:CD BD AB:CD BD AB:CD BD AB:CD BD AB:CD BD CD DC

Chem-Gene

Enzymes (DrugBank) 1.00 0.30 0.91 0.45 1.00 0.10 0.97 0.62 0.77 0.46 0.92 0.48 1.00 1.00 0.89 0.91 2.0 8.0

Targets (DrugBank) 0.54 0.45 0.60 0.48 0.96 0.25 0.95 0.70 0.70 0.66 0.90 0.45 0.96 0.85 0.82 0.80 4.0 4.0

PharmGKB 0.57 0.41 0.59 0.44 0.89 0.29 0.87 0.47 0.66 0.57 0.66 0.50 0.81 0.83 0.85 0.93 6.0 5.0

Drug-Target (TTD) 0.57 0.60 0.61 0.38 0.86 0.46 0.85 0.64 0.86 0.70 0.75 0.53 0.81 0.70 0.82 0.80 1.0 2.0

Drug-Inhibitor (TTD) 0.54 0.63 0.62 0.45 0.88 0.51 0.85 0.59 0.90 0.82 0.82 0.49 0.82 0.65 0.84 0.79 1.0 2.0

Chem-Disease

Side Effects (SIDER) 0.88 0.36 0.74 0.59 0.98 0.59 0.88 0.47 0.99 0.41 0.83 0.42 0.98 1.00 0.93 0.95 3.0 5.0

Indications (SIDER) 0.90 0.36 0.77 0.48 0.97 0.54 0.88 0.55 0.98 0.42 0.83 0.56 0.95 0.96 0.97 0.95 2.0 3.0

Biomarker-Disease (TTD) 0.68 0.28 0.54 0.74 0.95 0.60 0.34 0.16 0.99 0.29 0.08 0.12 0.95 1.00 0.69 0.56 1.0 1.0

Indications (TTD) 0.98 0.30 0.81 0.52 0.99 0.49 0.87 0.56 0.99 0.24 0.85 0.53 0.95 0.96 0.94 0.92 1.0 3.0

Target-Disease (TTD) 0.55 0.32 0.47 0.54 0.98 0.45 0.78 0.35 0.98 0.44 0.74 0.60 0.86 0.97 0.67 0.66 2.0 1.0

Gene-Disease
OMIM 0.52 0.32 0.39 0.58 0.96 0.45 0.80 0.41 0.96 0.33 0.71 0.57 0.85 0.93 0.77 0.73 1.0 2.0

Gene-Disease (PGKB) 0.64 0.42 0.44 0.39 0.98 0.57 0.83 0.23 0.98 0.38 0.77 0.61 0.90 0.97 0.78 0.77 1.0 3.0

Gene-Gene

Carriers (DrugBank) 0.64 0.42 0.60 0.46 0.77 0.58 0.87 0.73 0.34 0.49 0.76 0.47 0.69 0.68 0.67 0.75 1.0 8.0

Transporters (DrugBank) 0.92 0.43 0.89 0.48 1.00 0.33 0.95 0.69 0.96 0.60 0.94 0.48 1.00 1.00 0.83 0.86 2.0 9.0

Gene-Gene (PGKB) 0.60 0.49 0.60 0.52 0.91 0.17 0.91 0.16 0.58 0.55 0.58 0.55 0.91 0.91 0.90 0.91 5.0 5.0

Complex (Reactome) 0.66 0.53 0.64 0.38 0.71 0.42 0.82 0.40 0.82 0.62 0.91 0.63 0.66 0.62 0.82 0.67 1.0 1.0

Reaction (Reactome) 0.56 0.36 0.71 0.79 0.74 0.47 0.92 0.46 0.85 0.74 0.88 0.46 0.78 0.67 0.86 0.69 1.0 1.0

AB:CD vs BD AB:CD (15/17) AB:CD (13/17) AB:CD (17/17) AB:CD (17/17) AB:CD (16/17) AB:CD (16/17 BD (8/17) AB:CD (11/17)

CD vs DC
AB:CD CD (11/17) CD (13/17) CD (10/17) CD (11/17)

BD DC (13/17) DC (9/17) Tied CD (10/17)



144

Table A.2: RR: 25 Cues, Full set of abstracts.

Entity Pair Type Relation

ESP-GNBR ESP-GNBR-SEMREP ESP-SEMREP SGNS Targets
per term

CD DC CD DC CD DC CD DC

AB:CD BD AB:CD BD AB:CD BD AB:CD BD AB:CD BD AB:CD BD AB:CD BD AB:CD BD CD DC

Chem-Gene

Enzymes (DrugBank) 1.00 1.00 0.97 0.98 1.00 0.83 0.97 0.33 0.64 0.40 0.96 0.64 1.00 1.00 0.96 0.92 2.0 7.0

Targets (DrugBank) 0.80 0.76 0.84 0.95 0.83 0.52 0.94 0.45 0.83 0.47 0.95 0.51 0.99 0.66 0.99 0.75 2.0 2.0

PharmGKB 0.88 0.97 0.92 0.99 0.91 0.62 0.98 0.43 0.52 0.49 0.98 0.51 0.98 0.82 0.99 0.96 2.0 2.0

Drug-Target (TTD) 0.99 0.71 1.00 0.89 0.99 0.48 0.98 0.51 0.99 0.39 0.95 0.47 1.00 0.64 1.00 0.75 1.0 3.0

Drug-Inhibitor (TTD) 0.99 0.66 1.00 0.88 0.99 0.53 0.98 0.66 0.99 0.36 0.95 0.45 1.00 0.70 1.00 0.74 1.0 3.0

Chem-Disease

Side Effects (SIDER) 1.00 1.00 0.98 0.98 0.99 0.57 0.98 0.51 0.99 0.22 0.98 0.58 1.00 1.00 0.97 0.95 3.0 6.0

Indications (SIDER) 1.00 0.99 1.00 0.97 0.99 0.41 0.99 0.35 1.00 0.28 0.99 0.67 1.00 0.97 1.00 0.94 2.0 3.0

Biomarker-Disease (TTD) 0.95 0.99 0.85 0.85 0.99 0.36 0.87 0.54 0.99 0.09 0.94 0.63 0.99 1.00 0.82 0.67 1.0 3.0

Indications (TTD) 1.00 0.99 1.00 0.95 1.00 0.45 0.99 0.32 1.00 0.39 0.99 0.68 1.00 0.96 1.00 0.89 1.0 4.0

Target-Disease (TTD) 0.86 0.99 0.71 0.80 0.98 0.62 0.88 0.48 0.99 0.20 0.93 0.70 0.99 0.99 0.90 0.59 1.0 3.0

Gene-Disease
Omim 0.98 0.96 0.92 0.73 0.99 0.44 0.86 0.55 0.99 0.21 0.90 0.52 1.00 0.95 0.99 0.72 1.0 2.0

PharmGKB 0.78 0.99 0.71 0.96 0.99 0.57 0.76 0.59 0.99 0.37 0.65 0.55 1.00 1.00 0.94 0.73 1.0 3.0

Gene-Gene

Carriers (DrugBank) 0.84 0.88 0.74 0.96 0.77 0.34 0.93 0.43 0.33 0.64 0.98 0.62 0.86 0.77 0.97 0.77 2.0 2.0

Transporters (DrugBank) 1.00 1.00 0.97 0.98 1.00 0.48 0.94 0.32 0.50 0.74 0.93 0.46 1.00 1.00 0.97 0.90 2.0 5.0

PharmGKB 0.97 0.99 0.97 0.99 0.87 0.57 0.87 0.63 0.33 0.71 0.32 0.72 0.98 0.80 0.99 0.80 3.0 3.0

Complex (Reactome) 1.00 0.74 1.00 0.71 0.99 0.48 1.00 0.43 0.91 0.45 0.94 0.48 1.00 0.62 1.00 0.61 1.0 1.0

Reaction (Reactome) 0.98 0.78 0.99 0.68 0.99 0.53 0.99 0.50 0.95 0.54 0.97 0.48 1.00 0.65 1.00 0.61 1.0 1.0

AB:CD vs BD AB:CD (8/17) BD (8/17) AB:CD (17/17) AB:CD (17/17) AB:CD (14/17) AB:CD (16/17) AB:CD (11/17) AB:CD (17/17)

CD vs DC
AB:CD CD (8/17) CD (10/17) CD (10/17) CD (7/17) + Tied (7/17)

BD CD (11/17) CD (10/17) DC (14/17) CD (7/17) + Tied (7/17)

Table A.3: LBD: 25 cues, intersection of abstracts

Entity Pair Type Relation

ESP-GNBR ESP-GNBR-SEMREP ESP-SEMREP SGNS Targets
per term

CD DC CD DC CD DC CD DC

AB:CD BD AB:CD BD AB:CD BD AB:CD BD AB:CD BD AB:CD BD AB:CD BD AB:CD BD CD DC

Chem-Gene

Enzymes (DrugBank) 0.89 0.72 0.84 0.43 1.00 0.44 0.96 0.22 0.86 0.52 0.94 0.42 1.00 1.00 0.86 0.88 2.0 8.0

Targets (DrugBank) 0.53 0.52 0.53 0.45 0.91 0.70 0.94 0.40 0.70 0.50 0.91 0.34 0.94 0.83 0.80 0.76 4.0 4.0

PharmGKB 0.54 0.53 0.53 0.46 0.89 0.56 0.91 0.30 0.66 0.50 0.81 0.34 0.79 0.80 0.83 0.92 6.0 4.0

Drug-Target (TTD) 0.49 0.52 0.60 0.49 0.82 0.71 0.83 0.38 0.81 0.34 0.77 0.48 0.74 0.64 0.80 0.76 1.0 2.0

Drug-Inhibitor (TTD) 0.56 0.44 0.54 0.49 0.85 0.70 0.87 0.45 0.88 0.28 0.85 0.53 0.75 0.61 0.84 0.74 1.0 2.0

Chem-Disease

Side Effects (SIDER) 0.64 0.47 0.56 0.46 0.98 0.61 0.88 0.27 0.99 0.73 0.85 0.39 0.97 0.99 0.91 0.94 3.0 5.0

Indications (SIDER) 0.66 0.47 0.64 0.55 0.98 0.52 0.88 0.16 0.98 0.76 0.86 0.42 0.92 0.94 0.97 0.95 2.0 2.0

Biomarker-Disease (TTD) 0.35 0.24 0.48 0.30 0.99 0.54 0.39 0.62 0.99 0.87 0.11 0.51 0.92 0.99 0.51 0.52 1.0 1.0

Indications (TTD) 0.66 0.35 0.74 0.52 0.99 0.66 0.87 0.22 0.99 0.69 0.86 0.40 0.94 0.93 0.96 0.90 1.0 3.0

Target-Disease (TTD) 0.54 0.50 0.41 0.47 0.98 0.67 0.82 0.57 0.98 0.72 0.69 0.38 0.85 0.94 0.59 0.58 2.0 1.0

Gene-Disease
OMIM 0.49 0.46 0.52 0.40 0.97 0.60 0.80 0.65 0.97 0.60 0.68 0.50 0.77 0.89 0.81 0.74 1.0 2.0

PharmGKB 0.53 0.55 0.57 0.53 0.98 0.59 0.82 0.60 0.98 0.83 0.74 0.51 0.85 0.94 0.74 0.75 2.0 3.0

Gene-Gene

Carriers (DrugBank) 0.51 0.26 0.57 0.58 0.75 0.41 0.88 0.40 0.33 0.68 0.80 0.25 0.64 0.68 0.71 0.73 1.0 8.0

Transporters (DrugBank) 0.73 0.53 0.70 0.45 1.00 0.48 0.95 0.32 0.98 0.33 0.94 0.41 1.00 1.00 0.76 0.81 2.0 9.0

PharmGKB 0.57 0.49 0.56 0.50 0.91 0.54 0.91 0.54 0.60 0.59 0.60 0.60 0.89 0.89 0.89 0.89 5.0 5.0

Complex (Reactome) 0.62 0.64 0.43 0.45 0.69 0.53 0.84 0.60 0.73 0.62 0.88 0.62 0.69 0.54 0.75 0.58 1.0 1.0

Reaction (Reactome) 0.52 0.65 0.78 0.54 0.78 0.36 0.90 0.58 0.86 0.43 0.89 0.50 0.81 0.63 0.86 0.59 1.0 1.0

AB:CD vs BD AB:CD (13/17) AB:CD (14/17) AB:CD (17/17) AB:CD (16/17) AB:CD (16/17) AB:CD (15/17) BD (8/17) AB:CD (9/17)

CD vs DC
AB:CD CD (9/17) CD (9/17) CD (10/17) DC (9/17)

BD CD (11/17) CD (11/17) CD (11/17) CD (10/17)
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Table A.4: RR: 25 cues, intersection of abstracts

Entity Pair Type Relation

ESP-GNBR ESP-GNBR-SEMREP ESP-SEMREP SGNS Targets
per term

CD DC CD DC CD DC CD DC

AB:CD BD AB:CD BD AB:CD BD AB:CD BD AB:CD BD AB:CD BD AB:CD BD AB:CD BD CD DC

Chem-Gene

Enzymes (DrugBank) 0.99 1.00 0.95 0.98 1.00 0.86 0.96 0.51 0.69 0.46 0.96 0.41 1.00 1.00 0.95 0.87 2.0 7.0

Targets (DrugBank) 0.67 0.72 0.67 0.94 0.81 0.55 0.91 0.46 0.80 0.48 0.95 0.50 0.99 0.62 0.99 0.70 2.0 2.0

PharmGKB 0.75 0.97 0.72 0.99 0.88 0.54 0.97 0.42 0.45 0.52 0.97 0.36 0.98 0.78 0.99 0.93 2.0 2.0

Drug-Target (TTD) 1.00 0.63 1.00 0.84 0.98 0.39 0.97 0.48 0.99 0.47 0.93 0.40 1.00 0.60 1.00 0.66 1.0 3.0

Drug-Inhibitor (TTD) 1.00 0.63 1.00 0.86 0.98 0.36 0.96 0.36 0.99 0.59 0.94 0.51 1.00 0.72 1.00 0.69 1.0 3.0

Chem-Disease

Side Effects (SIDER) 0.96 1.00 0.94 0.98 0.99 0.07 0.97 0.58 0.99 0.41 0.98 0.45 1.00 1.00 0.97 0.93 3.0 6.0

Indications (SIDER) 1.00 0.99 1.00 0.96 1.00 0.12 0.99 0.50 1.00 0.22 1.00 0.46 1.00 0.95 1.00 0.92 2.0 3.0

Biomarker-Disease (TTD) 0.60 0.99 0.70 0.87 0.98 0.55 0.90 0.53 0.99 0.03 0.94 0.57 0.99 0.99 0.85 0.61 1.0 3.0

Indications (TTD) 1.00 0.99 1.00 0.94 1.00 0.20 0.99 0.38 1.00 0.16 0.99 0.55 1.00 0.94 1.00 0.85 1.0 4.0

Target-Disease (TTD) 0.58 0.99 0.66 0.77 0.98 0.37 0.89 0.53 0.99 0.07 0.93 0.57 0.99 0.96 0.88 0.56 1.0 3.0

Gene-Disease
OMIM 0.93 0.88 0.91 0.69 0.99 0.32 0.87 0.60 0.99 0.32 0.92 0.49 1.00 0.91 0.99 0.71 1.0 2.0

PharmGKB 0.58 1.00 0.58 0.95 0.98 0.26 0.79 0.42 0.99 0.18 0.62 0.44 1.00 0.99 0.92 0.74 1.0 2.0

Gene-Gene

Carriers (DrugBank) 0.43 0.99 0.48 0.96 0.78 0.75 0.92 0.47 0.32 0.57 0.98 0.54 0.88 0.78 0.96 0.74 1.0 2.0

Transporters (DrugBank) 0.96 1.00 0.87 0.98 1.00 0.35 0.92 0.56 0.54 0.49 0.94 0.41 1.00 1.00 0.95 0.84 2.0 4.0

PharmGKB 0.89 0.99 0.92 0.99 0.86 0.49 0.86 0.44 0.31 0.55 0.32 0.49 0.99 0.78 0.99 0.78 3.0 3.0

Complex (Reactome) 1.00 0.70 1.00 0.65 0.97 0.50 0.99 0.50 0.90 0.60 0.92 0.61 1.00 0.57 1.00 0.55 1.0 1.0

Reaction (Reactome) 0.95 0.80 0.92 0.72 0.96 0.46 0.97 0.53 0.93 0.59 0.95 0.53 1.00 0.58 1.00 0.58 1.0 1.0

AB:CD vs BD BD (10/17) BD (10/17) AB:CD (17/17) AB:CD (17/17) AB:CD (14/17) AB:CD (16/17) AB:CD (13/17) AB:CD (17/17)

CD vs DC
AB:CD CD (6/17); Tied (7/17) CD (11/17) Tied CD (7/17); Tied (8/17)

BD CD (12/17) DC (9/17) DC (9/17) CD (12/17)
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