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Exploratory search and recommender systems are ubiquitous and central to informa-

tion navigation. Yet, many pressing challenges remain surrounding the development of

robust systems, from producing high-quality data and metadata to answering fundamen-

tal questions in human-AI interaction concerning the interactive a↵ordances for search and

recommendation. These challenges are exacerbated by 1) the ever-expanding wealth of in-

formation to be searched, and 2) the widespread incorporation of increasingly opaque and

complex machine learning models into deployed systems. This thesis explores these chal-

lenges and investigates how we can improve interaction mechanisms in exploratory search

and recommendation. Much of this dissertation adopts the setting of digital cultural her-

itage collections, where impoverished metadata redoubles challenges of searchability, with

implications across disciplines.

This dissertation introduces three primary contributions through publicly deployed sys-

tems and datasets. First, we demonstrate how the construction of large-scale cultural

heritage datasets using machine learning can answer interdisciplinary questions in library &

information science and the humanities (Chapter 2). Second, based on the feedback of users

of these cultural heritage datasets, we introduce open faceted search, an extension of faceted

search that leverages human-AI interaction a↵ordances to empower users to define their own

facets in an open domain fashion (Chapter 3). Third, encountering similar challenges with



the deluge of scientific papers, we explore the question of how to improve recommender

systems through human-AI interaction and tackle the broad challenge of advice taking for

opaque machine learners (Chapter 4).
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Chapter 1

INTRODUCTION

1.1 Motivation

Search and recommender systems are ubiquitous to the online experience, heavily mediating

the information that we encounter on a daily basis. Consider, for example, how we navigate

the World Wide Web, find new music, discover new videos, identify new restaurants, retrieve

new academic papers, and browse library collections. Though many users of such systems

have well-defined search needs with specific end destinations in mind, there are just as many

users with entirely di↵erent search needs. For example, a user might desire to explore and

make sense of a collection of information without a clear end goal, or the user may be unable

to formulate an initial query to quickly reach their desired end destination [137]. Exploratory

search and recommendation comprise this range of settings. Much research across computer

science and library & information science (LIS) over the past quarter century has focused

on problems pertaining to exploratory search and recommendation, from improving the

underlying machine learning algorithms to designing new user interfaces and a↵ordances in

order to facilitate search and discovery.

This dissertation examines these challenges through the lens of human-AI interaction.

Situated at the intersection of artificial intelligence and human-computer interaction, human-

AI interaction foregrounds a macroscopic view of the broader human-AI system in lieu of a

focus on the AI system in isolation [12]. By adopting this holistic framing and evaluating

systems with real users, human-AI interaction as an area of research seeks to improve inter-

action mechanisms toward a human’s desired goals. Human-AI interaction is an essential

consideration for a wide range of domains and tasks, from medical diagnosis [225] to model

debugging [184].

Significantly, exploratory search and recommendation fit squarely in this paradigm of

human-AI interaction because end-users iteratively interact with machine learning-powered
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search and recommender systems to retrieve relevant results – by design, these systems are

intended to guide users to content of interest and thus necessitate user-centric considera-

tion and evaluation. Significantly, modes of interaction remain limited in deployed search

and recommender systems, with few a↵ordances for high-level advice or facet specification.

The importance of human-AI interaction is redoubled in this context by two considerations.

First, search & recommendation as tasks will only become more important as the wealth

of digital information continues to grow rapidly. Second, given that search and recom-

mender systems increasingly rely on opaque machine learning models to generate results,

understanding human-AI interaction patterns and developing new modes of interaction will

remain an important area of focus.

Much of this dissertation adopts the setting of digital cultural heritage, namely, digital

collections produced by libraries, archives, and museums. Because cultural heritage col-

lections are regularly navigated by wide audiences with di↵erent needs and expectations,

researchers in exploratory search have historically utilized these collections to implement

and evaluate systems [408]. Notably, search and discovery in this context is particularly

challenging, as metadata are often impoverished due to limitations of digitization pipelines.

Such limitations include unreliable optical character recognition, poor scan quality, lossy

intermediate steps such as microfilming, degraded physical artifacts themselves, and large

size, both in cardinality and bits. In this context, just creating datasets that are functional

for a range of end-users is challenging in its own right. Digital cultural heritage collections

are thus an ideal setting for studying new modes of human-AI interaction within exploratory

search, where improvements have the capacity to unlock these collections to scholars and

the public alike. Along these lines, this thesis pays particular attention to addressing the

real needs of historians, humanists, educators, students, and genealogists who utilize digi-

tal cultural heritage collections by incorporating a series of multidisciplinary collaborations

with these end-users in mind.

1.2 Contributions

Research on cultural heritage is necessarily inter-disciplinary. Motivated by these real-world

challenges in exploratory search & recommendation, human-AI interaction, and cultural
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Figure 1.1: An overview of the contributions of Chapter 2. In particular, we demonstrate how the
construction of the Newspaper Navigator dataset (Section 2.2) enables multidiscplinary contributions
including the Newspaper Navigator data archaeology (Section 2.3), novel analysis of the page layouts
of ethnic presses in Chronicling America (Section 2.4) and of the visual culture within the Ladino
press (Section 2.5), and the construction of the “Collections as ML Data” checklist for machine
learning and cultural heritage (Section 2.6).

heritage, this dissertation introduces three primary contributions.

1.2.1 Contribution 1

We demonstrate how the construction of large-scale cultural heritage datasets

using machine learning o↵er answers to interdisciplinary questions in library &

information science and the humanities (Chapter 2). Large-scale cultural heritage

collections raise a wealth of questions across disciplines, including library & information sci-

ence and the humanities. For example, how do scholars search these collections e↵ectively?

How do existing search a↵ordances mediate what scholars discover? To what extent can

emerging machine learning methodologies applied to these collections answer downstream

humanities questions? Significantly, answering these questions meaningfully requires inter-
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disciplinary approaches that unify computational methodologies with humanistic inquiry.

In this chapter, we examine the 16+ million digitized historic newspapers within the

Chronicling America collection as a case study for reimagining discoverability and access

for digital collections using an interdisciplinary approach grounded in machine learning.

We begin by introducing the Newspaper Navigator dataset comprising photographs, illus-

trations, comics, editorial cartoons, maps, headlines, and advertisements within these 16

million newspaper pages in Chronicling America [202]. We detail the finetuning of a visual

content model for this task and present the pipeline utilized to process all 1̃00 terabytes of

data. Moreover, we describe how the publicly released dataset can be accessed and queried.1

We then turn to a series of studies that utilize the Newspaper Navigator dataset to

answer interdisciplinary questions in library & information science and the humanities (an

overview can be found in Figure 1.1). First, we introduce a data archaeology of Newspaper

Navigator: an autoethnographic reflection surrounding the construction of the dataset with

a particular focus on the dataset’s sociotechnical implications. In particular, this document

investigates the many ways that a newspaper is transmuted, mediated, and decontextualized

in its journey from a physical artifact to a series of probabilistic photographs, illustrations,

and beyond in the Newspaper Navgiator dataset. Second, we detail a multidisciplinary

collaboration to study the editorial practices within multiethnic newspapers. In this collab-

oration, we center our attention on page layout, as inferred from the dataset, as a method

for determining similarity between multiethnic newspaper titles as a new approach to ex-

cavate editorial decisions and practices across communities. Third, we describe an e↵ort

to perform the first macroscopic analysis of the Ladino press using the Newspaper Navi-

gator visual content recognition model. We consider the Sephardic Studies Digital Library

at the University of Washington, one of the world’s largest collections of Ladino material.

Because Ladino su↵ers from poor optical character recognition (itself a form of algorithmic

marginalization), and scholars are restricted to close reading and manual search method-

ologies, we o↵er this work surrounding visual culture in the Ladino press as a path forward

for improving discoverability. Fourth, we introduce the “Collections as ML Data” checklist,

1The full dataset can be accessed at https://news-navigator.labs.loc.gov.

https://news-navigator.labs.loc.gov
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Figure 1.2: An overview of our project, Newspaper Navigator. The project begins with digitized
newspaper pages from the Chronicling America collection. In the first step (Chapter 2), we extract
visual content from the 16+ million pages using a finetuned object detection model, resulting in
the Newspaper Navigator dataset. In the second step (Chapter 3), we introduce an open faceted
search interface from 1.5+ million photos in the Newspaper Navigator dataset, empowering users to
define and refine their own facets in an open domain fashion via interactive machine learning. In
the third step, we evaluate the search application’s 42,000+ user sessions and identify impact across
user groups including scholars, teachers and students in the classroom, genealogists, and beyond.

a curated list of guidelines and considerations for researchers engaging in projects at the

intersection of machine learning and cultural heritage, as inspired by the construction of

the Newspaper Navigator dataset. We justify the checklist components by drawing from

existing checklists and best practices from both machine learning and cultural heritage, as

well as surveying and iteratively refining the checklist using a series of relevant projects in

this space. We conclude the chapter by emphasizing the importance of interdisciplinary ap-

proaches to digital collections, with a particular emphasis on how the further development

of such approaches is essential to improving discoverability.
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1.2.2 Contribution 2

Based on the feedback of users of these humanities datasets, we introduce open

faceted search, an extension of faceted search that leverages human-AI interac-

tion a↵ordances to empower users to define their own facets in an open domain

fashion (Chapter 3). While the dataset approach presented in Chapter 2 provides one

mode of facilitating search and discovery for digital cultural heritage, feedback from users of

the Newspaper Navigator dataset made it clear that improvements to the search a↵ordances

themselves was a necessary step in order to improve discoverability. In particular, users had

specific visual facets that they wished to search for, with no single taxonomy comprehensive

enough to cover them all. Even with a faceted search interface, these users would face lim-

itations surrounding discoverability due to the inevitable incompleteness of the taxonomy.

In response to this limitation of requiring a facet taxonomy to be pre-defined, we introduce

open faceted search as a framework.

We instantiate open faceted search with the Newspaper Navigator search application, a

publicly-deployed search interface for 1.5+ million photographs in the Newspaper Navigator

dataset.2 In addition to supporting keyword search and basic faceted metadata search over

the photographs, the application supports an a↵ordance called “Train My AI Navigators,”

which surfaces an interactive machine learning interface and enables a user to iteratively

train an AI navigator (facet learner) to retrieve photographs pertaining to an open facet by

defining positive and negative examples. This a↵ordance is highly responsive, performing

the machine learning inference and re-ranking in under a second. In Figure 1.2, we provide

an overview for the full Newspaper Navigator project, beginning with raw newspaper pages

in the Chronicling America collection and resulting in over 42,000 user sessions for the

Newspaper Navigator search application. User groups include a wide range of communities,

such as scholars, teachers and students in the classroom, and genealogists. In this regard,

the project is an ideal testbed for open faceted search, with organic users who have real

exploratory search needs.

2The Newspaper Navigator search application can be accessed at: https://news-navigator.labs.loc.
gov/search

https://news-navigator.labs.loc.gov/search
https://news-navigator.labs.loc.gov/search
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To evaluate open faceted search, we analyze the logs of these 42,000 user sessions of

the Newspaper Navigator search application. By studying hundreds of named and trained

open facets, we demonstrate that canonical image recognition taxonomies do not support

the diversity of facets desired by real users of the search application, in turn motivating

the importance of open facets. By evaluating 54 training curves, we show evidence of facet

learning for many of these open facets. In response to the open facets that do not show

evidence of learning, we demonstrate the capacity for greatly improved learning with state-

of-the-art multimodal CLIP embeddings. We then turn to ongoing work surrounding the

development of zero-metadata open faceted search for image collections, an extension of open

faceted search that facilitates the interactive bootstrapping of faceted search interfaces using

large language models, even in the absence of any descriptive metadata for the images. We

present an initial system that supports zero-metadata open faceted search for large-scale

image collections with tens of facets. We conclude by articulating next steps and future

work for open faceted search as a general framework.

1.2.3 Contribution 3

Encountering similar challenges with the deluge of scientific papers, we explore

the question of how to improve canonical recommender systems with human-AI

interaction, in particular, through the broad challenge of advice taking (Chapter

4). Whether in the context of searching scientific papers or debugging an image classification

model, the problem of advice taking – updating an AI via high-level human feedback – is

a ubiquitous challenge. While opaque models ranging from neural networks to boosted

decision forests have seen widespread adoption in operational contexts, and methods of

generating post-hoc explanations for decisions made by opaque models have been developed,

the problem of advice taking for opaque models remains understudied. In this chapter, we

ask two primary questions:

1. Can one translate high-level human advice into a correction to an arbitrary, opaque,

machine-learned model which uses a di↵erent set of features than those used to express

the advice?
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Figure 1.3: An interpretable model, such as a GA2M (left), is by definition explainable and tunable.
With an opaque model (right), methods such as LIME and SHAP enable the user to receive an ap-
proximate explanation, often using a new vocabulary (e.g superpixels instead of pixels). LIMEADE
allows users to provide feedback — using features of the explanatory model — and then modifies
the original, opaque model by retraining.

2. Do these methods allow end-users to improve the accuracy of natural, real-world

models more easily than by simply annotating more instances?

To answer these questions, we introduce LIMEADE, a new framework for AI advice tak-

ing extensible to general opaque machine learners. LIMEADE considers post-hoc explana-

tory methods such as LIME [320] and SHAP [226], which generate explanations consisting

of feature weights for high-level, interpretable features. As shown in Figure 1.3, LIMEADE

completes the feedback loop by enabling the user to provide feedback using these high-level

features and translating this feedback into an update to the opaque model. This update

is accomplished through the construction of pseudo-instances. LIMEADE is (1) a general,

model-agnostic framework, (2) applicable to a wide range of domains and tasks, and (3)

capable of accepting di↵erent types of high-level advice.

We evaluate LIMEADE by considering two real-world settings: image classification de-

bugging and text recommendation. For image classification debugging, we evaluate the

strength of a LIMEADE update in comparison to a baseline update of labeling more exam-

ples. Comparing the performance of LIMEADE to the performance of the baseline for 20
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Figure 1.4: A roadmap for evaluating human-AI interaction a↵ordances presented in this dissertation
using publicly deployed systems. While additional approaches are utilized to evaluate these a↵or-
dances, we highlight publicly-deployed systems as an important contribution of this dissertation.

di↵erent object classes in the few-shot setting, we find that LIMEADE significantly improves

accuracy.

For the text modality, we apply LIMEADE to a neural recommender system for scien-

tific papers on a public website. In the context of this recommender system, LIMEADE

enables users to specify advice in terms of unigrams and bigrams that are surfaced by an

interpretable explanatory model approximating the opaque neural recommender. As shown

in Figure 1.4, this builds the work in Chapter 3 of this dissertation by implementing new

a↵ordances in publicly-deployed systems with organic users. In an in-person user study of

this recommender system, we demonstrate that LIMEADE leads to significantly higher per-

ceived user control, trust, and satisfaction. However, we do not show evidence of improved

accuracy in relation to the baseline adopted in our study. In this regard, our evaluations

clearly demonstrate the generality of LIMEADE as a framework, thus answering question

1, but more work remains to be done surrounding question 2.
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Our work in the text modality also uncovers a phenomenon that we call the explanation-

action tradeo↵: a tension between explanation quality and advice diversity caused by user

interface limitations. When a user is restricted to providing advice with a small number

of explanation terms, we observe a clear feedback loop in which giving more advice causes

explanation diversity to decrease, further restricting the number of terms with which a user

can specify advice.

We conclude this chapter with a “Call to Action” surrounding the problem of advice

taking and articulate a series of future directions to answer questions raised throughout our

work.

1.3 Prior Publications and Authorship

Though I am the primary author of the research appearing in this dissertation, my research

is the result of years of collaboration with my advisor, Daniel S. Weld, as well as collabora-

tors at the Allen Institute for Artificial Intelligence, the Library of Congress, and beyond.

Here, I summarize the research included in this dissertation that has been previously pub-

lished, along with my co-authors surrounding this work. The Newspaper Navigator dataset

(Section 2.2) is in collaboration with Jaime Mears, Eileen Jakeway, Meghan Ferriter, Chris

Adams, Nathan Yarasavage, Deborah Thomas, Kate Zwaard, and Daniel S. Weld, and is

based on a publication that appeared in CIKM 2020 [202]. The Newspaper Navigator data

archaeology (Section 2.3) is based on a single-author publication that appeared in Digital

Humanities Quarterly [196]. The work surrounding Newspaper Navigator and multi-ethnic

periodicals (Section 2.4) is in collaboration with Joshua Ortiz Baco, Sarah H. Salter, and

Jim Casey, and is based on a publication that appeared in Computational Humanities Re-

search (CHR) Conference 2021 [199]. The work surrounding Newspaper Navigator and the

Ladino press (Section 2.5) is based upon a single-author chapter that appeared in the book

Jewish Studies in the Digital Age, published by De Gruyter Press [197]. The “Collections

as ML Data” Checklist (Section 2.6) is based upon a single-author publication that forth-

coming in the Journal of the Association for Information Science and Technology (JASIST)

Special Issue: “Conceptual Models of the Sociotechnical” [193]. The Newspaper Navigator

search application and the initial work surrounding open faceted search (Section 3) is in
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collaboration with Daniel S. Weld and is partially based on a publication that appeared as

a demo at UIST 2020 [205]. LIMEADE (Chapter 4) is in collaboration with Doug Downey,

Kyle Lo, and Daniel S. Weld, and is based on a publication that forthcoming in the ACM

Transactions on Interactive Intelligent Systems (TiiS) Special Issue: “Human-centered Ex-

plainable AI” [201]. To reflect my collaborators’ contributions in multi-author works, I use

the first-person plural in the appropriate places in these chapters.
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Chapter 2

COMPUTING CULTURAL HERITAGE: INTERDISCIPLINARY
QUESTIONS SURROUNDING SEARCH & DISCOVERY

2.1 Introduction

This chapter investigates how the construction of large-scale humanities datasets using ma-

chine learning can inform research questions across disciplines, from library & information

science to history to Jewish studies. In this chapter, we introduce our project, Newspaper

Navigator, as a case study for improving discoverability and access. We begin by intro-

ducing our publicly-released Newspaper Navigator dataset, consisting of extracted visual

content including photographs, illustrations, comics, editorial cartoons, maps, headlines,

and advertisements from the 16+ million pages in the Chronicling America collection of

digitized historic American newspapers. We then introduce a number of questions from

library & information science and the humanities that can be answered with the dataset.

A road map for the chapter is presented below:

1. Section 2.2 introduces the Newspaper Navigator dataset.

2. Section 2.3 presents the Newspaper Navigator data archaeology, an autoethnography

surrounding the construction of the dataset with a particular focus on the dataset’s

sociotechnical implications.

3. Section 2.4 details a multidisciplinary collaboration with print scholars to study the

editorial practices embedded within multiethnic newspapers using page layouts derived

from the Newspaper Navigator dataset.

4. Section 2.5 presents an e↵ort to perform the first macroscopic analysis of the Ladino

press using the Newspaper Navigator visual content recognition model.

5. Section 2.6 introduces the “Collections as ML Data” checklist, a checklist for re-

searchers engaging in projects at the intersection of machine learning and cultural
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heritage, as inspired by the guidelines and considerations undertaken while construct-

ing the dataset.

6. Section 2.7 concludes the chapter and articulates future directions for this line of

research.

2.2 The Newspaper Navigator Dataset: Extracting Headlines and Visual Con-
tent from 16 Million Historic Newspaper Pages in Chronicling America

Chronicling America is a product of the National Digital Newspaper Program, a partner-

ship between the Library of Congress and the National Endowment for the Humanities to

digitize historic newspapers. Over 16 million pages of historic American newspapers have

been digitized for Chronicling America to date, complete with high-resolution images and

machine-readable METS/ALTO OCR. Unfortunately, Chronicling America only supports

page-level browsing, without the capacity to browse at the level of headlines or isolated

visual content – a feature of considerable interest to its users.To provide this functional-

ity, we introduce a novel machine learning model trained on bounding box annotations

to accomplish this task (Section 2.2.5). We describe our pipeline that utilizes this deep

learning model to extract 7 classes of visual content: headlines, photographs, illustrations,

maps, comics, editorial cartoons, and advertisements, complete with textual content such as

captions derived from the METS/ALTO OCR, as well as image embeddings for fast image

similarity querying. We report the results of running the pipeline on 16.3 million pages from

the Chronicling America corpus and describe the resulting Newspaper Navigator dataset,

the largest dataset of extracted visual content from historic newspapers ever produced. The

Newspaper Navigator dataset, finetuned visual content recognition model, and all source

code are placed in the public domain for unrestricted re-use.

This work was done in collaboration with Jaime Mears, Eileen Jakeway, Meghan Ferriter,

Chris Adams, Nathan Yarasavage, Deborah Thomas, Kate Zwaard, Daniel S. Weld, and is

based on a publication that appeared in CIKM 2020 [202].
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Figure 2.1: Choropleth maps at the state and county level showing the geographic coverage of the
16.3 million Chronicling America historic newspaper pages included in the Newspaper Navigator
dataset. Yellow coloring indicates that no pages cover the corresponding region. Puerto Rico is
pictured in the bottom-right of each map.

2.2.1 Introduction

Chronicling America, an initiative of the National Digital Newspaper Program - itself a

partnership of the Library of Congress and the National Endowment for the Humanities

- is an invaluable resource for academic, local, and public historians; educators and stu-

dents; genealogists; journalists; and members of the public to explore American history

through the uniquely rich content preserved in historic local newspapers. Over 16 million

pages of newspapers published between 1789 to 1963 are publicly available online through

a search portal and public API. Among the page-level data are 400 DPI images, as well as

METS/ALTO OCR, a standard maintained by the Library of Congress that includes text

localization [301].

The 16.3 million Chronicling America pages included in the Newspaper Navigator cover

174 years of American history, inclusive of 47 states, Washington, D.C., and Puerto Rico. In

Figure 2.1, we show choropleth maps displaying the geographic coverage of the 16.3 million

Chronicling America newspaper pages included in the Newspaper Navigator dataset. In

Figure 2.2, we show the temporal coverage of these pages. The coverage reflects the selection

process for determining which newspapers to include in Chronicling America [69, 298]. The

selection process should be considered in the methodology of any research performed using

the Newspaper Navigator dataset.
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Figure 2.2: A histogram showing the temporal coverage of the 16.3 million Chronicling America
historic newspaper pages included in the Newspaper Navigator dataset.

While the images and OCR in Chronicling America provide a wealth of information,

users interested in extracted visual content, including headlines, are currently restricted to

general keyword searches or manual searches over individual pages in Chronicling America.

For example, sta↵ at the Library of Congress have produced a collection of Civil War maps

in historic newspapers to date, but the collection is far from complete due to the di�culty

of manually searching over the hundreds of thousands of Chronicling America pages from

1861 to 1865 [253]. A complete dataset would be of immense value to historians of the Civil

War. Likewise, collecting all of the comic strips from newspapers published in the early

20th century would provide researchers with a corpus of unprecedented scale. In addition,

users currently have no reliable method of determining what disambiguated articles appear

on each page, presenting challenges for natural language processing (NLP) approaches to

studying the corpus. A dataset of extracted headlines not only gives researchers insight into

the individual articles that appear on each page but also enables users to ask questions such

as, “Which news topics appeared above the fold versus below the fold in which newspapers?”

Indeed, the digital humanities questions that could be asked with such a dataset abound.
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And yet, the possibilities extend beyond the digital humanities to include public history,

creative computing, educational use within the classroom, and public engagement with the

Library of Congress’s collections.

To engage the American public and begin the construction of datasets of visual con-

tent within Chronicling America, the Library of Congress Labs launched the Beyond Words

crowdsourcing initiative in 2017.1 Volunteers were asked to draw bounding boxes around

photographs, illustrations, comics, editorial cartoons, and maps in World War 1-era Chron-

icling America newspapers; they were also asked to transcribe captions by correcting the

OCR within each bounding box, as well as record the content creator. Approximately 10,000

verified annotations have been collected to date.

Our research builds on Beyond Words by utilizing the bounding boxes drawn around

photographs, illustrations, comics, editorial cartoons, and maps, as well as additional an-

notations including ones marking headlines and advertisements, to finetune a pre-trained

Faster-RCNN implementation from Detectron2’s Model Zoo [318, 405]. Our visual content

recognition model predicts bounding boxes around these 7 di↵erent classes of visual content

in historic newspapers. This section presents our work training this visual content recog-

nition model and constructing a pipeline for automating the identification of this visual

content in Chronicling America. Drawing inspiration from the Beyond Words workflow, we

extract corresponding textual content such as headlines and captions by identifying text

from the METS/ALTO OCR that falls within each predicted bounding box. This method

is e↵ective at captioning because Beyond Words volunteers were asked to include captions

and relevant textual content within their bounding box annotations. Lastly, to enable fast

similarity querying for search and recommendation tasks, we generate image embeddings

for the extracted visual content using ResNet models pre-trained on ImageNet. This re-

sulting dataset, which we call the Newspaper Navigator dataset, is the largest collection of

extracted visual content from historic newspapers ever produced. Our contributions are as

follows:

1. We present a publicly available pipeline for extracting visual and textual content

1https://labs.loc.gov/work/experiments/beyond-words/

https://labs.loc.gov/work/experiments/beyond-words/
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from historic newspaper pages, designed to run at scale over terabytes of image data.

Visual content categories include headlines, photographs, illustrations, maps, comics,

editorial cartoons, and advertisements.

2. We release into the public domain a finetuned Faster-RCNN model for this task that

achieves 63.4% bounding box mean average precision (mAP)2 on a validation set of

World War 1-era Chronicling America pages. This model has been incorporated into

Layout Parser, a unified toolkit for deep learning based document image analysis,

enabling layout analysis with the model in just a few lines of Python code [338].

3. We present the Newspaper Navigator dataset, a new public dataset of extracted head-

lines and visual content, as well as corresponding textual content such as titles and

captions, produced by running the pipeline over 16.3 million historic newspaper pages

in Chronicling America. This corpus represents the largest dataset of its kind ever

produced. The dataset can be found at https://news-navigator.labs.loc.gov.

2.2.2 Related Work

Corpora & Datasets

Over the past 15 years, e↵orts across the world to digitize historic newspapers have been

remarkably successful [248]. In addition to Chronicling America, examples of large repos-

itories of digitized newspapers include Trove [52], Europeana [289, 396], Delpher [81], The

British Newspaper Archive [207], OurDigitalWorld [280], Papers Past [275], NewspaperSG

[40], newspapers.com [246] and Google Newspaper Search [57]. These repositories have

inspired the construction of datasets for related supervised learning tasks. In addition to

Beyond Words, datasets for historic newspaper recognition include the National Library of

Luxembourg’s historic newspaper datasets [243] that include segmented articles and adver-

tisements; KBK-1M, a dataset of 1,603,396 images with captions extracted from historic

Dutch newspapers; CHRONIC, a dataset of 452,543 images in historic Dutch newspapers

[348]; and SIAMESET, a dataset of 426,777 advertisements in historic Dutch newspapers

2Mean average precision is the standard metric used for benchmarking object detection models, incor-
porating intersection over union to assess precision and recall. We describe the metric in more detail in
subsection 2.2.5.

https://news-navigator.labs.loc.gov
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[393]. Datasets for machine learning tasks with historical documents include READ-BAD

[124] and DIVA-HisDB [343]. However, all of these datasets are subsets of visual content

rather than comprehensive datasets of extracted content from full corpora. Our work uses

the Beyond Words dataset to train a visual content recognition model in order to process the

visual content in the Chronicling America corpus comprising 16+ million historic newspaper

pages.

Visual Content Extraction

Other researchers have built tools and pipelines for extracting and analyzing visual content

from historic documents using deep learning.3 PageNet utilizes a Fully Convolutional Net-

work for pixel-wise page boundary extraction for historic documents [367]. dhSegment is a

deep learning framework for historical document processing, including pixel-wise segmenta-

tion and extraction tasks [17]. Liebl and Burghardt benchmarked 11 di↵erent deep learning

backbones for the pixel-wise segmentation of historic newspapers, including the separation

of layout features such as text and tables [209]. The AIDA collaboration has applied deep

learning techniques to newspaper corpora including Chronicling America and the Burney

Collection of British Newspapers [219, 220, 221] for tasks such as poetic content recognition

[222, 349] and visual content recognition using dhSegment [223]. Instead of a pixel-wise

approach, we utilize bounding boxes, resulting in higher performance. In addition, our

pipeline recognizes 7 di↵erent classes of visual content, extracts corresponding OCR, and

generates image embeddings. Lastly, we deploy our visual content recognition pipeline at

scale.

Article Disambiguation

Article disambiguation for historic newspaper pages has long been of interest to researchers,

including the IMPRESSO project [303], NewsEye project [313], and Google Newspaper

Search [57]. Of particular note is the approach taken by Google Newspaper Search, which

extracted headline blocks using OCR font size and area-perimeter ratio as features and

3For approaches to historic document classification that do not utilize deep learning, see for example
[194].
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utilized the extracted headlines to perform article segmentation [57].4 We, too, focus on

headline extraction because it serves as its own form of article disambiguation. However,

unlike previous approaches, we treat headline extraction as a visual task at the image

level, rather than a textual task at the OCR level. Our novel approach is to leverage the

visual distinctiveness of headlines and train a classifier to predict bounding boxes around

headlines on the page. The headline text within each bounding box is extracted from the

METS/ALTO OCR.

Lastly, proper article disambiguation requires the ability to filter out text from advertise-

ments due to their ubiquity. As with headlines, we treat advertisement identification as a

visual task rather than a textual task because the advertisements are so naturally identified

by their visual features. Because our visual content recognition model robustly identifies

advertisements, we are able to disambiguate newspaper text from advertisement text.

Image Embeddings and Cultural Heritage

In recent years, researchers have utilized image embeddings for visualizing and exploring

visual content in cultural heritage collections. The Yale Digital Humanities Lab’s PixPlot

interface [90] and the National Neighbors project [213] utilize Inception v3 embeddings

[364]. Google Arts & Culture’s t-SNE Map utilizes embeddings produced by the Google

search pipeline [84]. The Norwegian National Museum’s Principal Components project [129]

uses finetuned Ca↵e image embeddings [157]. Olivia Vane utilizes VGG-16 embeddings to

visualize the Royal Photographic Society Collection [380]. Likewise, Brian Foo has created

a visualization of The American Museum of Natural History’s image collection [106] using

VGG-16 embeddings [344]. Refik Anadol uses embeddings to visualize the SALT Research

collection [15]. Regarding visual content in historic newspapers in particular, Wevers and

Smits utilize Inception v3 embeddings to analyze the CHRONIC and SIAMESET datasets

described in subsection 2.2.2. Their work includes deploying SIAMESE, a recommender

system for historic newspaper advertisements, and analyzing the training of a new classifi-

cation layer on top of the Inception embeddings to predict custom categories [394]. Indeed,

4To our knowledge, the extraction and classification of visual content was outside of the scope of the
project.
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in addition to supporting visualizations of latent spaces that capture semantic similarity,

image embeddings are desirable for visual search and recommendation tasks due to the

ability to perform fast similarity querying with them. Using ResNet-18 and ResNet-50 [134]

models pre-trained on ImageNet, we generate image embeddings for the extracted visual

content, which are included in the Newspaper Navigator dataset.

2.2.3 Code

All code can be found in the public GitHub repository: https://github.com/LibraryOfCongress/

newspaper-navigator. All code is open source, placed in the public domain for unrestricted

re-use. In addition, included in the repository are the finetuned visual content recognition

model, the training set on which the model was finetuned, a Jupyter notebook for experi-

menting with the visual content recognition model, and a slideshow of predictions.

2.2.4 Constructing the Training Set

Repurposing Beyond Words Annotations

To create a training set for our visual content recognition model, we repurposed the publicly

available annotations of photographs, illustrations, maps, comics, and editorial cartoons de-

rived from Beyond Words, a crowdsourcing initiative launched by the Library of Congress

to engage the American public with the visual content in World War 1-era newspapers

in Chronicling America. In order to finetune the visual content recognition model, we

first reformatted the crowdsourced Beyond Words annotations into a proper data format

for training a deep learning model. We chose the Common Objects in Context (COCO)

dataset format [210], a standard data format for object detection, segmentation, and cap-

tioning tasks adopted by Facebook AI Research’s Detectron2 deep learning platform for

object detection [405]. The verified Beyond Words annotations used as training data were

downloaded from the Beyond Words public website on December 1, 2019.

We reiterate that the instructions for the “Mark” step asked users to “enclose any caption

or text describing the picture and the illustrator or photographer” [187]; therefore, a model

trained on these annotations learns to include relevant text within the bounding boxes for

https://github.com/LibraryOfCongress/newspaper-navigator
https://github.com/LibraryOfCongress/newspaper-navigator
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Table 2.1: A breakdown of Beyond Words annotations included in the training data for
the visual content recognition model, as well as all annotations constituting the train-
ing/validation dataset.

Performance (Validation)

Cateogry Beyond Words Annotations Total Annotations

Photograph 4,193 4,254
Illustration 1,028 1,048

Map 79 215
Comic/Cartoon 1,139 1,150
Editorial Cartoon 293 293

Headline - 27,868
Advertisement - 13,581

Total 6,732 48,409

visual content, which can then be extracted from the corresponding METS/ALTO OCR in

an automated fashion.

Adding Annotations

Because headlines and advertisements were not included in the Beyond Words workflow,

we added annotations for these categories for all images in the dataset. These annotations

are not verified, as each page was annotated by only one person. Due to the low number

of annotated maps in the Beyond Words data (79 in total), we also annotated 122 pages

containing maps, which we retrieved by performing a keyword search of “map” on the

Chronicling America search portal restricted to 1914-1918. We downloaded the pages on

which we identified maps and annotated all 7 categories of visual content on each page. Like

the headline and advertisement annotations, these annotations are not verified.

Training Set Statistics

The augmented Beyond Words dataset in COCO format can be found in the Newspaper

Navigator repository and is available for unrestricted re-use in the public domain. It contains

3, 559WorldWar 1-era Chronicling America pages with 48, 409 annotations. The annotation

category breakdown appears in Table 2.1.
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2.2.5 Training the Visual Content Recognition Model

To train a visual content recognition model for identifying the 7 classes of di↵erent newspa-

per content, we chose to finetune a pre-trained Faster-RCNN object detection model from

Detectron2’s Model Zoo using Detectron2 [405] and PyTorch [286]. Because model infer-

ence was the bottleneck on runtime in our pipeline, we chose the Faster-RCNN R50-FPN

backbone, the fastest such backbone according to inference time. Though we could have

utilized the highest performing Faster-RCNN backbone, which achieved ⇠5% higher mean

average precision on the COCO [210] pre-training task at the expense of 2.5x the inference

time, qualitative evaluation of predictions with the finetuned R50-FPN backbone indicated

that it was performing su�ciently. Furthermore, we conjecture that the performance of our

model is limited by noise in the training data, rather than model architecture and selection.

First, the ground-truth Beyond Words labels were not complete because volunteers were

only required to draw one bounding box per page (though more could be added). Sec-

ond, there was non-trivial disagreement between Beyond Words annotators when marking

bounding boxes due to the complexity of visual content layouts.5

We performed all finetuning using PyTorch on a g4dn.2xlarge Amazon EC2 instance with

a single NVIDIA T4 GPU. Finetuning the R50-FPN backbone was evaluated on a held-out

validation set according to an 80%-20% split; the JSON files containing the training and

validation splits are available for download in the GitHub repository. We used the following

hyperparameters: a base learning rate of 0.00025, a batch size of 8, and 64 proposals

per image. RESIZE SHORTEST EDGE and RANDOM FLIP were utilized as data augmentation

techniques.6 Using early stopping, we finetuned the model for 77 epochs, requiring 17 hours

of runtime on the NVIDIA T4 GPU. The model weights file is publicly available and can

be found in the GitHub repository for this project.

We report a mean average precision on the validation set of 63.4%; average precision

(AP) for each category, as well as the number of validation instances in each category, are

reported in Table 2.2. We chose AP because it is the standard metric in the computer

5Beyond Words was launched as an experiment, without interventions in workflow or community man-
agement; the annotation accuracy should be assessed accordingly.

6These were the only supported data augmentation methods at the time of training.



23

Table 2.2: Average precision (AP) on validation data for the finetuned visual content recog-
nition model on the di↵erent categories of content, as well as the number of instances of
each category in the validation set. Averaged is the mean average precision (mAP) across
the 7 classes. One Class refers to the average precision when combining all visual content
into a single class, capturing how much error is introduced by the detection of visual content
versus the classification.

Performance (Validation)

Category AP # in Val. Set

Photograph 61.6% 879
Illustration 30.9% 206

Map 69.5% 34
Comic/Cartoon 65.6% 211
Editorial Cartoon 63.0% 54

Headline 74.3% 5,689
Advertisement 78.7% 2,858

Averaged (mAP) 63.4% N/A
One Class 75.1% 9,931

vision community for benchmarking object detection tasks. Given a fixed intersection over

union (IoU) threshold to evaluate if a prediction is correct, AP is computed by sorting all

classifications according to prediction score, generating the corresponding precision-recall

curve, and modifying it by drawing the smallest-area curve containing it that is monotoni-

cally decreasing. For the COCO standard, AP is then computed by averaging the precision

interpolated over 101 di↵erent recall values and 10 IoU thresholds from 50% to 95%. For

our calculations, we utilized all predictions with confidence scores greater than 0.05, the

default threshold in Detectron2.

2.2.6 The Pipeline

Building the Manifest

In order to create a full index of digitized pages for the pipeline to process, we used a forked

version of the AIDA collaboration’s chronam-get-images repository7 to generate a mani-

fest of filepaths for each newspaper batch.8 Manifests consisting of 16,368,424 Chronicling

7https://github.com/bcglee/chronam-get-images

8For more information on the batches, see https://chroniclingamerica.loc.gov/batches.

https://github.com/bcglee/chronam-get-images
https://chroniclingamerica.loc.gov/batches
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Figure 2.3: A diagram showing the steps of our pipeline.

America pages were compiled in total on March 17, 2020.

Steps of the Pipeline

In Figure 2.3, we show the pipeline workflow. Each manifest was processed in series by our

pipeline, which consists of 6 steps:

1. Downloading the image and METS/ALTO XML for each page and downsampling

the image by a factor of 6 to produce a lower resolution JPEG. Downsampling was

performed to reduce I/O and memory consumption, as well as to avoid the overhead

introduced by the downsampling that Detectron2 would have to perform before each

forward pass during model inference. This step was run in parallel across all 48 CPU

cores on each EC2 instance. The files were pulled down from the Library of Congress’s

public AWS S3 buckets.

2. Running the visual content recognition model inference on each image to produce

bounding box predictions complete with coordinates, predicted classes, and confidence
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scores. This step was run in parallel across all 4 GPUs on each EC2 instance. Predic-

tions with confidence scores greater than 0.05 were saved. We chose to save predictions

with low confidence scores in order to allow a user to select a threshold cut based on

the user’s ideal tradeo↵ between precision and recall.

3. Extracting the OCR within each predicting bounding box. This step required parsing

the METS/ALTO XML and was run in parallel across all 48 CPU cores on each EC2

instance.

4. Cropping and saving the extracted visual content as downsampled JPEGs (for all

classes other than headlines). This step was run in parallel across all 48 CPU cores

on each EC2 instance.

5. Generating ResNet-18 and ResNet-50 embeddings for the cropped and saved images

with confidence scores of greater than 0.05. This step was implemented using a forked

version of img2vec9 [328]. This step was run in parallel across all 4 GPUs on each

EC2 instance. The ResNet-18 and ResNet-50 embeddings were extracted from the

penultimate layer of each respective architecture after being trained on ImageNet.10

The 2,048-dimensional ResNet-50 embeddings were selected due to ResNet-50’s high

performance and fast inference time relative to other image recognition models [39].

The 512-dimensional ResNet-18 embeddings were generated due to their lower dimen-

sionality.

6. Saving the extracted metadata and cropped images. The format of the saved metadata

is described thoroughly on the dataset’s landing page, https://news-navigator.

labs.loc.gov.

Running the Pipeline at Scale

All pipeline processing was done on 2 g4dn.12xlarge Amazon AWS EC2 instances, each with

48 vCPUs (Intel Cascade Lake) and 4 NVIDIA T4 GPUs. All pipeline code was written

in Python 3. The pipeline successfully processed 16,368,041 pages (99.998%) in 19 days of

wall-clock time. The manifests of the processed pages, as well as the 383 pages that failed,

9https://github.com/bcglee/img2vec

10We downloaded the pre-trained models from torchvision.models in PyTorch [286].

https://news-navigator.labs.loc.gov
https://news-navigator.labs.loc.gov
https://github.com/bcglee/img2vec
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Table 2.3: A breakdown of extracted content in the Newspaper Navigator dataset. Three
cuts on confidence score are presented to show the e↵ects when favoring precision or recall.

Newspaper Navigator Dataset Statistics

Category
Count � Confidence Score

� 0.9 � 0.7 � 0.5

Photograph 1.59 ⇥106 2.63 ⇥106 3.29 ⇥106
Illustration 8.15 ⇥105 2.52 ⇥106 4.36 ⇥106

Map 2.07 ⇥105 4.59 ⇥105 7.54 ⇥105
Comic/Cartoon 5.35 ⇥105 1.23 ⇥106 2.06 ⇥106
Editorial Cartoon 2.09 ⇥105 6.67 ⇥105 1.27 ⇥106

Headline 3.44 ⇥107 5.37 ⇥107 6.95 ⇥107
Advertisement 6.42 ⇥107 9.48 ⇥107 1.17 ⇥108

Total 1.02 ⇥108 1.56 ⇥108 1.98 ⇥108

are in our GitHub Repository.

2.2.7 The Newspaper Navigator Dataset

Statistics & Visualizations

A statistical breakdown of extracted content in the Newspaper Navigator dataset is pre-

sented in Table 2.3. Because the choice of cut on confidence score a↵ects the cardinality of

the resulting visual content, we include statistics for three di↵erent threshold cuts of 0.5, 0.7,

and 0.9. In Figure 2.4, we show visualizations of the number of photographs, illustrations,

maps, comics, editorial cartoons, headlines, and advertisements in the Newspaper Navigator

dataset according to year of publication. These visualizations show the average number of

appearances per page, as well as the average fraction of the page covered, for each of the

seven classes from 1850 to 1950. As in Table 2.3, we show three di↵erent cuts. In Figure

2.4, we observe trends such as the rise of photographs at the turn of the 20th century and

the gradual increase in the amount of page space covered by headlines from 1880 to 1920.

Dataset Access

The Newspaper Navigator dataset can be accessed via the Newspaper Navigator GitHub

repository, as well as the webpage https://news-navigator.labs.loc.gov/. This landing

https://news-navigator.labs.loc.gov/
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Figure 2.4: Multipanel plots visualizing the visual content in the Newspaper Navigator dataset over
time (left : number per page; right : fraction of each page covered). In each plot, the middle line
corresponds to a cut of 0.7 on confidence score, and the upper and lower bounds of the confidence
interval in light blue correspond to cuts of 0.5 and 0.9, respectively.

page contains a detailed descripton of the data format, as well as instructions for how to

query the dataset. A search user interface is in development.

Pre-packaged Datasets

To make the Newspaper Navigator dataset accessible to those without coding experience, we

have pre-packaged hundreds of smaller datasets as zip files, along with metadata in JSON

and CSV formats. The pre-packaged datsets are grouped by year and visual content type,

enabling users to download all of the 1921 headlines or 1864 maps, for example. Instructions

for downloading the pre-packaged datasets can be found at the dataset landing page.
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Table 2.4: Average precision (AP) on test sets of 500 annotated pages from 1850 to 1875 and
from 1875 to 1900. Due to the rarity of the other classes in the labeled data, only headlines,
advertisements, and illustrations are included. As in Table 2.2, One Class refers to AP
when combining all visual content into one class, capturing how much error is introduced
by the detection of visual content versus the classification.

Performance for 19th Century Newspaper Pages

Category AP (1850-1875) AP (1875-1900)

Headline 21.2% 51.6%
Advertisement 7.3% 44.7%
Illustration N/A 36.4%
One Class 12.1% 48.1%

2.2.8 Discussion

Generalization to 19th Century Newspapers

Given that the visual content recognition model has been trained on World War 1-era

newspapers, it is natural to question how the model generalizes to 19th century newspa-

pers. Though Figure 2.4 reveals trends consistent with intuition, such as the emergence of

photographs in historic newspapers around 1900, it is still worthwhile to quantify gener-

alization. To do so, we randomly selected and annotated 500 newspaper pages from 1850

to 1875 and 500 pages from 1875 to 1900. In Table 2.4, we present the average precision

for headlines, advertisements, and illustrations in the test sets using our annotations as the

ground truth. Comparing the results to those in Table 2.2, we observe a moderate dropo↵ in

performance for pages published between 1875 and 1900, as well as a more major dropo↵ for

pages published between 1850 and 1875. However, the extracted visual content from these

pages in the Newspaper Navigator dataset is still of su�cient quality for novel analysis.

Partnering with Volunteer Crowdsourcing

Our work is a case study in partnering machine learning projects with volunteer crowd-

sourcing initiatives, a promising paradigm in which annotators are volunteers who learn

about a new topic by participating. With the growing e↵orts of cultural heritage crowd-

sourcing initiatives such as the Library of Congress’s By the People [274], Smithsonian’s
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Digital Volunteers [152], the United States Holocaust Memorial Museum’s History Unfolded

[242], Zooniverse [345], the New York Public Library’s Emigrant City [208], the British Li-

brary’s LibCrowds [206], the Living with Machines project [401], and Trove’s newspaper

crowdsourcing initiative [24], there are many opportunities to utilize crowdsourced data

for machine learning tasks relevant to cultural heritage, from handwriting recognition to

botany taxonomic classification [287, 333]. These partnerships have the potential to pro-

vide insight into project design, decisions, workflows, and the context of the materials for

which crowdsourcing contributions are sought. We hope that our project encourages more

machine learning researchers to partner with volunteer crowdsourcing projects, especially

on topics pertinent to cultural heritage.

2.2.9 Conclusion & Future Work

We have described our pipeline for extracting, categorizing, and captioning visual content in

historic newspapers, including headlines, photographs, illustrations, maps, comics, editorial

cartoons, and advertisements. We present the Newspaper Navigator dataset containing

these 7 types of extracted visual content from 16.3 million pages from Chronicling America.

This is the largest dataset of its kind ever produced. In addition to releasing this dataset,

we have released our visual content recognition model for historic newspapers, as well as a

new training dataset for this task based on annotations from Beyond Words, the Library

of Congress Labs’s crowdsourcing initiative for annotating and captioning visual content

in World War 1-era newspapers in Chronicling America. All code has been placed in the

public domain for unrestricted re-use.

Future work on the pipeline itself includes improving the visual content recognition

model’s generalization ability for pre-20th century newspaper pages, especially for the 10.4%

of the pages in the Newspaper Navigator dataset published before 1875. This could be

accomplished by finetuning on a more diverse training set, which could be constructed

by partnering with another volunteer crowdsourcing initiative. One could also imagine

training an ensemble of visual content recognition models on di↵erent date ranges. Given

that only 10.4% of pages in the Newspaper Navigator dataset were published before 1875, it
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is straightforward to re-run the pipeline with an improved visual content recognition model

on this subset.

To improve the extracted OCR, future work includes training a pipeline to correct sys-

tematic errors. In the second step of the Beyond Words pipeline, volunteers corrected the

OCR appearing in each marked bounding box, resulting in approximately 10,000 corrected

textual annotations to date. It is straightforward to construct training pairs of input and

output in order to train a supervised model to correct OCR. Other approaches to OCR

postprocessing include utilizing existing post-hoc OCR correction pipelines [14, 247], which

could be benchmarked on the Beyond Words training pairs.

The future work that excites us most consists of the many ways that the Newspaper

Navigator dataset can be used. We are currently building a new search user interface that

will be user tested to evaluate new methods of exploratory search. Future work also includes

investigating a range of digital humanities questions. For example, the Viral Texts [72] and

Oceanic Exchanges [71] projects have studied text reproduction patterns in 19th century

newspapers; the Newspaper Navigator dataset allows us to study photograph reproduction

in 20th century newspapers. In addition, using the headlines in Newspaper Navigator,

we can study which news cycles appeared in di↵erent regions of the United States and

when. These examples are just a few of many to be explored with the Newspaper Navigator

dataset. We hope to inspire a wide range of digital humanities, public humanities, and

creative computing projects.
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2.3 Compounded Mediation: A Data Archaeology of the Newspaper Navigator
Dataset

2.3.1 Preface: Contextualizing This Work

This work is based upon a single-author publication that appeared in Digital Humanities

Quarterly [196]. This “data archaeology” was written for an audience distinct from much of

the work that appears in this dissertation: specifically, those in the humanities. In particu-

lar, this work represents an attempt to communicate the Newspaper Navigator to a wider

audience and participate in emerging discussions within humanistic disciplines, including

critical data studies and the digital humanities, surrounding the application of machine

learning to cultural heritage. As a result, this work dispenses with a technical overview

(found in other sections) in favor of an emphasis on participating in these discussions in

the humanities. Due to the nature of much of this text serving an explanatory function for

these new audiences, it may appear redundant to computer science audiences who have read

the technical overview of the project. This data archaeology is autoethnographic because it

represents my own attempt to document and self-reflect upon a project that I have created,

rather than auditing or excavating a project created by another person or organization. My

hope is that this data archaeology o↵ers a new perspective not captured within the technical

work toward a more holistic description of Newspaper Navigator.
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2.3.2 Introduction

The increasing roles of machine learning and artificial intelligence in the construction of

cultural heritage and humanities datasets necessitate critical examination of the myriad

biases introduced by machines, algorithms, and the humans who build and deploy them.

From image classification to optical character recognition, the e↵ects of decisions ostensi-

bly made by machines compound through the digitization pipeline and redouble in each

step, mediating our interactions with digitally-rendered artifacts through the search and

discovery process. As a result, scholars within the digital humanities community have be-

gun advocating for the proper contextualization of cultural heritage datasets within the

socio-technical systems in which they are created and utilized. One such approach to this

contextualization is the data archaeology, a form of humanistic excavation of a dataset that

Paul Fyfe defines as “recover[ing] and reconstitut[ing] media objects within their changing

ecologies” [113]. Within critical data studies, this excavation of a dataset - including its

construction and mediation via machine learning - has proven to be a capacious approach.

However, data archaeologies have yet to be adopted as standard practice among cultural

heritage practitioners who produce such datasets with machine learning.

I present a data archaeology of the Library of Congress’s Newspaper Navigator dataset,

which I created as part of the Library of Congress’s Innovator in Residence program [202].

The dataset consists of visual content extracted from 16 million historic newspaper pages in

the Chronicling America database using machine learning techniques. In this case study, I

examine the manifold ways in which a Chronicling America newspaper page is transmuted

and decontextualized during its journey from a physical artifact to a series of probabilistic

photographs, illustrations, maps, comics, cartoons, headlines, and advertisements in the

Newspaper Navigator dataset [113]. Accordingly, I draw from fields of scholarship including

media archaeology, critical data studies, science and technology studies, and autoethno-

graphic approaches throughout.11

To excavate the Newspaper Navigator dataset, I consider the digitization journeys of

four di↵erent pages in Black newspapers included in Chronicling America, all of which

11For a representative example of an autoethnography, see [26].
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reproduce the same photograph of W.E.B. Du Bois in an article announcing the launch of

The Crisis, the o�cial magazine of the NAACP. In tracing the newspaper pages’ journeys, I

unpack how each step in the Chronicling America and Newspaper Navigator pipelines, such

as the imaging process and the construction of training data, not only imprints bias on the

resulting Newspaper Navigator dataset but also propagates the bias through the pipeline

via the machine learning algorithms employed. Along the way, I investigate the limitations

of the Newspaper Navigator dataset and machine learning techniques more generally as

they relate to cultural heritage, with a particular focus on marginalization and erasure via

algorithmic bias, which implicitly rewrites the archive itself.

In presenting this case study, I argue for the value of the data archaeology as a mech-

anism for contextualizing and critically examining cultural heritage datasets within the

communities that create, release, and utilize them. I o↵er this autoethnographic investiga-

tion of the Newspaper Navigator dataset in the hope that it will be considered not only by

users of this dataset in particular but also by digital humanities practitioners and end users

of cultural heritage datasets writ large.

2.3.3 Why a Data Archaeology?

As machine learning and artificial intelligence play increasing roles in digitization and dig-

ital content stewardship, the Libraries, Archives, and Museums (“LAM”) community has

repeatedly emphasized the importance of ensuring that these emerging methodologies are

incorporated ethically and responsibly. Indeed, a major theme that emerged from the “Ma-

chine Learning + Libraries Summit” hosted by LC Labs in September, 2019, was that “there

is much more ‘human’ in machine learning than the name conveys” and that transparency

and communication are first steps toward addressing the “human subjectivities, biases, and

distortions” embedded within machine learning systems [156]. This data archaeology has

been written in support of this call for transparency and responsible stewardship, which is

echoed in the Library of Congress’s Digital Strategy [192], as well as the recommendations in

Ryan Cordell’s report to the Library of Congress “ML + Libraries: A Report on the State of

the Field” [70], Thomas Padilla’s OCLC position paper “Responsible Operations: Science,
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Machine Learning, and AI in Libraries” [284], and the University of Nebraska-Lincoln’s

report on machine learning to the Library of Congress [223]. I write this data archaeology

from my perspective of having created the dataset, and although I am not without my own

biases, I have attempted to represent my work as honestly as possible. Accordingly, I seek

not only to document the construction of the Newspaper Navigator dataset through the lens

of data stewardship but also to critically examine the dataset’s limitations. In doing so,

I advocate for the importance of autoethnographic approaches to documenting a cultural

heritage dataset’s construction from a humanistic perspective.

This article draws inspiration from recent works in media and data archaeology, including

Paul Fyfe’s “An Archaeology of Victorian Newspapers” [113]; Bonnie Mak’s “Archaeology

of a Digitization” [230]; Kate Crawford and Trevor Paglen’s “Excavating AI: The Politics of

Images in Machine Learning Training Sets” [75]; and, most directly, Ryan Cordell’s “Qi-jtb

the Raven: Taking Dirty OCR Seriously,” in which Cordell traces the digitization of a single

issue of the Lewisburg Chronicle from its selection by the Pennsylvania Digital Newspaper

Project to its ingestion into the Chronicling America online database, with a focus on

the distortive e↵ects of OCR [69, 112, 230]. As argued by Trevor Owens and Thomas

Padilla, it is essential to “document how digitization practices and how the a↵ordances of

particular sources . . . produce unevenness in the discoverability and usability of collections”

[282]. Recent works within the machine learning literature have analogously emphasized

the importance of documenting the collection and curation e↵orts underpinning community

datasets and machine learning models. Reporting mechanisms include “Datasheets for

Datasets” [115], “Dataset Nutrition Labels” [145], “Data Statements for NLP” [37] “Model

Cards for Model Reporting” [240], and “Algorithmic Impact Assessments” [317]. This case

study adopts a similar framing in stressing the importance of reporting mechanisms, with

a particular focus on the data archaeology in the context of cultural heritage datasets.

In the following subsections, I trace the digitization process and data flow for Newspaper

Navigator, beginning with the physical artifact of the newspaper itself and ending with the

machine learning predictions that constitute the Newspaper Navigator dataset, reflecting

on each step through the lens of discoverability and erasure. In particular, I study four

di↵erent Chronicling America Black newspaper pages published in 1910, each depicting the
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same photograph of W.E.B. Du Bois, as the pages move through the Chronicling America

and Newspaper Navigator pipelines. All four pages reproduce the same article by Franklin

F. Johnson, a reporter from The Baltimore Afro-American [97]; the headline is as follows:

NEW MOVEMENT

BEGINS WORK

Plan and Scope of the Asso-

ciation Briefly Told.

Will Publish the Crisis.

Review of Causes Which Led to the

Organization of the Association in

New York and What Its Policy Will

Be-Career and Work of Professor

W.E.B. Du Bois

The article describes the creation of the National Association for the Advancement of

Colored People (NAACP), details W.E.B. Du Bois’s background, and announces the launch

of The Crisis, the o�cial magazine of the NAACP, with Du Bois as Editor-in-Chief. The four

pages comprise the front page of the October 14th, 1910, issue of the Iowa State Bystander

[267]; the 16th page of the October 15th, 1910, issue of Franklin’s Paper the Statesman [262]

and the 2nd and 3rd pages of the October 15th, 1910, and November 26th, 1910, issues of

The Broad Ax, respectively [260, 261]. All four digitized pages are reproduced at the end

of the chapter.

2.3.4 Chronicling America: A Genealogy of Collecting, Microfilming, and Digitizing

Any examination of Newspaper Navigator must begin with the genealogy of collecting,

microfilming, and digitizing that dictates which newspapers have been ingested into the

Chronicling America database. The question of what to digitize is, in practice, answered

and realized incrementally over decades, beginning at its most fundamental level with the

question of which newspapers have survived and which have been reduced to lacunae in

the historical record, compiling bibliographies of serials published after 1820 remains an
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immensely di�cult task [131]. Historic newspapers present challenges for digitization in

part due to the ephemerality of the physical printed newspaper itself: many newspapers

were microfilmed and immediately discarded due to a fear that the physical pages would

deteriorate.12 Indeed, almost all of the pages included in Chronicling America have been

digitized directly from microfilm. In the next subsection, I will examine the microfilm

imaging process in more detail; however, in most cases, librarians selected newspapers for

collecting and microfilming decades before the National Digital Newspaper Program was

launched in 2004. These selections were informed by a range of factors including historical

significance - itself a subjective, nebulous, and ever-evolving notion that has historically

served as the basis for perpetuating oppression within the historical record. In “Chronicling

White America,” Benjamin Fagan highlights the paucity of Black newspapers in Chronicling

America, in particular in relation to pre-Civil War era newspapers [95]. It is imperative

to remember that this paucity can directly be traced back decades to the collecting and

preserving stages.13

In regard to collecting, the newspaper page is both an informational object (i.e., the

newspaper page as defined by its content) and a material object (i.e., the specific printed

copy of the newspaper page) [281]. At some point in time, librarians accessioned a specific

copy of each printed page and microfilmed it or contracted out the microfilming. The

materiality of that specific printed page is a confluence of unique ink smudges, rips, creases,

and page alignment, much of which is captured in the microfilm imaging process. Though

we may not make much of a crease or a smudge on a digitized page when we find it in the

Chronicling America database, it can very well take on a life of its own with a machine

learning algorithm in Newspaper Navigator. The machine learning algorithm might deem

two newspaper photographs as similar simply due to the presence of creases or smudges,

12The extent to which newspaper microfilming was driven by credible fear of deterioration versus other
factors, such as microfilm marketing, is an important question that is rightly debated. For more on this
topic, see [28].

13For example, a 2017 article describing the West Virginia University Libraries’ West Virginia & Regional
History Center and its participation in the National Digital Newspaper Program states: “By August 2017,
all known issues of West Virginia’s African-American newspapers from the 19th and early 20th centuries
will have been digitized” [235]. The article describes Curator Stewart Plein’s e↵orts to locate surviving
copies of three Black West Virginia newspapers in order to digitize and include them in Chronicling

America.
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even if the photographs are easily discernible to the naked eye, or the smudges are of entirely

di↵erent origin (i.e., a printing imperfection versus a smudge from a dirty hand).

It is only by foregrounding these subtleties of the collection, preservation, and microfilm-

ing processes that we can understand the selection process for Chronicling America in its

proper context. The grant-seeking process dictates selection criteria for Chronicling America

by which state-level institutions including state libraries, historical societies, and universi-

ties apply for two years of grant funding from the National Digital Newspaper Program via

the Division of Preservation and Access at the National Endowment for the Humanities.

With the awarding of a grant, a state-level awardee then digitizes approximately 100,000

newspaper pages published in their state for inclusion in Chronicling America [276, 300].

The grant-seeking and awarding process is nuanced, but salient points include that state-

level applicants must assemble an advisory board including scholars, teachers, librarians,

and archivists to aid in the selection of newspapers, and grants are reviewed by National

Endowment for the Humanities sta↵, as well as peer reviewers.14

Regarding selection criteria for newspaper titles, the National Digital Newspaper Pro-

gram defines the following factors for state-level awardees to consider for content selection

after a newspaper is determined to be in the public domain [299]

1. Image quality in the selection of microfilm

2. Research value

3. Geographic representation

4. Temporal coverage

5. Bibliographic completeness of microfilm copy

6. Diversity (i.e., “newspaper titles that document a significant minority community at

the state or regional level”)

7. Whether the title is orphaned (i.e., whether the newspaper has “ceased publication

and lack[s] active ownership” [301])

14For a thorough case study of this process, I direct the reader to “Qi-jtb the Raven,” in which Ryan
Cordell walks through an example with the Pennsylvania Digital Newspaper Program [69].
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8. Whether the title has already been digitized.

Though factors such as research value are considered by each state awardee’s advisory board,

as well as by the National Endowment for the Humanities and peer review experts, the titles

included in Chronicling America are largely dictated by which exist on microfilm and are

of su�cient image quality within a state-level grantee’s collection. Thus, the significance of

the collection and microfilming practices of decades prior cannot be understated.

I also highlight that assessing microfilmed titles based on image quality is a complex

procedure in its own right. The National Digital Newspaper Program has made publicly

available a number of resources devoted specifically to this task, including documents and

video tutorials [31, 302]. They articulate factors such as the microfilm generation (archive

master, print master, or review copy), the material (polyester or acetate), the reduction

ratio, and the physical condition. The detailed resources made available by the National

Digital Newspaper Program, the Library of Congress, and the National Endowment for the

Humanities for navigating this process are testaments to the multidimensional complexity

of the selection process for Chronicling America [276, 296, 299].

We have not yet investigated the topic of digitization, and we have already encountered

a profusion of factors from collection to digitization that mediate which artifacts appear in

Chronicling America and thus Newspaper Navigator. Let us now examine the microfilm

itself.

2.3.5 The Microfilm

In “What Computational Archival Science Can Learn from Art History and Material Culture

Studies,” Lyneise Williams shares a powerful anecdote of coming across a physical copy of a

1927 issue of the French sports newspaper Match L’Intran that featured accomplished Black

Panamanian boxer, Alfonso Teofilo Brown, on the front cover [398]. Williams describes

Brown as “glowing. He looked like a 1920s film star rather than a boxer” [398]. Curious to

learn more about the printing process, Williams discovered that the issue of Match L’Intran

was produced using rotogravure, a specific printing process that could “capture details in

dark tones” [398]. However, when Williams found a version of the same newspaper cover

that had been digitized from microfilm, it was apparent that the microfilming process had
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washed out the detail of the rotogravure, reducing Brown to a “flat black, cartoonish form”

[398]. Williams relays the anecdote to articulate that the microfilming process itself is thus

a form of erasure for communities of color [398].

The grayscale saturation of photographs induced by microfilming is widely documented

and recognizable to most researchers who have ever worked with the medium [28]. however,

Lyneise Williams’s article a↵ords us a lens into what precisely is lost amongst the distortive

e↵ects of the microfilming process. This erasure via microfilming can be seen in Chronicling

America directly. In Figure 2.5, I show the same photograph of W.E.B. Du Bois as it

appears in 4 di↵erent Chronicling America newspaper pages published during October and

November of 1910 and digitized from microfilm [260, 261, 262, 267]. The phenomenon

described by Williams is immediately recognizable in these four images: Du Bois’s facial

features are distorted by the grayscale saturation. In the case of the Iowa State Bystander,

Du Bois has been rendered into a silhouette.

Moreover, each digitized reproduction reveals unique visual qualities, varying in contrast,

sharpness, and noise - a testament to the confluence of mediating conditions from print-

ing through digitization that have rendered each newspaper photograph in digital form.

Even in the case of the two images reproduced in the The Broad Ax, which were digi-

tized from the very same microfilm reel (reel #00280761059) by the University of Illinois

at Urbana-Champaign Library, variations are still apparent. To understand how these sub-

tle di↵erences between images are amplified through digitization, we now turn to optical

character recognition.

2.3.6 The OCR

Optical character recognition, commonly called OCR, refers to machine learning algorithms

that are trained to read images of typewritten text and output machine-readable text,

thereby providing the bridge between an image of typewritten text and the transcribed text

itself. Because OCR algorithms are “trained and evaluated using labeled data: examples

with ground-truth classification labels that have been assigned by another means,” the

algorithms are considered a form of supervised learning in the machine learning literature



40

Figure 2.5: The same image of W.E.B. Du Bois reproduced in 4 di↵erent digitized Black newspapers
in Chronicling America from 1910. Note that the combined e↵ects of printing, microfilming, and
digitizing have led to di↵erent visual e↵ects in each image, ranging from contrast to sharpness. The
OCR transcriptions of the caption “W. E. B. DU BOIS, PH. D.” appearing in the image of W.E.B.
Du Bois reproduced in 4 di↵erent digitized Black newspapers in Chronicling America are shown
below each image. These OCR transcriptions are provided by Chronicling America.

[194]. OCR engines are remarkably powerful in their ability to improve access to historic

texts. Indeed, OCR is a crucial form of metadata for Chronicling America, enabling keyword

search in the search portal and making possible scholarship with the newspaper text at large

scales.15 However, OCR is not perfect. Although humans are able to discern an “E” from

an “R” on a digitized page even if the type has been smudged, an OCR engine is not always

able to do so: its performance is dependent on factors ranging from the sharpness of text

in an image to printing imperfections to the specific typography on the page.

In Figure 2.5, I show the OCR transcriptions of the captions of all four images, as

provided by Chronicling America. All four transcriptions fail to reproduce the true caption

15For exemplary research collaborations that utilize the Chronicling America bulk OCR, see the Viral
Text Project [72] and the Oceanic Exchanges Project [71].
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with 100% accuracy, di↵ering from one another by at least one character. Consequently,

a keyword search of “W. E. B. Du Bois” over the raw text would not register the caption

for any of the four photographs (the Chronicling America search portal utilizes a form

of relevance search to alleviate this problem). These examples reveal how sensitive OCR

engines are to slight perturbations, or “noise,” in the digitized images, from ink smudges to

text sharpness to page contrast. Though the NDNP awardees who contributed these pages

may have utilized di↵erent OCR engines or chosen di↵erent OCR settings, the OCR for the

two image captions from The Broad Ax that have been from the very same microfilm reel

was in all likelihood generated using the same OCR engine and settings. Put succinctly,

OCR engines amplify the noise from both the material page and the digitization pipeline.16

Though OCR engines have become standard components of digitization pipelines, it is

important to remember that OCR engines are themselves machine learning models that

have been trained on sets of transcribed typewritten pages. Like any machine learning

model, OCR predictions are thus subject to biases encoded not only in the OCR engine’s

architecture but also in the training data itself. Though it is often called algorithmic bias,

this bias is undeniably human, in that the construction of training data machine learning

models are imprinted with countless human decisions and judgment calls. For example, if an

OCR engine is trained on transcriptions that consistently misspell a word, the OCR engine

will amplify this misspelling across all transcriptions of processed pages.17 A recurring theme

of algorithmic bias is that it is a force for marginalization, especially in the context of how

we navigate information digitally. In Algorithms of Oppression, Safiya Noble describes how

Google’s search engine consistently marginalizes women and people of color by displaying

search results that reinforce racism [250]. This bias is not restricted to Google: in Masked by

Trust: Bias in Library Discovery, Matthew Reidsma articulates how library search engines

su↵er from similar biases [316]. Despite the fact that knowledge of algorithmic bias in

16For other examinations of how OCR mediates our interactions with digital archives, see [145, 239, 357,
372, 402].

17For a concrete example of a similar phenomenon in the image domain, see [194], in which a machine
learning algorithm was trained to classify digitized images but consistently misclassified images that had
been misoriented 180 degrees in the scanning bed - a consequence of the classifier not having seen enough
instances of these misoriented scans during training.



42

relation to search engines and image recognition tools is becoming increasingly widespread

among the cultural heritage community, the errors introduced by OCR engines are often

accepted as inevitable without critical inquiry from this perspective. However, algorithmic

bias is a useful framework for examining OCR engines [5].

Perhaps the most significant challenge to studying OCR engines is that the best-performing

and most widely-used OCR engines are proprietary. Though ABBYY FineReader and

Google Cloud Vision API o↵er high performance, the systems fundamentally are black

boxes: we have no access to the underlying algorithms or the training data. The ability

to audit a system is crucial to developing an understanding of how it works and the biases

it encodes. The fact that many OCR engines are opaque prevents us from disentangling

whether poor performance on a particular page is due to algorithmic limitations or due to

a lack of relevant training data. The distinction is significant: the former may reflect an

algorithmic upper bound, whereas the latter reflects decisions made by humans.

Indeed, algorithmic bias distorts and occludes the historical record, as it is made discov-

erable through OCR. Discrepancies in OCR performance for di↵erent languages and scripts

is a consequence of human prioritization, from the collection of training data and lexicons

to the development of the algorithms themselves. As articulated by Hannah Alpert-Abrams

in “Machine Reading the Primeros Libros,” “the machine-recognition of printed characters

is a historically charged event, in which the system and its data conspire to embed cul-

tural biases in the output, or to a�x them as supplementary information hidden behind

the screen” [5]. Alpert-Abrams’s work reveals how the OCR inaccuracies for indigenous

languages recorded in colonial scripts perpetuate colonialism. For other languages such as

Ladino, typically typeset in Rashi script, the lack of high-performing OCR has presented

consistent challenges for digitization and scholarship.

In the case of Chronicling America, the National Digital Newspaper Program is exem-

plary in its e↵orts to support OCR for non-English languages. In the Notice of Funding

Opportunity for the National Digital Newspaper Program produced by the Division of

Preservation of Access at the National Endowment for the Humanities, OCR performance

in di↵erent languages is explicitly addressed: “Applicants proposing to digitize titles in

languages other than English must include sta↵ with the relevant language expertise to
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review the quality of the converted content and related metadata” [276]. I have included

this discussion of OCR and algorithmic bias to o↵er a broader provocation regarding ma-

chine learning and digitization: how much text in digitized sources has been transmuted by

this e↵ect and thus e↵ectively erased due to inaccessibility when using search and discovery

platforms?

2.3.7 The Visual Content Recognition Model

I will now turn to the Newspaper Navigator pipeline itself, in particular the visual con-

tent recognition model. Trained on annotations from the Beyond Words crowdsourcing

initiative, as well as additional annotations of headlines and advertisements, the visual con-

tent recognition model detects photographs, illustrations, maps, comics, editorial cartoons,

headlines, and advertisements on historic newspaper pages.

As described in the previous subsection, examining training data is an essential com-

ponent of auditing any machine learning model, from understanding how the dataset was

constructed to uncovering any biases in the composition of the dataset itself. For the visual

content recognition model, this examination begins with Beyond Words. Launched in 2017

by LC Labs, Beyond Words has collected to-date over 10,000 verified annotations of visual

content in World War 1-era newspaper pages from Chronicling America. The Beyond Words

workflow consists of the three steps listed below:

1. A “Mark” step, in which volunteers are asked to draw bounding boxes around visual

content on the page [187]. The instructions read as follows:

“In the Mark step, your task is to identify and select pictures in newspaper

pages. For our project, ‘pictures’ means illustrations, photographs, comics,

and cartoons. You’ll use the marking tool to draw a box around the picture

using your mouse. After you have marked all pictures on the newspaper

page, click the ‘DONE’ button. Skip the page altogether by clicking the

‘Skip this page’ button. If no illustrations, photographs, or cartoons appear

on the page, click the ‘DONE’ button. Not sure if a picture should be

marked? Select the ‘Done for now, more left to mark’ button so another
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volunteer can help finish that page. Please do not select pictures within

advertisements.”

2. A “Transcribe” step, in which volunteers are asked to transcribe the caption of the

highlighted visual content, as well as note the artist and visual content category (“Pho-

tograph,” “Illustration,” “Map,” “Comics/Cartoon,” “Editorial Cartoon”) [188]. The

transcription is pre-populated with the OCR falling within the bounding box in ques-

tion. The instructions for this step state:

“Most pictures have captions or descriptions. Enter the text exactly as you

see it. Include capitalization and punctuation, but remove hyphenation that

breaks words at the end of the line. Use new lines to separate di↵erent parts

of captions and descriptions. You can zoom in for better looks at the page.

You can also select ‘View the original page’ in the upper right corner of the

screen to view the original high resolution image of the newspaper.”

An example of this step can be seen in Figure 2.6.

3. A “Verify” step, in which volunteers are asked to select the best caption for an iden-

tified region of visual content from at least two examples; alternatively, a volunteer

can add another caption [189]. The instructions state: “Choose the transcription that

most accurately captures the text as written. If multiple transcriptions appear valid,

choose the first one. If the selected region isn’t appropriate for the prompt, click ‘Bad

region.”’

For the purposes of Newspaper Navigator, only the bounding boxes from the “Mark”

step and the category labels from the “Transcribe” step were utilized as training data;

however, understanding the full workflow is essential because annotations are considered

“verified” only if they have passed through the full workflow.

A number of factors contribute to which Chronicling America pages were processed by

volunteers in BeyondWords. First, the temporal restriction to World War 1-era pages a↵ects

the ability of the visual content recognition model to generalize: after all, if the model is

trained on World War 1-era pages, how well should we expect it to perform on 19th century
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Figure 2.6: A screenshot showing an example of the “Transcribe” step of the BeyondWords workflow.
Note that the photograph caption is pre-populated using the OCR falling within the bounding box
[188].

pages? I will return to this question later in the subsection. Moreover, Beyond Words

volunteers could select either an entirely random page or a random page from a specific

state, an important a↵ordance from an engagement perspective, as volunteers could explore

the local histories of states in which they are interested. But this a↵ordance is also imprinted

on the training data, as certain states - and thus, certain newspapers - appear at a higher

frequency than if the World War-1 era Chronicling America pages had been drawn randomly

from this temporal range in Chronicling America.

Furthermore, it should be noted that the “Mark” and “Transcribe” steps - specifically,

drawing bounding boxes and labeling the visual content category - are complex tasks. Be-

cause newspaper pages are remarkably heterogenous, ambiguities and edge-cases abound.

Should a photo collage be marked as one unit or segmented into constituent parts? What
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precisely is the distinction between an editorial cartoon and an illustration? How much

relevant textual content should be included in a bounding box? Naturally, volunteers did

not always agree on these choices. In this regard, the notion of a ground-truth, a set of

perfect annotations against which we can assess performance, is itself called into question.

Moreover, with thousands of annotations, mistakes in the form of missed visual content, as

well as misclassifications, are inevitable. These ambiguities and errors are natural compo-

nents of any training dataset and must be taken into account when analyzing a machine

learning model’s predictions.

A breakdown of Beyond Words annotations included in the training data can be found

in the second column of Table 2.1. I downloaded these 6,732 publicly-accessible annotations

as a JSON file on December 1, 2019. Table 1 reveals an imbalance between the number

of examples for each category; in the language of machine learning, this is called class

imbalance. While the discrepancy between maps and photographs is to be expected, the

fact that so few maps were included was concerning from a machine learning standpoint: a

machine learning algorithm’s ability to generalize to new data is dependent on having many

diverse training examples. To address this concern, I searched Chronicling America and

identified 134 pages published between January 1st, 1914, and December 31st, 1918, that

contain maps. I then annotated these pages myself.

In addition, during the development of the Newspaper Navigator pipeline, I realized the

value in training the visual content recognition model to identify headlines and advertise-

ments. Consequently, I added annotations of headlines and advertisements for all 3,559

pages included in the training data. The statistics for this augmented set of annotations

can be found in the third column of Table 2.1. Though I attempted to use a consistent

approach to annotating the headlines and advertisements, my interpretation of what consti-

tutes a headline is certainly not unimpeachable: I am not a trained scholar of periodicals or

of print culture; even if I were, the task itself is inevitably subjective. Furthermore, I made

decisions to annotate large grids of classified ads as a single ad to expedite the annotation

process. Whether this was a correct judgment call can be debated. Lastly, annotating

all 3,559 pages for headlines and advertisements required a significant amount of time, and

there are inevitably mistakes and inconsistencies embedded within the annotations. My own
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decisions in terms of how to annotate, as well as my mistakes and inconsistencies, are em-

bedded within the visual content recognition model through training. For those interested

in examining the training data directly, the data can be found in the GitHub repository for

this project [195].

Beyond the construction of the training data, I made manifold decisions regarding the

selection of the correct model architecture and the training of the model. Because this

discussion surrounding these choices is quite technical, I refer the reader to [202] for an in-

depth examination. However, I will state that the choice of model, the number of iterations

for which the model was trained, and the choice of model parameters are all of significant

import for the resulting trained model and consequently, the Newspaper Navigator dataset.

I will now turn to the visual content recognition model’s outputs in relation to the

Newspaper Navigator pipeline. The model itself consumes a lower-resolution version of a

Chronicling America page as input and then outputs a JSON file containing predictions,

each of which consists of bounding box coordinates,18 the predicted class (i.e., “photograph,”

“map,” etc.), and a confidence score generated by the machine learning model.19 Cropping

out and saving the visual content required extra code to be written. Because the high-

resolution images of the Chronicling America pages, in addition to the METS/ALTO OCR,

amount to many tens of terabytes of data, questions of data storage became major con-

siderations in the pipeline. I chose to save the extracted visual content as lower-resolution

JPEG images in order to reduce the upload time and lessen the storage burden. Though the

Newspaper Navigator dataset retains identifiers to all high-resolution pages in Chronicling

America, the images in the Newspaper Navigator dataset are altered by the downsampling

procedure. This downsampling procedure should be free of any significant biasing e↵ects.

For visual content recognition, Newspaper Navigator utilized an object detection model,

which is a type of widely-used computer vision technique for identifying objects in images.

The performance for computer vision techniques is regularly measured using metrics such as

average precision. For Newspaper Navigator, the model’s performance on a specific page, as

18Bounding box coordinates refer to the positions of the corners of the predicted bounding box, relative
to the image coordinates.

19The confidence score is examined in more detail in the next subsection.
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measured by average precision, is dependent on a confluence of factors. These factors include

the page’s layout, artifacts and distortions introduced in the microfilming and digitization

process, and - most importantly - the composition of the training data. Thus, each image

is “seen” di↵erently by the visual content recognition model. In Figure 2.7, I show the four

images of W.E.B. Du Bois, as identified by the visual content recognition model and saved

in the Newspaper Navigator dataset. Each image is cropped slightly di↵erently. In the case

of the image from the Iowa State Bystander, extra text is included, while in the case of the

images from The Broad Ax, the captions are partially cut o↵. The loss in image quality is

due to the aforementioned downsampling performed by the pipeline. This downsampling

leads to artifacts such as the dots appearing on Du Bois’s face in the image from the Iowa

State Bystander, as well as the streaks in the image from Franklin’s Paper the Statesman,

that are not present in Figure 2.5.

Returning to the question of the visual content recognition model’s performance on pages

published outside of the temporal range of the training data (1914-1918), it is possible to

provide a quantitative answer by measuring average precision on test sets of annotated pages

from di↵erent periods of time. In [202], I describe this analysis in detail and demonstrate

that the performance declines for pages published between 1875 and 1900 and further de-

clines for pages published between 1850 and 1875. This confirms that the composition of

the training data directly manifests in the model’s performance. While it is certainly the

case that the Newspaper Navigator dataset can still be used for scholarship related to 19th

century newspapers in Chronicling America, any scholarship with the 19th century visual

content in the Newspaper Navigator dataset must consider how the dataset may skew what

visual content is represented.

Let me conclude this subsection with a discussion of the act of visual content extraction

itself in relation to digitization. While this extraction enables a wide range of a↵ordances

for searching Chronicling America, it is also an act of decontextualization: visual content

no longer appears in relation to the mise-en-page. At the end of the chapter, the full pages

containing the photographs of W.E.B. Du Bois are reproduced, showing each photograph

in context. Only by examining the full pages does it become clear that the article featuring

W.E.B. Du Bois was printed with a second article in the Iowa State Bystander and The
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Figure 2.7: The four images of W.E.B. Du Bois, as identified by the visual content recognition model
and included in the Newspaper Navigator dataset [263, 264, 265, 266].

Broad Ax, the headline of which reads: “ANTI-LYNCHING SOCIETY ORGANIZED IN

BOSTON — Afro-American Women Unite For Active Campaign Against Injustice.” Fur-

thermore, upon examination, the Iowa State Bystander front page features the article on

The Crisis and W.E.B. Du Bois as the most prominent article of the issue. Though links

between the extracted visual content and the original Chronicling America pages are always

retained, this decontextualization inevitably transmutes how we perceive and interact with

the visual content in Chronicling America. Indeed, all uses of machine learning for metadata

enhancement are a form of decontextualization, centering the user’s discovery and analysis

of content around the metadata itself.

2.3.8 Prediction Uncertainty

Perhaps the most fundamental question to ask of the Newspaper Navigator dataset is: “How

many photographs does the dataset contain?” Because the dataset has been constructed
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using a machine learning model, predictions are ultimately probabilistic in nature, quantified

by the confidence score returned by the model. This begs the question of what counts as

an identified unit of visual content: a user is much more inclined to tally a prediction of

a map if it has an associated confidence score of 99% rather than 1%. However, choosing

this cut is fundamentally a subjective decision, informed by the user’s end goals with the

dataset. In the language of machine learning, picking a stringent confidence cut (i.e., only

counting predictions with high confidence scores) emphasizes precision: a prediction of a

photograph likely corresponds to a true photograph, but the predictions will su↵er from

false negatives. Conversely, picking a loose confidence cut (i.e., counting predictions with

low confidence scores) emphasizes recall: most true photographs are identified as such, but

the predictions will su↵er from many false positives. In this regard, the total number of

images in the Newspaper Navigator dataset is dependent on one’s desired tradeo↵ between

precision and recall. In Table 2.3, I show the dynamic range of the dataset size, as induced

by three di↵erent cuts on confidence score: 90%, 70%, and 50%. Figure 2.8 shows the e↵ects

of di↵erent cuts on confidence score for the page featuring W.E.B. Du Bois in the November

26,1910, issue of The Broad Ax.

Rather than pre-selecting a confidence score threshold, the Newspaper Navigator dataset

contains all predictions with confidence scores greater than 5%,20 allowing the user to define

their own confidence cut when querying the dataset. However, the website for the Newspaper

Navigator dataset also includes hundreds of pre-packaged datasets in order to make it easier

for users to work with the dataset. In particular, users can download zip files containing all

of the visual content of a specific type with confidence scores greater than or equal to 90%,

for any year from 1850 to 1963. I made this choice of 90% as the threshold cut for these pre-

packaged datasets based on heuristic evidence from inspecting sample pre-packaged datasets

by eye. However, as articulated above, based on di↵erent use cases, this cut of 90% may be

too restrictive or permissive: relevant visual content may be absent from the pre-packaged

dataset or lost in a sea of other examples. In Figure 2.9, I show the visual content recognition

20This modest cut is provided to remove the large number of predictions with confidence scores between
0% and 5%, which have high false-positive rates, and thus reduce the size of the Newspaper Navigator
dataset.
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Figure 2.8: The same page of The Broad Ax from November 26, 1910, along with predictions
from the visual content recognition model, thresholded on confidence score at 5%, 50%, 70%, and
90% [265, 270]. Note that red corresponds to a prediction of “photograph,” cyan corresponds to a
prediction of “headline,” and blue corresponds to a prediction of “advertisement.”
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Figure 2.9: The visual content recognition model’s confidence score for each of the four images of
W.E.B. Du Bois. Note how the model assigns a di↵erent confidence score to each identified image
[268, 269, 270, 271].

model’s confidence scores for the four images of W.E.B. Du Bois described throughout this

data archaeology. The e↵ect of a cut on confidence score can be seen here: selecting a cut

of 95% would exclude the image from Franklin’s Paper the Statesman. I raise this point to

emphasize that even this seemingly innocuous choice of 90% for the pre-packaged datasets

alters the discovery process and thus can have an impact on scholarship.

Just as the bounding box predictions themselves are a↵ected by the training data, as well

as newspaper page layout, date of publication, and noise from the digitization pipeline, so

too are the confidence scores. In particular, the visual content recognition model su↵ers from

high-confidence misclassifications, for example, crossword puzzles that are identified as maps

with confidence scores greater than 90%. High-confidence misclassifications pose challenges

for machine learning writ large, and the field of explainable artificial intelligence is largely

devoted to developing tools for understanding this type of misclassification [392]. However,

these high-confidence misclassifications can often be traced back to the composition of the
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training set. For example, the fact that the visual content recognition model sometimes

identifies crossword puzzles as maps with high confidence is likely due to the fact that the

training data did not contain enough labeled examples of maps and crossword puzzles for

the visual content recognition model to di↵erentiate them with high accuracy.

The questions surrounding confidence scores and probabilistic descriptions of items is

by no means restricted to the Newspaper Navigator dataset. I echo Thomas Padilla’s as-

sertion that “attempts to use algorithmic methods to describe collections must embrace the

reality that, like human descriptions of collections, machine descriptions come with varying

measure of certainty” [284]. Machine-generated metadata such as OCR are also fundamen-

tally probabilistic in nature; this fact is not immediately apparent to end users of cultural

heritage collections because cuts on confidence score are typically chosen before surfacing

the metadata. E↵ectively communicating confidence scores, probabilistic descriptions, and

the decisions surrounding them to end users remains a challenge for content stewards.

2.3.9 OCR Extraction

In the Newspaper Navigator pipeline, a textual description of each prediction is obtained by

extracting the OCR within each predicted bounding box. The resulting textual description

is thus dependent on not only the OCR provided by Chronicling America but also the exact

coordinates of the bounding box: if the coordinates of a word in the localized OCR extend

beyond the bounds of the box, the word is excluded. I experimented with utilizing tolerance

limits to allow words that extend just beyond the bounds of the boxes to be included, but

doing so ultimately introduces false positives as well, as words from neighboring articles or

visual content were inevitably included some fraction of the time. Once again, the tradeo↵

between false positives and false negatives is manifest.

In Figure 8, I show the textual descriptions of the four images of W.E.B. Du Bois, as

identified by the Newspaper Navigator pipeline. Significantly, in the Newspaper Navigator

dataset, the OCR is stored as a list of words, with line breaks removed; these lists are

what appear in Figure 2.10. These four examples provide intuition as to how the captions

are altered. While the examples from the Iowa State Bystander and Franklin’s Paper the
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Figure 2.10: The textual descriptions of each image, as extracted from the OCR and saved in the
Newspaper Navigator dataset [268, 269, 270, 271].

Statesman both have the same captions as shown in Figure 2.5, the captions for both of

the examples from The Broad Ax are unrecognizable. Because the bounding boxes have

clipped the caption, none of the characters from the proper OCR captions from Figure

2.5 are present. Furthermore, the captions contain OCR noise due to the OCR engine

attempting to read text from the photographs. Consequently, the mentions of W.E.B. Du

Bois are erased from the textual descriptions in the Newspaper Navigator dataset. The

visual content in the Newspaper Navigator dataset is thus decontextualized not only in the

sense that the visual content is extracted from the newspaper pages but also in the sense

that the OCR extraction method further alters the textual descriptions. While the images

from the Iowa State Bystander and Franklin’s Paper the Statesman are still recoverable

with fuzzy keyword search, the two images from The Broad Ax are impossible to retrieve

with any form of keyword search, revealing another instance in which employing automated

techniques for collections processing a↵ects discoverability.
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Fortunately, visual content can still be recovered using similarity search over the images

themselves; these methods are discussed in detail in the next subsection. However, in the

case of headlines, the errors introduced by OCR engines and the subsequent OCR extraction

have no recourse, as similarity search for images of headlines would only capture similar

typography and text layout.21

To illustrate the e↵ects of this OCR extraction on headlines, I reproduce in Table 2.5 the

extracted OCR as it appears in the Newspaper Navigator dataset for Franklin F. Johnson’s

headline:

NEW MOVEMENT

BEGINS WORK

Plan and Scope of the Asso-

ciation Briefly Told.

Will Publish the Crisis.

Review of Causes Which Led to the

Organization of the Association in

New York and What Its Policy Will

Be-Career and Work of Professor

W.E.B. Du Bois

The full pages are reproduced in the appendix for reference. Notably, all four extracted

headlines contain OCR errors, as well as missing words due to the OCR extraction. The

visual content recognition model consistently fails to include the last line of the headline,

“W.E.B. Du Bois,” revealing another case in which Du Bois’s name is rendered inaccessible

by keyword search in the Newspaper Navigator dataset.

2.3.10 Image Embeddings

The persistent question of biases in OCR, which motivated much my earlier analysis in this

data archaeology surrounding discoverability, encourages scholars to consider other modes

21The Newspaper Navigator dataset does not retain the cropped images of headlines, as the textual content
is more salient than visual snippets in the case of headlines.
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Table 2.5: The extracted OCR associated with each of the four photographs of W.E.B. Du
Bois [268, 269, 270, 271].

Iowa State
Bystander
(14 Oct. 1910)

Franklin’s Paper the
Statesman
(15 Oct. 1910)

The Broad Ax
(15 Oct. 1910)

The Broad Ax
(26 Nov. 1910)

98.72% 99.57% 99.76% 99.70%
[“NEW”, “MOVE-
MENT”, “BEGINS”,
“WORK”, “and”,
“Plan”, “Scope”, “of”,
“the”, “Asso\u00ad”,
“ciation”, “Briefly”,
“Told.”, “WILL”,
“PUBLISH”, “THE”,
“CRISIS.”, “Review”,
“of”, “Causae”,
“Which”, “Lad”,
“to”, “the”, “Or-
ganisation”, “of”,
“the”, “Auooiation”,
“In”, “Naw”, “York”,
“and”, “JWhat”,
“It*”, “Polioy”, “Will”,
“Ba\u2014Career”,
“and”, “Wark”, “of”,
“Profeasor”]

[“NEW”, “MOVE-
MENT”, “BEGINS”,
“WORK”, “Plan”,
“and”, “Scope”,
“of”, “the”, “Asso”,
“ciation”, “Briefly”,
“Told.”, “WILL”,
“PUBLISH”, “THE”,
“CRISIS.”]

[“NEW”, “MOVE-
MENT”, “BEGINS”,
“WORK”, “Plan”,
“and”, “Sep”, “if”,
“the”, “Asso”, “cia-
tion”, “Briefly”,
“Told.”, “WILL”,
“PUBLISH”, “THE”,
“CRISIS,”, “Be”, “Ca-
reer”, “nnd”, “Work”,
“of”, “Professor”,
“W.”, “E.”, “B.”,
“Du”, “Bois.”, “Re-
view”, “of”, “Causes”,
“Which”, “Led”, “to”,
“the”, “Oraanteal-
lon”, “of”, “th.”,
“A.Me!.!?n”, “i”, “i”,
“New”, “York”, “and”,
“What”, “IU”, “Pol-
icy”, “Will”]

[“NEW”, “MOVE-
MENT”, “BEGINS”,
“WORK”, “Plan”,
“and”, “Scope”,
“of”, “the”, “Asso”,
“ciation”, “Briefly”,
“Told.”, “WILL”,
“PUBLISH”, “THE”,
“CRISIS.”, “Re-
view”, “of”, “Causes”,
“Which”, “Lad”, “to”,
“tha”, “Organiza-
tion”, “of”, “the\””,
“Association”, “In”,
“New”, “York”, “and”,
“What”, “Its”, “Pol-
icy”, “Will”]



57

of search, including visual search with image embeddings. An image embedding canonically

refers to a low-dimensional representation of an image, often a list of a few hundred or a few

thousand numbers, that captures much of the image’s semantic content. Image embeddings

are typically generated by feeding an image into a pre-trained neural image classification

model (i.e., a model that takes in an image and outputs a label of “dog” or “cat”) and

extracting a representation of the image from one of the model’s hidden layers, often the

penultimate layer.22 Image embeddings are valuable for three reasons:

1. Image embeddings are remarkably adept at capturing semantic similarity between

images. For example, images of dogs tend to be clustered together in embedding space,

with images of bicycles in another cluster and images of buildings in yet another. These

clusters can be fine-grained: sometimes, the red bicycles are grouped closer together

than the blue bicycles.

2. Image embeddings can be constructed by feeding images into an image classification

model already trained on another dataset (such as ImageNet), meaning that gener-

ating image embeddings is a useful method for comparing images without having to

construct training data by labeling images.

3. Image embeddings are low-dimensional and thus much smaller in size than the images

themselves (i.e., on the order of kilobytes instead of megabytes). As a result, image

embeddings are much less computationally expensive to compare to one another when

conducting similarity search, clustering, or related tasks. In short, image embeddings

speed up image comparison.

Utilizing image embeddings to visualize and explore large collections of images has be-

come an increasingly common approach among cultural heritage practitioners [394]. Projects

and institutions that have utilized image embeddings for visualizing cultural heritage collec-

tions include the Yale Digital Humanities Lab’s PixPlot interface [90], the National Neigh-

bors project [213], Google Arts and Culture [84], The Norwegian National Museum’s Prin-

cipal Components project [129], the State Library of New South Wales’s Aero Project [116],

the Royal Photographic Society [380], The American Museum of Natural History [106], and

22If these words are unfamiliar, the three takeaways listed are more important.
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The National Library of the Netherlands [217, 394]. These visualizations provide insights

into broader themes in the collections, thereby allowing curators, researchers, and the public

to explore collections at a scale previously only possible by organizing images by color or

other low-level features.23 In this regard, image embeddings provide new a↵ordances for

searching over images that complement canonical faceted and keyword search.

Because these image embeddings enable these visualization approaches and open the

door to similarity search and recommendation, I opted to include image embeddings as part

of the Newspaper Navigator pipeline. Indeed, these image embeddings power the similarity

search functionality in the Newspaper Navigator user interface and, in this regard, are

crucial to the broader vision of the project [205].24 To generate the embeddings, I utilized

ResNet-18 and ResNet-50, two variants of a prominent deep learning architecture for image

classification, both of which had already been pre-trained on ImageNet [134].

ImageNet is perhaps the most well-known image dataset in the history of machine learn-

ing. Constructed by scraping publicly available images from the internet and recruiting

Amazon Mechanical Turk workers to annotate the images, ImageNet contains approxi-

mately 14 million images across 20,000 categories [82]. Kate Crawford and Trevor Paglen’s

essay “Excavating AI: The Politics of Images in Machine Learning Training Sets” o↵ers a

history and incisive critique of the classification schema of ImageNet; here, I will summa-

rize the most salient critiques. First, many of the categories in the taxonomy utilized are

themselves marginalizing [75] Though many of the classes relating to people were removed

in 2019, ImageNet had previously bifurcated the “Natural Object > Body > Adult Body”

category into “Male Body” and “Female Body” subcategories. Second, ethnic classes were

included, implying that 1) classification into rigid categories of ethnicity is possible and ap-

propriate and 2) a machine learning system could learn how to classify ethnicity from these

images. Diving deeper, the classifications become horrifying in their supposed granularity:

until 2019, an image of a woman in a bikini was accompanied with the tags “slattern, slut,

slovenly woman, trollop” [75] Though many embedding models are pre-trained on subsets

23For an introduction to some of these methods with lower-level features, see [231].

24The search application can be found at: https://news-navigator.labs.loc.gov/search.

https://news-navigator.labs.loc.gov/search.
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of ImageNet categories included in the ImageNet Large Scale Visual Recognition Challenge

that elide these particularly troubling classifications, these classifications nonetheless ne-

cessitate a reckoning with our use of ImageNet writ large, especially in regard to how the

semantics of ImageNet is projected onto any image embedding generated with such a model

[82].25

However, questions probing the data in ImageNet fail to critique the ethically ques-

tionable practices on which ImageNet is built. Though the researchers responsible for the

dataset scraped all 14 million images from public URLs, ImageNet does not provide any

guarantees on image copyright, as only the URLs are provided in the database: “The images

in their original resolutions may be subject to copyright, so we do not make them publicly

available on our server” [150]. It is highly unlikely that a photographer with an image in the

dataset could have known that a photograph could be used this way, much less actively con-

sent to the image’s inclusion, as is the case with subjects in the photographs. Furthermore,

the labels themselves were collected using Amazon’s Mechanical Turk platform, which has

been repeatedly criticized for its exploitative labor practices: as of 2017, workers earned a

median wage of approximately $2 an hour on the platform [130]. Scholars including Natalia

Cecire, Bonnie Mak, and Paul Fyfe have highlighted how outsourced marginalized labor

underpins digitization e↵orts, and the reliance on Mechanical Turk for the production of

ImageNet further entrenches the digitization and discovery process within a system of labor

exploitation [53, 113, 230]. As cultural heritage practitioners and humanities researchers, we

must acknowledge these exploitative practices, and we must reckon with how we perpetuate

them through the use of ImageNet as a training source for image search and discovery.

In o↵ering these critiques, my intention is not to dismiss ImageNet in a wholesale manner.

Certainly, the benefits of utilizing ImageNet are manifold, as evidenced by widespread

community adoption, as well as new a↵ordances for searching cultural heritage collections

enabled by the dataset that are shaping the contours of digital scholarship. In the case of my

own scholarship with Newspaper Navigator, I have elected to utilize machine learning models

pre-trained on ImageNet precisely for these reasons. I o↵er these provocations instead to

25The specific categories used in the challenge can be found at: http://image-net.org/challenges/
LSVRC/2010/browse-synsets.

http://image-net.org/challenges/LSVRC/2010/browse-synsets
http://image-net.org/challenges/LSVRC/2010/browse-synsets
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question how we can do better as a community, not only in imagining alternatives but in

bringing them to fruition. Classification is an act of interpretive reduction, whether by

human or machine, and thus manifests all too often as an act of oppression.26 And yet,

the structure imposed by classification constitutes the very basis for search and discovery

systems. The salient question is thus not how we dispense of these systems but rather how

we progressively realize a more inclusive vision of these systems, from the labor practices

behind their construction to the very classification taxonomies themselves.

How, then, do image embeddings derived from ImageNet mediate our interactions with

the photographs in Newspaper Navigator? Figure 2.11 shows a visualization of 1,000 pho-

tographs from the Newspaper Navigator dataset published during the year 1910. This

visualization was created using the ResNet-50 image embeddings, as well as a dimension-

ality reduction algorithm known as T-SNE [376]. With T-SNE, a cluster of photographs

indicates that the photographs are likely semantically similar, but the size of the cluster and

distances from other clusters bear no meaning [390]. With this in mind, we can examine

the clusters. Despite the fact that the high-contrast, grayscale photographs in Newspaper

Navigator are markedly di↵erent, or “out-of-sample,” in comparison to the clear, color im-

ages in ImageNet, the clusters nonetheless capture semantic similarity. In Figure 2.11, we

observe the clustering of photographs depicting crowds of people, as well as photographs

depicting ships and the sea. This visualization technique with the image embeddings is thus

powerful in helping to navigate large collections of photographs by their semantic content.

What about the photographs of W.E.B. Du Bois? In Figure 2.12, I show the clusters

containing these four photographs. This visualization a↵ords us a lens into the limitations of

image embeddings. First, it is evident that image embeddings are directly impacted by the

distortions of the digitization process: while the three photographs from Franklin’s Paper the

Statesman and The Broad Ax are clustered together with other portraits, the photograph

from the Iowa State Bystander is located in an entirely di↵erent cluster - a consequence of

the fact that the Iowa State Bystander photograph is saturated and that W.E.B. Du Bois’s

facial features are obscured (notably, neighboring photographs su↵er from similar distor-

26For more reading on this topic, see [45].



61

Figure 2.11: A visualization of 1,000 photographs from the year 1910 in the Newspaper Navigator
dataset, generated using the Newspaper Navigator ResNet-50 image embeddings.

tions). A search engine powered with these image embeddings would in all likelihood return

the three photographs from Franklin’s Paper the Statesman and The Broad Ax together,

but the fourth photograph would e↵ectively be lost. This algorithmic mediation is partic-

ularly troubling because, as described earlier, the microfilming digitization process causes

newspaper photographs of darker-skinned people to lose contrast. While this loss in image

quality is marginalizing in its own right, image embeddings perpetuate this marginalization:

digitized newspaper portraits of darker-skinned individuals are more likely to su↵er from

saturated facial features, in turn resulting in these photographs being lost during the discov-

ery and retrieval process, as is the case with the saturated Iowa State Bystander photograph

of W.E.B. Du Bois in Figure 2.12. Understanding these limitations of image embeddings are

particularly relevant in the case of Newspaper Navigator, as these image embeddings power

the visual similarity search a↵ordance within the publicly-deployed Newspaper Navigator

search application [205]. Though machine learning methods are often o↵ered as panaceas
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Figure 2.12: Figure 10. The same visualization as in Figure 2.11, this time showing the locations of
the four photographs of W.E.B. Du Bois. .

for automation, this algorithmic erasure reminds us that traditional methods of scholarship

and historiography, such as detailed analyses and close readings of Black newspapers in

Chronicling America, are more important than ever to counter algorithmic bias.

2.3.11 Environmental Impact

Any examination of a dataset whose construction required large-scale computing would be

remiss in not investigating the environmental impact of the computation itself. The carbon

emissions generated from training a state-of-the-art machine learning model such as BERT is

comparable to a single flight across the United States; however, factoring in experimentation

and tuning, the carbon emissions can quickly amount to the carbon emissions of a car over

its entire lifetime, including fuel [334]. OpenAI’s GPT-3 model required several thousand

petaflop/s-days to train; without specific numbers, the carbon emissions are not possible to

calculate exactly, but they are nonetheless substantial [46]. In response, machine learning
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Table 2.6: Carbon emissions from the GPU usage for Newspaper Navigator, broken down by
project component. Note that all computation was done on Amazon AWS g4dn instances
in the zone “us-east-2.” The carbon emissions were calculated using the Machine Learning
Impact Calculator [190].

GPU Emissions

Activity # of NVIDIA T4 GPUs GPU Hours (each) Carbon Emissions

Training 1 19 0.96 kg CO2
Pipeline Processing 8 456 144.56 kg CO2
Experimentation for
Training and Pipeline
Processing (estimate)

8 24 7.66 kg CO2

Total - - 153.18 kg CO2

researchers have recommended ideas such as “Green AI,” with the goal of encouraging the

community to value computational e�ciency and not just accuracy [334].

In the case of Newspaper Navigator, most of the compute time was devoted to process-

ing all 16.3 million Chronicling America pages with the visual content recognition model,

as opposed to training the model itself. In Tables 2.6 and 2.7, I report details on training

the model and running the pipeline, as well as the carbon emissions generated by each step,

computed using the Machine Learning Impact Calculator [190]. In total, approximately

380 kg CO2 were emitted during the construction of the Newspaper Navigator dataset,

including development, experimentation, training, pipeline processing, and post-processing.

It should be noted that this number is an estimate, as the statistics for experimentation and

post-processing are di�cult to quantify exactly. Nonetheless, this is approximately equiva-

lent to the carbon emissions incurred by a single person flying from Washington, D.C., to

Boston [107]. I include these numbers in the hope that cultural heritage practitioners will

consider the environmental impact of utilizing machine learning and artificial intelligence

for digital content stewardship. Doing so is essential to the data archaeology: given that

climate change will disproportionately a↵ect cultural heritage institutions in regions unable

to develop proper infrastructure to withstand rapid temperature fluctuations and unprece-

dented flooding, even the environmental impacts of utilizing machine learning within digital

content stewardship has the capacity to contribute to erasure and marginalization.



64

Table 2.7: Carbon emissions from the CPU usage for Newspaper Navigator, broken down by
project component. Note that all computation was done on Amazon AWS g4dn instances
in the zone “us-east-2.” The CPU processors are all 2nd generation Intel Xeon Scalable
Processors (Cascade Lake) [151]. The 48-core processor outputs approximately 350 W;
the 4-core processor outputs approximately 104 W [153, 154]. The carbon emissions were
calculated using the Machine Learning Impact Calculator [190]. Note that the energy
consumption by RAM is not factored in, but it is insignificant in comparison to the CPU
and GPU energy consumption.

CPU Emissions

Activity CPU Processor
(#)

# of Processor
CPU Cores

CPU Hours
(each)

Carbon Emis-
sions

Training 1 4 CPUs 19 1.13 kg CO2
Pipeline Processing 2 48 CPUs 456 181.9 kg CO2
Experimentation
for Training and
Pipeline Processing
(estimate)

2 48 CPUs 24 9.57 kg CO2

Extra Compu-
tation (dataset
post-processing, etc.,
estimate)

1 48 CPUs 168 33.52 kg CO2

Total - - - 226.12 kg CO2

2.3.12 Conclusion

In this data archaeology, I have traced four Chronicling America pages reproducing the same

photograph of W.E.B. Du Bois as they have traveled through the Chronicling America and

Newspaper Navigator pipelines. The excavated genealogy of digital artifacts has revealed

the imprintings of the complex interactions between humans and machines. Indeed, the

journey of each newspaper page through the Chronicling America and Newspaper Navigator

pipelines is one of refraction, mediation, and decontextualization that is compounded upon

with each step. Decisions made decades ago when microfilming a newspaper page inevitably

a↵ect how the machine learning models employed for OCR, visual content extraction, and

image embedding generation ultimately process the pages, render them as digital artifacts

in the Newspaper Navigator dataset, and mediate their discoverability.

As articulated by Trevor Owens in The Theory and Craft of Digital Preservation, ma-

chine learning and artificial intelligence are the “underlying sciences for digital preservation”
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[281]. Though machine learning techniques provide us with new a↵ordances for searching

and studying cultural heritage materials, they have the power to perpetuate and amplify

the marginalization and erasure of entire communities within the archive. This erasure,

coupled with the labor practices involved in creating training data as well as the environ-

mental impact of training and deploying machine learning models in large-scale digitization

pipelines, necessitates that we continue to examine the broader socio-technical ecosystems

in which we participate. In doing so, we can work toward a more inclusive vision of the

digital collection and the ways in which we render its contents discoverable.

How, then, is Newspaper Navigator situated within this vision? In reimagining how we

search over the visual content in Chronicling America, one explicit goal of the project is to

engage the public with the rich history preserved within historic American periodicals and

thus build on Chronicling America as a free-to-use, public domain resource for scholars,

educators, students, journalists, genealogists, and beyond [200, 203]. With Newspaper

Navigator, it is my belief that the new modes of interacting with Chronicling America have

the capacity to not only enable a breadth of new scholarship but also foster engagement

in and reckoning with America’s multilayered history of oppression. In documenting the

di↵erent components of the project with this data archaeology and corresponding technical

paper [202], as well as releasing the full dataset and all code into the public domain, I

have intended to be as transparent as possible with the tools and methodologies employed.

Newspaper Navigator is not without its shortcomings, but my hope is that the project

contributes to this vision of the digital collection through transparency and inclusivity, as

well as the scholarship and pedagogy that it has enabled.

I o↵er this case study not only to contextualize the Newspaper Navigator dataset but also

to advocate for the autoethnographic data archaeology as a valuable apparatus for reflecting

on a cultural heritage dataset from a humanistic perspective. Though the digital humanities

community has yet to adopt the data archaeology as standard practice when creating and

releasing cultural heritage datasets, doing so has the capacity to improve accountability and

context surrounding applications of machine learning for both practitioners and end users.

Given the manifold ways in which machine learning mediates access to the archive and

perpetuates erasure, reflecting critically on these systems is not only urgent but essential
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Figure 2.13: Iowa state bystander. [volume] (Des Moines, Iowa), 14 Oct. 1910. Chronicling America:
Historic American Newspapers. Lib. of Congress. https://chroniclingamerica.loc.gov/lccn/
sn83025186/1910-10-14/ed-1/seq-1/

for transparency and inclusivity.

https://chroniclingamerica.loc.gov/lccn/sn83025186/1910-10-14/ed-1/seq-1/
https://chroniclingamerica.loc.gov/lccn/sn83025186/1910-10-14/ed-1/seq-1/
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Figure 2.14: Franklin’s paper the statesman. [volume] (Denver, Colo.), 15 Oct. 1910. Chronicling
America: Historic American Newspapers. Lib. of Congress. https://chroniclingamerica.loc.
gov/lccn/sn91052311/1910-10-15/ed-1/seq-16/

https://chroniclingamerica.loc.gov/lccn/sn91052311/1910-10-15/ed-1/seq-16/
https://chroniclingamerica.loc.gov/lccn/sn91052311/1910-10-15/ed-1/seq-16/
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Figure 2.15: The broad ax. [volume] (Salt Lake City, Utah), 15 Oct. 1910. Chronicling America:
Historic American Newspapers. Lib. of Congress. https://chroniclingamerica.loc.gov/lccn/
sn84024055/1910-10-15/ed-1/seq-2/

https://chroniclingamerica.loc.gov/lccn/sn84024055/1910-10-15/ed-1/seq-2/
https://chroniclingamerica.loc.gov/lccn/sn84024055/1910-10-15/ed-1/seq-2/
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Figure 2.16: The broad ax. [volume] (Salt Lake City, Utah), 26 Nov. 1910. Chronicling America:
Historic American Newspapers. Lib. of Congress. https://chroniclingamerica.loc.gov/lccn/
sn84024055/1910-11-26/ed-1/seq-3/

https://chroniclingamerica.loc.gov/lccn/sn84024055/1910-11-26/ed-1/seq-3/
https://chroniclingamerica.loc.gov/lccn/sn84024055/1910-11-26/ed-1/seq-3/
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2.4 Navigating the Mise-en-Page: Interpretive Machine Learning Approaches
to the Visual Layouts of Multi-Ethnic Periodicals

This section presents a computational method of analysis that draws from machine learning,

library science, and literary studies to map the visual layouts of multi-ethnic newspapers

from the late 19th and early 20th century United States. This work departs from prior

approaches to newspapers that focus on individual pieces of textual and visual content.

Our method combines Chronicling America’s MARC data and the Newspaper Navigator

machine learning dataset to identify the visual patterns of newspaper page layouts. By

analyzing high-dimensional visual similarity, we aim to better understand how editors spoke

and protested through the layout of their papers.

This work was in collaboration with Joshua Ortiz Baco, Sarah H. Salter, and Jim Casey,

and is based on a publication that appeared in Computational Humanities Research (CHR)

Conference 2021 [199]. A second article on this work is forthcoming in Critism: A Quarterly

for Literature and the Arts [25].
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2.4.1 Introduction

This section presents a set of developing methods for analyzing Black, Latinx, and other

ethnic newspapers in the late nineteenth and early twentieth-century United States. We

address these newspapers in this essay because multi-ethnic newspapers faced challenges

above and beyond their era’s respective forms of mainstream journalism. Contending with

forces of racism and xenophobia often required editors to tailor their paper’s visual grammar,

communicating in carefully guarded ways that were still capable of circulating to distant

readers and communities. Those traditions of complex editorial craft in the multi-ethnic

presses represent an especially rich archive for analysis.

Editors in the historical multi-ethnic press often chose to proceed circumspectly by fo-

cusing on their newspaper’s “mise-en-page.” Rather than publish bold condemnations in

headlines or editorials, it was frequently safer to rely on other a↵ordances of newspapers

provided by the aggregate, often invisible techniques collapsed under the heading of edit-

ing. [117]. Editorial techniques include the labor required to gather, arrange, and issue a

newspaper as well as the organization of those labors behind the scenes. They might vary

greatly by paper, time, and place. Readers might recognize traces of editorial techniques

in a paper’s use of headlines for emphasis, photographs to dramatize articles, or the sepa-

ration of content into subsections. At times, these techniques are performed by dedicated

editors: news editors, copyeditors, managing editors, or photo editors. We focus on the de-

sign of front pages, where many of the above-named editorial techniques intersect to create

meaningful relationships between items on the page. This feature of multi-ethnic editorial

communication makes it untenable to extract and analyze isolated textual or visual items

from these newspapers.

Computational methods make it possible to analyze the visual patterns of multi-ethnic

newspapers at scale. While prior research has approached these questions through textual

analysis, a pivot to computational visual analysis compensates for the frequently noisy OCR

text produced from historically neglected multi-ethnic newspapers.

Our working method uses machine learning to map the layouts of hundreds of thousands

of newspaper pages, quantified by visual similarity, using the Newspaper Navigator dataset
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Figure 2.17: A visualization of the front page of the May 22, 1917, issue of La Prensa [272], annotated
with bounding boxes of visual content derived from the Newspaper Navigator dataset [202]. These
bounding boxes are predictions made by a machine learning model showing, in this case, the locations
of headlines, photographs, and maps (each bounding box includes the predicted class, as well as a
confidence score, in the top left corner). In this section, we utilize these bounding boxes to compare
newspaper titles according to visual similarity.
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(as pictured in Figure 2.17) [202]. Visualizing and comparing layouts at scale provides

a wayfinding function, helping to direct archival researchers to distinctive and meaningful

places in large collections of digitized newspapers and cultural heritage collections writ large.

In this section, we describe work in progress that brings machine learning, library science,

and literary studies into conversation. This work includes: (1) a dataset of visual features

from 16.3 million pages of historical newspapers; (2) remediation in 207 catalog records

for 309 ethnic editors; and (3) modes for reading the practical languages of editing in

specific historical contexts. Prior research e↵orts blend together in our exploratory machine

learning prototypes for quantitatively and qualitatively measuring the visual similarities of

the formats of a newspaper page. These visual similarities can help illuminate the ideas

and activism that flowed through the editorial craft and conduct of historical multi-ethnic

newspapers. Moreover, our work formulating a “similarity score” a�rms the promise of

multi-disciplinary collaborations for improving access and analysis of larger-scale digitized

newspaper collections.

2.4.2 Related Prior Work on Developing Computational Approaches to Multi-Ethnic Pe-

riodicals

Multiple fields are eager to explore the new possibilities for analyzing digitized collections

of historical newspapers. Complementary conversations in computational, archival, and

literary studies have begun to pursue those possibilities in rich but largely disparate ways.

Silos persist even as many scholars make parallel use of the Library of Congress’s Chronicling

America and other national newspaper digital initiatives [52, 81, 181, 207, 275, 280, 289,

297, 396].

This work builds on multi-ethnic press scholarship and archival research in Chronicling

America and other repositories. The prevailing view of political activism in historical multi-

ethnic newspapers has tended to focus on the textual and visual content that drove demands

for social justice [65, 244, 353, 397]. A complementary approach has focused on social

histories, tracing the networks of a paper’s contributors and readers [95, 109, 114, 319, 352].

What can be easy to miss, however, is that editors can use the format of a paper itself
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to voice critiques and protests. The formal nature of editors’ craft is di�cult to grasp in

the meticulous approaches to archival research on a case-by-case basis. Our work aims to

develop experimental machine learning applications to map the larger patterns of editorial

practices and editing conventions that span languages, communities, and eras.

Conversations in library and archival studies are exploring how best to account for

histories of race and ethnicity in metadata. Rather than being reduced to a theme or

topic within a collection, specialists have rethought how race and ethnicity might work as

organizing principles for collecting and describing historical materials. Race and ethnicity

as categories of identity are historically contingent and socially constructed. That fluidity

challenges the rigors of knowledge organization systems that impose stable categories and

schemas. For some archivists, however, categories of race and identity productively serve as a

form of provenance to guide collection development and access policies [32, 77, 406]. Many of

these changes at the collection level are being addressed in the metadata and, more recently,

through linked open data. Because the development of controlled vocabularies, such as the

Library of Congress Subject Headings, and Machine Readable Cataloging (MARC) largely

predate sensitivity to these histories in libraries and archives, metadata has become a vital

space for rediscovering the historical editors of multi-ethnic newspapers [382].

At the same time, an overabundance of work with more “computationally robust,” in-

stitutionally privileged white print collections has prompted preliminary conversations re-

garding the directions of computational humanities research. Indeed, from OCR engines

that do not support indigenous languages or di↵erent dialects, to entire subfields of natural

language processing and textual analysis that assume English as the default language of

study, algorithmically-mediated erasure continues to be uncovered and detailed by scholars

[5, 95, 128, 131, 161, 250, 324, 398, 407]. Many have advocated for the development of com-

putational approaches for those collections that remain marginal. This work concerns one

such corrective for digitized periodicals: utilizing machine learning to study visual content

and page layout rather than textual content, circumventing the use of OCR engines entirely.

Computational scholars have isolated visual content within periodicals in order to pro-

duce datasets of isolated content. Humanistic scholars have utilized these atomized items

for interpretation. We are instead interested in the visual layouts themselves and the rela-
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tions they imply on the page. By treating relations and patterns within layouts as forms of

interpretive content – reading them as a “visual grammar” of photographs, advertisements,

headlines, and beyond – we are in e↵ect exploring a publication’s creative history, local

contexts, and circulation networks.

2.4.3 Methods

Newspaper Navigator coincides with current trends in periodical studies. As Sean Latham

and Robert Scholes argue in an influential essay, “We have often been too quick to see

magazines [and other periodicals] as containers of discrete bits of information rather than

autonomous objects of study” [191]. In practice, this means that periodical scholars tend to

examine not only the individual pieces of content in a given publication, but also its overall

construction, taking into account such architectural elements as a publication’s formats,

columns, and visual layout. The typical methods to apply this approach require intensive

reading of individual newspaper pages. Researchers gradually develop an intuition about

the general style and flavor of a certain publication. A publication’s implicit patterns

can be relatively intangible because periodical formats are necessarily fixed—to preserve

continuity—and flexible—to accommodate new and changing scenarios. A paper looks like

itself almost always, but not always. Even beyond academic inquiry, dedicated readers of

any periodical often develop this kind of intuitive mental map of a publication’s page designs

and formats.

We saw the possibility of combining these two types of reading. On one hand, Newspa-

per Navigator makes it possible to chart visual features across the entirety of Chronicling

America. On the other hand, the methods in periodical studies encourage attention to the

juxtaposition of visual features on a page. Starting with these two methods, we developed a

set of preliminary working questions. How do the visual features on the page of a newspaper

interlock and mutually inform each other? If we look at all of those features holistically,

what kinds of styles and ideas can we detect over the lifespan of a single newspaper? More

broadly, what added perspective can we gain by using the Newspaper Navigator to trace

the sum of newspaper layouts over hundreds of publications? Finally, can we establish a
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“baseline” for newspaper production in the later 19th and early 20th century United States

that would allow us to see the critical departures made by multi-ethnic newspapers in the

service of social justice during moments of elevated racism or xenophobia?

Methods I: Adapting MARC 21 Metadata for Research

Adapting the Newspaper Navigator dataset to answer these questions required us to collect

additional data about the subsets of multi-ethnic newspapers within Chronicling America.

This information was partially extracted from the bibliographic data of newspaper titles in

the machine-readable cataloging (MARC) format. All records for newspapers in Chroni-

cling America follow the cataloging standards of the Cooperative ONline SERials Program

(CONSER) [273], providing a somewhat normalized set of features for sorting newspapers.

Additionally, Chronicling America’s partnering institutions provide a “title essay” that de-

scribes and contextualizes each newspaper. These unstructured data has recently been the

focus of e↵orts for metadata enhancement in remediation projects geared to identifying

ethnic editors [279].

The last step in collecting and organizing our data was combining MARC fields and

structured data generated from the text of title essays to find relevant publications. Meta-

data from the title essays allowed us to select only ethnic newspapers with identifiable

editors. From this subset, we selected MARC fields used by cataloguers to record title

changes, race, ethnicity, and languages associated with each publication. We initially hoped

to find an indicator of visual change within the metadata for newspapers. We considered

that serials with more than one language edition, language notes, or di↵erent titles over

their publication runs would feature changes to visual and layout elements of newspapers to

mark these relationships or changes.27 Title changes, for example, are a cataloguing prac-

tice for linking preceding and succeeding titles of a publication that has had a substantial

name change, which we assumed would also produce modifications to the graphic elements

on the page. We were able to parse these metadata fields where the change inherent in

27The 780 and 785 fields indicate all preceding and succeeding titles for a publication, respectively. The
546 field describes the language of a resource while the 765 indicates the original language of a translated
publication and the 775 captures other language editions of a publication.
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Figure 2.18: A heatmap of advertisements appearing on the front page of the Opelousas Courier,
1870-1909. Darker regions on the heatmaps correspond to a higher concentration of advertisement
pages appearing in that region in aggregate over a given year.

the seriality of newspapers is recorded, which in turn provided parameters for capturing

di↵erence, similarity, and linking in an otherwise static knowledge organization system.

Methods 2: Quantifying and Visualizing the Mise-en-Page

The first visual output we experimented with were heat maps, created with Newspaper

Navigator data that encodes the positions of visual features on a newspaper page. Inspired

by PageOneX [73], these heat maps concisely summarize visual content patterns in an

interpretable fashion. Figure 2.18 shows the locations and relationships of advertisements

across four decades of The Opelousas Courier.28 As an initial experiment in visual layout

representation, the heat maps enabled us to trace the development of discrete visual features,

28
The Opelousas Courier is described in Chronicling America as a Louisiana multilingual newspaper, with

content in French and English. https://chroniclingamerica.loc.gov/lccn/sn83026389/marc/.

https://chroniclingamerica.loc.gov/lccn/sn83026389/marc/
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otherwise impossible to quantify by examining front pages by eye.

This approach facilitates several comparative opportunities. We rendered multiple visual

categories into heat maps to understand the interplay between visual components in a single

publication. We also utilized the heat map graphics to compare di↵erent newspapers using

the same visual categories. The heat maps o↵ered a useful preliminary system for studying

newspaper layout as historical information.

Heat maps added greater nuance to our historical questions about newspaper layout. For

example, what are the relationships between visual content, editorial practices, and print

technology? What are the roles of regional and local context in predicting layout? How

do we account for journalistic trends, such as the rise of syndicated content or nationally-

circulating advertisements?

The heat maps showed the need for further exploration. In analyzing one publication at

a time, the heat maps reproduced the methods of archival periodical studies, even in visually

abstracted ways. While the MARC records helped us to identify the titles we were most

interested in rendering into heat maps, this piecemeal approach to newspaper metadata and

layouts proved only a first step.

Methods 3: Toward a Visual Constellation of Multi-Ethnic Newspapers

Our next experiment attempted to scale up possible representations to refocus on illustrating

change and similarity across tens, hundreds, and even thousands of publications. Our

resulting exploratory model utilized the quantified heat maps to define a metric over visual

similarity. In particular, the distance between two newspaper titles can be captured by

the residuals from subtracting two heatmaps from one another. As an initial approach,

we segmented each newspaper title’s run into individual years. For each title and year, we

then treated the seven resulting heat maps (one for advertisements, one for headlines, etc.)

collectively as a single, high-dimensional vector. In order to interpret the clusters in this

high-dimensional space, we utilized T-SNE for dimensionality reduction [376].

This process resulted in exploratory constellations of newspaper titles, as shown in Figure

2.19. In this figure, we also show a close-up of one such “similarity cluster,” revealing that
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Figure 2.19: A 2-dimensional map of visual similarity across all ethnic titles in Chronicling America,
filtered using [279]. Each point on the similarity map represents the composite front page of a given
newspaper title for a given year, from 1890 to 1909 (individual years are labeled on the visualization).
The magnified cluster reveals that The Washington Bee, The Appeal, and The Colored American
are largely grouped together across years (individual front pages from each title are shown in Figure
2.20). Notably, all three titles are from the Black press.
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Figure 2.20: Sample front pages from The Appeal, The Washington Bee, and The Colored American
from 1891, 1896, and 1900, respectively – all of which are title-year pairs appearing in the same
cluster in Figure 2.19 [254, 255, 256, 257, 258, 259]. All six front pages feature visual content –
namely, illustrations and photographs of individuals – prominently in the center of the page.
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three Black newspapers (The Washington Bee, The Appeal, and The Colored American) are

largely grouped together across years. In Figure 2.20, we show example front pages for these

three titles from years included within the cluster. All six pictured front pages feature visual

content on the center of the page. Notably, all six feature photographs and illustrations

of individuals, a trend that is even more apparent when browsing these front pages across

di↵erent issues. These images demonstrate that the similarity clusters, generated using

Newspaper Navigator’s rubric of seven content classes, accurately reflect common visual

patterns of layout in distinct newspapers across the Black newspapers held in Chronicling

America. The shared qualities across each of the three newspapers pictured in Figure

2.20 are suggestive. They are roughly contemporaneous African American newspapers that

locate specific types of images near the center of the front page. These results indicate the

capacity of the method to produce a multifaceted research question: what can we learn from

the use of visual culture and portraiture in the material pages of late nineteenth-century

African American newspapers?

These constellations of similarity provide a means to uncover small networks to focus on

and interpret at a much more granular level. This is not a fully quantitative representation,

but rather an exploratory framework for identifying and interpreting networks of related

publications and the editorial practices that shape them. Given our overarching interest

in the historical trajectories and meanings of newspaper formats, these visualizations show

great promise. The constellation map is a model for how to convert raw bounding box

information into interpretable provocations about historical similarity. Similarity clusters

introduce visual layouts as clues to a shared context, inviting new research into the di↵erent

historical traditions, technological moments, or political causes that comprise the histories

of editorship.

2.4.4 Findings & Future Work

Our ongoing collaboration o↵ers three central findings to date. First, this work finds that

full level CONSER MARC records provide useful faceted metadata for accurately select-

ing multi-ethnic newspapers in machine-learning applications. Specifically, the most value
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comes from fields that register change over time, such as preceding and succeeding ti-

tles, and describe relationships between di↵erent editions of the same publication. Further

metadata enhancement focused on identifying ethnic editors will significantly improve the

interpretative value of visualizations and pattern recognition from large-scale collections like

Chronicling America.

Second, this collaboration reveals how computational notions of layout similarity can

be leveraged for humanistic inquiry. Using the machine learning-constructed Newspaper

Navigator dataset of visual content, we have generated heat maps and constellation maps

for exploring trends of visual layout within and across newspaper titles, respectively. These

visualizations provide us with new visual grammars and a↵ordances for excavating editorial

practices.

Third, this work required us to find a collaborative working process for creating mul-

tidisciplinary methods of analysis that engage with machine learning, library science, and

the humanities. Rather than trying to blend or transplant our respective research methods,

we focused on creating a shared vocabulary that could speak to current research agendas in

each of the relevant fields. This set of theoretical exchanges required iterative conversations,

frequently pedagogical in nature, to find a method that is not merely extractive and static

but generative and dynamic. This process will help guide the future growth of conversations

in computational periodicals research.

Our roadmap for future work is guided by the provocations o↵ered throughout this sec-

tion. First, we plan to further utilize MARC data and the constellation maps in concert

with one another in order to inform our understanding of both. The MARC data has the

capacity to guide our navigation and understanding of the constellation maps; conversely,

the constellation maps provide mechanisms for record enhancement by allowing scholars,

catalogers, and librarians alike to sift through incomplete legacy records of ethnic publica-

tions. We o↵er this direction of future work in pursuit of uncovering editorship in ethnic

presses. We plan to refine our similarity metrics and visualizations from a computational

perspective in pursuit of this goal as well. The results of this research will drive new inquiry

into the longer and varied histories of radical dissent and veiled protest in the multi-ethnic

press.
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Lastly, we note that a continuation of this collaboration is forthcoming in Critism: A

Quarterly for Literature and the Arts [25].



84

2.5 The Digital Humanities and the Ladino Press: Using Machine Learning to
Extract and Analyze Visual Content in Historic Ladino Newspapers

La Vara, El Tiempo, and La Boz De Oriente represent three of the major historic Ladino

newspapers published across the diasporic Sephardic Jewish world in the 20th century – from

New York to Constantinople to Istanbul. While Sephardic Jewish history and culture have

received increasing scholarly attention in recent years, the vast corpus of Ladino newspapers

largely remains unmined, and the field remains marginal from the perspective of Jewish

Studies. A new collaboration between the Stroum Center for Jewish Studies’ Sephardic

Studies Program and the Paul G. Allen School for Computer Science & Engineering at the

University of Washington seeks to draw on innovative machine learning techniques to render

the visual content of Ladino newspapers more accessible to scholars and students alike and,

in so doing, change the trajectory of Sephardic Studies writ large. This chapter reports the

findings of this research.

Many Ladino titles have been digitized by the Sephardic Studies Program at the Univer-

sity of Washington. These Ladino newspapers contain not just articles and editorials but

also an abundance of rich visual content that sheds light on Sephardic Jewish experiences in

modernity. The advertisements appearing within Ladino newspapers have received atten-

tion from scholars within Sephardic Studies, and analysis thereof has revealed connections

between the American Ashkenazic and Sephardic communities [238], as well as the ways

in which advertisers’ attempts to provide remedies speak to “readers’ anxiety about the

fragility of life under Ottoman rule” [353]. Indeed, the visual content within newspapers

has proven to be a capacious source for humanists. Within periodicals studies, scholars

have utilized the visual content in newspapers to investigate topics as far ranging as the

evolution of comedic sensibilities within comic strips to hidden editorial practices embedded

within newspaper layout [30, 65]. This collective body of work is bolstered by new method-

ologies being employed within the digital humanities to extract and analyze visual content

in historic newspapers [112, 293, 394].

In this chapter, I scale up this analysis of visual content to explore the Ladino press at a

macroscopic level. Using a machine learning model that I developed as part of my project,



85

Newspaper Navigator, I have constructed a dataset of extracted photographs, illustrations,

maps, comics, editorial cartoons, and advertisements from over 15,000 digitized pages of

these Ladino newspapers [194, 194]. This approach of utilizing a machine learning model to

extract visual content represents an emerging methodology for digital humanities research

with periodicals and presents opportunities to facilitate access and research within Jewish

Studies.

With the extracted visual content from the Ladino newspapers, it is possible to study the

transnational dynamics shaping Sephardic print culture and the broader Sephardic experi-

ence at an unprecedented scale. Accordingly, I describe my results related to analyzing this

visual content using emerging visualization techniques in order to provide insights related

to recurring motifs and temporal trends. I o↵er this work as a case study in interdisci-

plinary research in the digital humanities and Jewish Studies. Throughout the chapter, I

o↵er methodological reflections related to applying emerging computational techniques to

Jewish Studies. I conclude the chapter with a reflection on the ethical considerations of ap-

plying machine learning and computer vision techniques to these Ladino newspapers and,

more generally, to Jewish cultural heritage.

This work is based upon a single-author chapter that appeared in the book Jewish

Studies in the Digital Age, published by De Gruyter Press [197].



86

2.5.1 The Digital Humanities and Visual Analysis of Newspapers

The visual culture preserved within historic newspapers has proven to be a fruitful and

capacious source among scholars across diverse research areas. For example, scholars have

studied the embedded editorial cartoons to understand the invocation of historical analogies

[400]; comic strips to understand the evolution of humor about ethnicity [65]; illustrations

to study the portrayal of identity [397]; maps to assess cartographic practices as well as the

spatial thinking abilities of readers [251, 329]; and photographs to study the history of pho-

tojournalism [123]. Within Jewish Studies, Sarah Stein’s book Making Jews Modern: The

Yiddish and Ladino Press in the Russian and Ottoman Empires makes a compelling case

for the significance of visual culture within Ladino and Yiddish newspapers [353]. Stein’s

detailed analysis of the advertisements within the Constantinople-based Ladino newspaper

El Tiempo traces recurring motifs in order to argue how readers sought remedies to the anx-

ieties of modernity under Ottoman rule: advertisements for medicines, insurance, clothes,

travel, and lotteries all targeted readers concerned about stability and class. This chapter

builds on this already significant body of work in order to consider advertisements and other

visual content in the Ladino press at the macroscopic scale.

Scholarship making use of visual culture in historic newspapers has been redoubled

by the growing interest in visual analysis within the digital humanities. Though research

in the digital humanities has historically centered around text as the primary medium of

interest, the field’s “visual digital turn” over the past decade has begun foregrounding the

analysis of visual media, including images and video [231, 232, 394]. This visual digital

turn has coincided with methodological advances in machine learning approaches to image

analysis due to deep learning. With the democratization of deep learning approaches to

image recognition over the past few years via open source libraries and pre-trained models,

digital humanities practitioners have begun utilizing these approaches for a wide range

of research goals, from enriching the metadata of digitized collections to analyzing sitcoms

[21, 120, 212, 223]. As these approaches continue to improve, it is clear that machine learning

will occupy an increasingly important role within the digital humanities and the humanities

writ large, as well as within the cultural heritage sector, including libraries and archives.
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Within periodicals studies, researchers have begun utilizing machine learning approaches to

study the visual components of newspaper pages, from analyzing visual layouts to classifying

and searching the visual content embedded within the pages [112, 202, 293, 394]. Indeed,

as a mode of humanistic inquiry, the application of machine learning to the visual analysis

of newspapers has much to o↵er to both Jewish Studies and the digital humanities.

In the case of the Ladino press, the utilization of machine learning methodologies to

study the visual content embedded within the newspaper pages is even more urgent due to

the extant challenges surrounding the application of optical character recognition (OCR)

algorithms to transcribing Ladino texts. O↵-the-shelf OCR algorithms have yielded poor

performance to date because these algorithms interpret Ladino texts printed in Rashi script

as Hebrew; the poor OCR quality in turn restricts the ability of scholars to perform reliable

keyword searches or apply digital humanities methodologies for textual analysis. Though

new OCR engines are being developed specifically for Ladino texts, a fundamental challenge

remains at this time: how do we study the Ladino press at a macroscopic scale beyond close

reading [366]? Applying machine learning to study the visual content in these pages a↵ords

us a path forward.

The next subsections of this chapter concern the methodology employed to extract and

analyze this visual content within 15,820 Ladino newspaper pages using machine learning.

The chapter then turns to analyzing the extracted visual content.

2.5.2 Constructing the Dataset of Excavated Visual Content

In this subsection, I describe the process of utilizing this visual content recognition to extract

visual content from Ladino newspapers in more detail. The corpus of Ladino newspapers

consists of 15,820 Ladino newspaper pages from eight titles published between 1890 and

1948, amounting to 63.3 gigabytes (GB) of image data [194]. Table 2.8 presents a break-

down of the Ladino corpus included in this analysis according to title and date of publication.

Manually assembling a dataset of extracted visual content across this full corpus would re-

quire hundreds of human annotation hours. However, the automated Newspaper Navigator

visual content recognition model can process multiple pages per second on a single graphics
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Table 2.8: Ladino newspaper titles with corresponding number of images and digitized
pages processed using Newspaper Navigator. In the case of La Vara, each image contains
two newspaper pages. In bold are the statistics for all digitized pages for a given title..

Newspaper Title # of Digitized Images # of Pages
El Instruktor revista siyentifika i literaria 331 331

El jugeton, Jurnal umoristiko 4 4
El Kirbatch Americano (1915–1917) 206 206

El Luzero Sefaradi (October 1926) 28 28
El Luzero Sefaradi (May 1927) 28 28
El Luzero Sefaradi (Total) 56 56
El Progresso / Yosef Daat 332 332

El Tiempo (1890–1891) 926 926
El Tiempo (1896–1897) 1,138 1,138

El Tiempo (1900) 584 584
El Tiempo (1900–1901) 981 981
El Tiempo (Total) 3,629 3,629

La Boz de Oriente (April, 1931–April, 1932) 860 860
La Vara (January 9, 1922 – June 4, 1923) 141 282

La Vara (May 1, 1927 – December 17, 1929) 675 1,350
La Vara (January 3, 1930 – December 20, 1932) 701 1,402
La Vara (December 7, 1932 – April 25, 1941) 667 1,334

La Vara (January 6, 1933 – December 27, 1935) 636 1,272
La Vara (January 3, 1936 – August 26, 1938) 704 1,408
La Vara (September 2, 1938 – April 25, 1941) 681 1,362
La Vara (May 2, 1941 – December 29, 1944) 648 1,296

La Vara (January 5, 1945 – February 13, 1948) 348 696
La Vara (Total) 5,201 10,402

Total 10,619 15,820

processing unit (GPU), making it possible to process the full Ladino corpus in just a few

hours.

To begin the processing of these pages, I first moved the high-resolution images of

digitized Ladino newspaper pages to a private Amazon AWS S3 bucket, a form of cloud

storage that facilitates fast computing against the corpus. I then wrote code to process

these pages using the existing Newspaper Navigator visual content recognition model that

had been trained on the Beyond Words annotations. Because machine learning models can

be stored as single files known as “weights files,” which can be loaded onto a computer

and utilized for processing data with just a few lines of code, the majority of this code was

devoted to handling the downloading of images from the cloud and processing the images

in parallel. To deploy this code, I ran the processing pipeline on a rented Amazon AWS
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g4dn.12xlarge EC2 instance consisting of 48 CPUs and four NVIDIA T4 GPUs. In total,

the pipeline extracted six classes of visual content across the corpus of Ladino newspapers:

photographs, illustrations, maps, comics, editorial cartoons, and advertisements. I then

saved the resulting extracted images, as well as metadata from the machine learning model,

to the AWS S3 bucket, making it straightforward for us to download the full dataset and

relevant subsets as necessary. I am currently in the process of investigating options for

making this dataset of extracted visual content available to researchers and the public alike.

A breakdown of identified visual content is presented in Table 2.9. Because the machine

learning model returns a confidence score with each predicted bounding box, and because

one’s choice of threshold cut on confidence score a↵ects one’s tradeo↵ between false positives

and false negatives and thus changes the size of the resulting dataset, I include three cuts

on confidence score in the table: 90%, 70%, and 50%.

Notably, this visual content recognition model was trained on annotated World War

I-era newspaper pages in Chronicling America, rather than annotated Ladino pages. Con-

sequently, the resulting dataset contains a nontrivial number of false positives and false

negatives, as evidenced by the map class, which largely consists of false positives. It should

be noted that the performance of the visual content recognition model is dependent on a

confluence of factors, ranging from page layout to time period, typeface, language, and even

subtleties of the digitization pipeline, such as the scanner used to image the pages. For an

analysis of the e↵ects of time period on the generalization performance of the visual content

recognition model, I refer the reader to the Newspaper Navigator dataset paper [194]. It is

undoubtedly the case that the utilization of a model trained on annotations for Chronicling

America pages, rather than Ladino pages, impacts the resulting dataset. This e↵ect can

be quantified by evaluating the performance of the visual content recognition model on a

hand-labeled test sample of Ladino pages (an evaluation left for future work). However, as

evidenced by the analysis of the dataset presented in the next subsection, it is clear that the

resulting dataset is of more than su�cient quality for supporting downstream exploration

and research pertaining to questions of humanistic inquiry.
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Table 2.9: A breakdown of extracted visual content in the Ladino newspaper titles processed.
Three di↵erent cuts on the visual content recognition model’s confidence score (90%, 70%,
and 50%) are presented to show the e↵ect of the cut choice when favoring false positives or
false negatives.

Visual Content Type � 90% � 70% � 50%
Photographs 348 770 1,060
Illustrations 52 378 960

Maps 27 182 300
Comics 10 39 184

Editorial Cartoons 8 31 111
Advertisements 18,381 31,523 42,505

Total 18,826 32,923 45,120

2.5.3 Analyzing the Excavated Visual Content

To begin the macroscopic analysis of the excavated visual content, I created cluster-based

visualizations of advertisements and photographs, grouped according to their semantic con-

tent. In this step, I generated image embeddings for all of the extracted visual content; to

accomplish this, I modified the Newspaper Navigator pipeline code, available in the Library

of Congress GitHub repository for Newspaper Navigator, and utilized img2vec, a library

for the streamlined generation of image embeddings from image files [195, 328]. The image

embeddings utilized in this analysis are lower-dimensional representations of the images ex-

tracted from the hidden layers of ResNet-18 and ResNet-50, two neural image classification

models [134]. Originally trained on ImageNet, these models can classify images according

to their content (e.g., “dog” or “cat”) [82]. Because these models capture the semantics of

images, image embeddings generated by feeding images into these models capture semantic

similarity: if the distance between two image embeddings (vectors that are each hundreds

or thousands of dimensions in length) is small, the corresponding images likely have similar

semantics. Thus, generating visualizations of photos and advertisements clustered based

on the image embeddings can provide an informative summary of the landscape of visual

content. To make the high-dimensional clustering visible in two-dimensional visualizations,

I have utilized T-SNE, a dimensionality reduction algorithm that preserves close clusters

of points, meaning that clustered points in the visualization are also clustered in the high-
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dimensional embedding space. It should be noted that long distances are not preserved in

T-SNE, so the relative positions of clusters should not be taken into consideration [376, 390].

To start, I generated visualizations of the 348 photographs identified by the Newspaper

Navigator visual content recognition model with confidence scores greater than 90%. Fig-

ure 2.21 presents the cluster visualization of these 348 photographs. In this visualization,

I present a summary view that would have ordinarily required manually inspecting and

analyzing 15,820 pages. Examining the visualization, it is immediately apparent that many

photographs depict people. Portrait shots, such as the ones clustered together and depicted

in Figure 2.22, are one of the most common types of image. Other notable clusters include

wartime photographs (shown in Figure 2.23) and crowds and groups of people (shown in

Figure 2.24).

As shown in Table 2.9, the critical mass of identified visual content consists of adver-

tisements. The advertisements embedded within the Ladino press attest to daily life within

Sephardic culture from Constantinople to New York. By studying these extracted advertise-

ments at a macroscopic scale, it is possible to augment the extant historiography, including

Sarah Stein’s detailed analysis of advertisements in the Ladino and Yiddish Press [353].

Given the number of advertisements identified, I chose to generate cluster visualizations

of advertisements for La Vara for di↵erent temporal regions. Figure 2.25 shows a clus-

ter visualization of 2,812 advertisements extracted from La Vara issues published between

January 3, 1936, and August 26, 1938. The visualization reveals numerous distinct clus-

ters of the same advertisements reproduced multiple times throughout multiple issues of

La Vara within the given temporal range. Many of these clusters contain dozens of the

same advertisement, reflecting businesses that chose to advertise consistently within the

pages of La Vara. Figure 2.26 shows six of these clusters, along with magnified versions of

the reproduced advertisements. Examples of advertisers with reproduced advertisements in

the dataset include Brockman Monument Works, Meyer London’s Matzos, Standard Truss

Co., Golden Wine & Liquor Co., Paradise Interior Decorators, Aristocratic Imported Vir-

gin Olive Oil, Harem Oriental Pastry, Constantinople Oriental Pastry Shop, Macedonia

Importing Co., Royal Hall, Mid-Bronx Used Car Exchange, the Luxor Food Market, the

Luxor Restaurant, the Sephardic Jewish Center, Inc., Joseph Levy (furniture, radios, and
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Figure 2.21: A cluster visualization of the 348 photographs identified by the visual content recogni-
tion model with confidence scores greater than 90%. I constructed this visualization using ResNet-50
embeddings and T-SNE for dimensionality reduction.

oilcloths), Louis J. Opal (counselor at law), Simon S. Nessim (counselor at law), Dr. J.

Feitelson (dental surgeon), Irving Matalon, P. Vlade↵, and Madame Gilda Malky. The

overwhelming majority of these advertisements are for local New York City businesses and

also feature prominent English text, both of which reflect La Vara’s role as an American

Sephardic press within New York City.

Analysis of the surfaced advertisements that have been reproduced many times over

reveals similar advertising patterns to those uncovered within El Tiempo by Sarah Stein: a

preponderance of advertisements of sartorial nature, as well as for doctors, dentists, medi-

cal treatments for ailments, and legal counsel [353]. In the case of Constantinople-based El
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Figure 2.22: A magnified cluster within Figure 2a consisting of portrait shots of people.

Tiempo, Stein argues that these advertisements speak to readers’ anxieties under the precar-

ity of Ottoman rule, including class and economic anxieties and aspirations. The apparent

resonances between the advertisements in El Tiempo and those in the New York-based La

Vara suggest an even broader pattern of Sephardic Jewish experiences in response to social

and economic uncertainty and change during the late 19th and early 20th centuries, whether

in the United States or the Ottoman Empire.

Of particular interest are the recovered advertisements for Meyer London’s Matzos (en-

try b in Figure 2.26), which appeared concurrently in American Yiddish newspapers. As

described by Makena Mezistrano, “Matsa advertisements in the American Yiddish and

Ladino presses o↵er a rare opportunity to place these two communities in dialogue with

one another, instead of only positioning them as separate or in bitter conflict – two com-
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Figure 2.23: A magnified cluster within Figure 2a consisting of wartime photographs.

mon assumptions about intra-Jewish relationships in twentieth century New York” [238].

Thus, the advertisements uncovered through this cluster-based analysis speak to not only

individual Sephardic communities but also relationships between and across communities,

as embedded within cultural practices.

However, not all clusters correspond to advertisements. In Figure 2.27, magnified clus-

ters of extracted photographs and full newspaper pages from La Vara are shown. These

clusters are false positives, reflecting the imperfect performance of the visual content recog-

nition model utilized for visual content extraction. These clusters are an important reminder

that algorithmic approaches to extracting visual content are inevitably imperfect. However,

using clustering and other machine learning techniques, it is possible to remove many of

these false positives quickly.

2.5.4 Future Work

Ongoing work consists of continuing to explore the extracted visual content via both macro-

scopic analysis and close analysis within the page-level context. In terms of macroscopic



95

Figure 2.24: A magnified cluster within Figure 2a consisting of photographs of crowds and groups
of people.

analysis, I plan to expand the study of the reprinting patterns of advertisements in order

to examine the network of advertisers that funded the Ladino press. By building on the

provocations o↵ered in this chapter, one can ask questions such as: did advertisers purchase

advertising space in di↵erent titles? And what does this tell us about the interconnectedness

of the Ladino press? Moreover, I plan to expand this analysis to di↵erent temporal slices

of La Vara along with quantitative assessments of di↵erent photograph types in order to

understand the evolution of the visual content. I will also expand this analysis to include

a greater exploration of the other Ladino titles present in the dataset (as enumerated in

Table 2.9). With this future analysis, I can begin to ask questions surrounding the intended

audiences of the advertisements and how they changed over time as well as by title, building
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Figure 2.25: A cluster visualization of 2,812 advertisements identified by the visual content recog-
nition model with confidence scores greater than 90% within issues of La Vara published between
January 3, 1936, and August 26, 1938. I constructed this visualization using ResNet-50 embeddings
and T-SNE for dimensionality reduction.

on Sarah Stein’s analysis of the advertisements in El Tiempo [353]. Because the analysis

of the visual content in this chapter has focused on the extracted dataset, future work also

entails understanding the visual content by recontextualizing it at the page level within

the broader mise en page. What types of articles accompany visually similar photographs?

What advertisements appear next to one another? What do the captions reveal about the

visual content?

From a computational perspective, future work with the dataset of extracted visual

content entails evaluating the generalization of the visual content recognition model on the

Ladino newspaper pages. This evaluation will require manually annotating enough pages
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Figure 2.26: Six di↵erent magnified clusters within Figure 2.25 showing advertisements reprinted
throughout di↵erent issues of La Vara (top), along with magnified versions of the reproduced adver-
tisements (bottom). The advertisements are for Brockman Monument Works (a), Meyer London’s
Matzos (b), Standard Truss Co. (c), and Aristocratic Imported Virgin Olive Oil (d, e, f).

across di↵erent titles and temporal slices in order to derive reliable statistics. With this

in-depth evaluation across many di↵erent newspapers at varying time periods, it is possible

to better understand the bias of the visual content recognition model, which will, in turn,

inform the results of this macroscopic analysis even further. Lastly, given that so many

of the advertisements had captions written in English, future work entails running English
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Figure 2.27: Magnified clusters of photographs and full pages, showing false positives among the
identified advertisements from La Vara.

OCR engines on the advertisements utilizing the results for textual analysis of the captions.

Other potential work includes cross-matching the visual content in the Ladino press with

the extracted visual content from other newspaper corpora, such as the visual content from

16 million pages in Chronicling America contained within the Newspaper Navigator dataset.

Identifying reproduction patterns among the visual content within these di↵erent presses

could indeed speak to the proximity or marginal position of the Ladino press in relation

to broader American newspaper syndicates. Moreover, Makena Mezistrano’s discovery of

Meyer London’s Matzos advertisements in both the American Sephardic press and American

Ashkenazic press suggests that this future direction of cross-matching visual content across

di↵erent presses has the capacity to enrich our understanding of how cultural practices

change across di↵erent communities.

Lastly, in regard to the dataset of extracted visual content from Ladino titles, I have

two primary goals for future work. First, as articulated earlier in this chapter, I plan to

make this dataset of extracted visual content publicly available to encourage re-use among

scholars and the public. Second, I hope to expand the Ladino titles that have been processed

in order to further excavate the visual content across the Ladino press.
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2.5.5 Ethical Considerations

Given the profound implications of machine learning perpetuating marginalization and era-

sure through algorithmic bias and other mechanisms, any application of machine learning to

cultural heritage collections would be remiss without a discussion of the ethical considera-

tions surrounding doing so. Within the library, archive, and museum (“LAM”) community,

there has been a growing e↵ort to consider a critical, sociotechnical lens surrounding machine

learning, data science, and cultural heritage. This e↵ort has culminated in the development

of responsible operations and best practices, as well as surveys of projects in this liminal

space [70, 156, 283]. In the case of di�cult and understudied histories, extra precaution

must be taken, and a rich discourse in the scholarly community has explored the ethics

of datafication and the application of machine learning methodologies within this context

[194, 295]. In this subsection, I draw from these emerging bodies of work and explicitly

build on the Newspaper Navigator data archaeology, which I wrote in order to detail the

implications of machine learning for search and discovery from a sociotechnical perspective.

Though often overlooked, the marginal position of Sephardic Studies within Jewish

Studies has been amplified by machine learning, having altered the discoverability of the

Sephardic historical record via digitization. As detailed earlier in this chapter, o↵-the-shelf

OCR algorithms consistently fail to transcribe Ladino texts with a high enough degree of

fidelity to facilitate reliable keyword search and textual analysis. This e↵ective erasure of

Ladino texts from search and discovery platforms is the result of a confluence of factors,

from the availability of training data to the monetary value of preferentially selecting widely

studied languages for inclusion in proprietary OCR engines. Significantly, this linguistic

erasure is not limited to Ladino: a similar systemic problem has been documented for

Yiddish and indigenous languages, which speaks to a specific form of algorithmic bias, in

which human decisions surrounding which languages should be prioritized when training

OCR algorithms have a profound impact on resulting scholarship [5, 54].

In this chapter, I seek not only to foreground the algorithmic marginalization of Sephardic

history but also to o↵er an alternative approach to recover the voices that have been lost

through digitization. Certainly, the utilization of machine learning to excavate visual con-
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tent in Ladino newspapers is not without its own challenges. The Newspaper Navigator

visual content recognition model performs better on pages that more closely resemble the

training data, and the extracted dataset presented in this chapter su↵ers from a nontrivial

number of false positives and false negatives as a result [194]. These false positives and

false negatives motivate methodological improvements, such as training a visual content

recognition model specifically for the Sephardic press in order to better capture the nuances

of Sephardic visual culture. Moreover, image recognition algorithms used to evaluate image

similarity have been shown to perpetuate their own forms of bias and marginalization [196].

Because these algorithms have been trained by machine learning practitioners with spe-

cific objectives and categories in mind, a fundamental question is raised as to whether the

groupings identified by the algorithms capture the relationships most valuable to scholars.

While these methods have the capacity to expose new groupings, they inevitably distort the

viewer’s perceptions of what constitutes similarity. I therefore o↵er these methodological

approaches with such considerations in mind, a reminder of the importance of canonical

historiographic approaches that can be used in concert with machine learning. And yet,

this chapter has provided the first macroscopic view of the Ladino press via the excavated

visual content and thus serves as a corrective to the algorithmic marginalization of Sephardic

Studies.
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2.6 The “Collections as ML Data” Checklist for Machine Learning and Cul-
tural Heritage

Within cultural heritage, there has been a growing and concerted e↵ort to consider a crit-

ical sociotechnical lens when applying machine learning techniques to digital collections.

Though the cultural heritage community has collectively developed an emerging body of

work detailing responsible operations for machine learning in galleries, museums, archives,

and libraries at the organizational level, there remains a paucity of guidelines created for

researchers embarking on machine learning projects with digital collections. The manifold

stakes and sensitivities involved in applying machine learning to cultural heritage under-

score the importance of developing such guidelines. This section contributes to this need by

formulating a detailed checklist with guiding questions and practices that can be employed

while developing a machine learning project that utilizes cultural heritage data. I call the

resulting checklist the “Collections as ML Data” checklist, which, when completed, can be

published with the deliverables of the project. By surveying existing projects, including my

own project, Newspaper Navigator, I justify the “Collections as ML Data” checklist and

demonstrate how the formulated guiding questions can be employed by researchers.

This work is based upon a single-author publication that is forthcoming in the Journal

of the Association for Information Science and Technology (JASIST) Special Issue: “Con-

ceptual Models of the Sociotechnical” [193].
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2.6.1 Introduction

Over the past few years, the field of machine learning has seen a growing movement to

develop algorithmic impact assessments, checklists, and best practices that machine learn-

ing researchers and practitioners (those who utilize machine learning in research, experi-

ments, and operational contexts) can consult while creating datasets, training models, and

operationalizing these systems [37, 240]. These e↵orts show great promise, having seen

widespread adoption across the field – from conference submission requirements [67, 292] to

researchers’ own utilization of these resources to guide their work and communicate their

decisions throughout a project’s development.

Concurrently, the cultural heritage sector is critically investigating the sociotechnical

implications of applying machine learning to digital collections. Indeed, machine learning

has a long history among the gallery, library, archive, and museum (GLAM) communities,

as well as the digital humanities [378]: for example, optical character recognition (OCR)

algorithms have been used in digitization pipelines for decades [70]. Informed by critical

cataloging [1, 45, 111, 175, 278], critical data studies [75], science & technology studies

[250], the “Collections as Data” movement [245, 283, 304], digital strategies among GLAMs

[192], computational archival science [64, 142, 155, 325], and decades of scholarship, this

e↵ort has produced “state of the field” reports and best practices for cultural heritage. For

example, reports such as Thomas Padilla’s “Responsible Operations: Data Science, Machine

Learning, and AI in Libraries” and Ryan Cordell’s “ML + Libraries: A Report on the State

of the Field” have been foundational in articulating principles and provocations to guide the

operationalization of machine learning at GLAMs [70, 283]. Yet, such e↵orts have largely

focused their attention on guidance at the organizational level, rather than for individual

researchers and scholars, who face additional challenges.

There is much to be gained by developing a checklist for researchers carrying out ma-

chine learning projects in the context of treating cultural heritage collections as data. Even

with good intentions, such projects risk kitschifying or exploiting those represented in the

digitized collections in question; glossing over digitization subtleties that impact the per-

formance and output of machine learning models; utilizing machine learning when it is not
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necessary due to organizational agendas surrounding emerging technologies; beginning ma-

chine learning projects with no plans for sustainability; or violating the privacy of end-users

of systems that are built. Proper usage of a checklist facilitates thoughtful engagement

with such challenges and therefore has the potential for profound impacts for researchers

studying digital cultural heritage collections.

This section draws from these emerging movements in the machine learning and cultural

heritage communities in order to produce the “Collections as ML Data” checklist that re-

searchers can utilize when embarking on projects in machine learning and cultural heritage.

The completed checklist can be published with a project’s deliverables in order to provide

the audience with a structured description of the project’s considerations and limitations.

To justify each component of the checklist and demonstrate how it can be applied, this

work examines a series of case studies. Though the “Collections as ML Data” checklist

has been designed for researchers applying machine learning to cultural heritage collections,

the checklist o↵ers guidelines and considerations pertinent to other communities and disci-

plines as well, including computational social science and non-cultural data work. Moreover,

the checklist’s cultural heritage-specific lens o↵ers a new perspective to computer science

researchers surrounding data practices and beyond.

2.6.2 Related Work

This work contributes the first detailed checklist for projects at the intersection of machine

learning and cultural heritage. The “Collections as ML Data” checklist builds on existing

work surrounding best practices within the respective machine learning and cultural her-

itage communities, as well as the growing scholarship at the intersection of these fields. It

also draws from the literature on conceptual models and scholarship on the digital human-

ities, critical data studies, and science & technology studies within the broader umbrella of

information studies. This subsection serves to highlight this related work in more detail,

contextualize the “Collections as ML Data” checklist, and highlight its contributions.
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Checklists, Toolkits, and Best Practices within the Machine Learning Community

This work draws from existing checklists, toolkits, and best practices surrounding machine

learning. Relevant work includes [19, 22, 37, 85, 86, 87, 110, 115, 127, 146, 167, 190, 228, 240,

307, 317, 321, 336, 361].29 In the subsection “A Taxonomy of ML & AI Toolkits, Checklists,

and Impact Assessments,” a detailed taxonomy of these guidelines is provided, and I refer

the reader to this subsection for a more thorough analysis of these works’ contributions.

Collectively, these checklists, toolkits, and impact assessments emphasize a range of

considerations for di↵erent stages of machine learning projects, including the construction

of a dataset, the training and auditing of a model, and the deployment of a model in an

operational sense. In addition, the checklists target a range of di↵erent audiences, from

researchers and practitioners themselves to downstream users of the constructed datasets

or trained models. As highlighted in [37], such considerations are significant because “there

are both scientific and ethical reasons to be concerned. Scientifically, there is the issue of

generalizability of results; ethically, the potential for significant real-world harms.” Indeed,

from a scientific standpoint, incomplete documentation of a dataset or model can lead to un-

intentional misuse by other researchers; insu�cient evaluation of a dataset or model can lead

to unforeseen issues of generalization when operationalized; and lack of clarity surrounding

copyright can hinder the adoption of a dataset or model. From an ethical standpoint, ma-

chine learning datasets risk exploiting personal data and raising questions of privacy; labor

practices behind data annotations are not always foregrounded, leading to questions of la-

bor exploitation; machine learning models can perpetuate marginalization and oppression;

and operationalized systems can be fragile, failing without warning to end-users. Though

no set of guidelines can comprehensively cover all such scientific and ethical questions, a

checklist nonetheless represents a first significant step toward systematizing shared practices

surrounding ethical and responsible decision making. In this regard, the checklist represents

a conceptual model for analysis with emerging machine learning methodologies.

While all of the aforementioned checklists apply to machine learning research, it is im-

29It is worth noting that domain-specific machine learning checklists and best practices have been published
as well, for example with chemistry [23] and medicine [335].
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portant to note that none of them have been designed with the particular setting of cultural

heritage in mind, which requires special consideration. For example, researchers must pay

particular attention to their intended audience, which may range greatly from scholars to

students in the classroom; the provenance of the digital cultural heritage collections with

which they are working, including the nuances of digitization; and potential discrepancies

surrounding technical fluency in interdisciplinary collaborations. It is clear that much can

be gained by developing a checklist to guide researchers through such subtleties. Indeed,

this is precisely the central contribution of this work with the “Collections as ML Data”

checklist.

In addition, this checklist o↵ers guidelines that are relevant to computer science re-

searchers more generally, even if they already have experience with existing machine learning

checklists. For example, by considering cultural heritage-specific sensitivities surrounding

curation rationale and collection provenance articulated in this checklist, machine learning

researchers may seek out a more nuanced understanding of the origins of their datasets.

Moreover, by engaging with the question of why machine learning must be utilized in or-

der for the project to succeed, computer science researchers may further interrogate the

sociotechnical implications of their work.

Best Practices from Cultural Heritage

This work draws from an emerging body of literature devoted to best practices surrounding

machine learning and data science within cultural heritage. For example, the Library of

Congress (LC) Labs team’s report for the ML + Libraries summit summarizes the findings

of a one-day conference hosted with three goals: “survey[ing] the range of ongoing projects

in the broader cultural heritage landscape; surfac[ing] major possibilities and barriers for

applying machine learning in a library setting; and demonstrat[ing] the possibilities of ma-

chine learning for use at the Library of Congress to internal audiences” [156]. While this

report highlights many important directions for machine learning and cultural heritage data,

one shared challenge that emerged from the summit was the “lack of a clear roadmap for

the use of machine learning in cultural heritage,” indicating the importance of checklists
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within the field. Ryan Cordell’s report “Machine Learning + Libraries: A Report on the

State of the Field,” commissioned by LC Labs at the Library of Congress, o↵ers a detailed

history of machine learning within libraries, shared challenges, and recommendations [70].

Thomas Padilla’s OCLC report “Responsible Operations: Data Science, Machine Learning,

and AI in Libraries” details “responsible operations refers to individual, organizational, and

community capacities to support responsible use of data science, machine learning, and AI”

[284]. Other reports, such as the Europeana “AI in Relation to GLAMs” Task Force’s 2021

report [108], Colavizza et al.’s “Archives and AI: An Overview of Current Debates and

Future Perspectives” [64], and Fiorucci et al.’s “Machine Learning for Cultural Heritage: A

Survey” [101] o↵er taxonomies of existing projects in machine learning and cultural heritage,

along with analysis of field-level trends.

Collectively, these reports draw from a long history of critical work within library,

archival, and information sciences, as well as the humanities, in order to articulate the

specific subtleties that arise when applying emerging technologies to cultural heritage in

particular: how to uphold the library community’s standards for privacy, how to consider

the provenance of collections and their digitization, and how to foster technical fluency

among cultural heritage researchers are just a few such considerations [284]. This body

of work in cultural heritage thus proposes conceptual models for ethical practices when

applying new technologies to digital collections.

While these reports foreground best practices and recommendations, they are intended

primarily as guiding principles at the organizational and field level. For example, Padilla’s

paper addresses audiences including library administrators, faculty, and sta↵; university ad-

ministrators and disciplinary faculty; professionals; and funders [283]. Likewise, the Library

of Congress’s “ML + Libraries Summit” included participants with a range of backgrounds

beyond digital humanities research, including librarians and archivists with expertise on top-

ics such as metadata generation and preservation [156]. Only Ryan Cordell’s report o↵ers

a checklist for practitioners, which takes the form of “25 Questions for Structuring an ML

Project” [70]. Here, Cordell provides a set of guiding questions for library teams working on

projects involving machine learning, a crucial development in developing project-oriented

guidelines [70]. While Cordell’s report emphasizes many salient guidelines, it is important to
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recognize that the target audience of library teams is distinct from the audience considered

in this work. Just as Cordell’s work is an adaptation of the aforementioned machine learning

reports for the library community, especially within an institutional context, the “Collec-

tions as ML Data” checklist in this work can be seen as a further adaptation of Cordell’s

template for individual researchers at the intersection of machine learning and cultural her-

itage. As one example, a researcher may not have the same context for a digital collection

of interest as the library team responsible for it does. Consequently, checklist questions

surrounding a cultural heritage dataset, its provenance, and the digitization pipeline used

to produce it are instructive for researchers as they familiarize themselves with the dataset.

Likewise, even though considerations surrounding copyright, maintenance, and documen-

tation may be standard at the institutional level, individual researchers may not have this

institutional context surrounding the significance of such considerations. The “Collections

as ML Data” checklist incorporates such questions geared toward researchers at this inter-

section.

This work builds on Cordell’s “25 Questions for Structuring an ML Project” in three

more ways. First, the “Collections as ML Data” checklist incorporates a computer science

focus by drawing heavily from literature in machine learning and related fields. For exam-

ple, the “Collections as ML Data” checklist includes a detailed examination of the machine

learning model being utilized. By bringing together perspectives from both machine learn-

ing and cultural heritage, this work o↵ers new ideas and perspectives to both communities.

Second, this work demonstrates how these questions can be utilized in practice by detailing

case studies. Third, the “Collections as ML Data” checklist expands on Cordell’s 25 ques-

tions by providing even more granularity in walking through each step of a relevant project,

for example, documenting a machine learning model that has been utilized and deployed.

Indeed, the “Collections as ML Data” checklist proposed in this work builds on this work to

produce a detailed checklist that, when completed by researchers, can be distributed with

project deliverables in order to convey the considerations and limitations surrounding the

project to its audience and auditors.
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Projects Involving Machine Learning & Cultural Heritage

This work builds on the rich collective body of projects and research at the intersection

of machine learning and cultural heritage. Surveys and state of the field reports such as

[64, 64, 70, 101, 108, 126, 156], as well as resources such as the Reviews in DH project registry

[126] and the Debates in the Digital Humanities series [119], describe the history of such

work and enumerate current projects. In order to develop, refine, and evaluate the proposed

checklist with case studies, this work draws from such surveys and state of the field reports

to identify relevant projects at the intersection of machine learning and cultural heritage.

The chosen projects are described in more detail in the subsection “Selecting Representative

Projects for Case Studies.”30

Documentation Practices in Information Science and the Digital Humanities

More generally, it is important to situate the “Collections as ML Data” checklist within

the broader landscape of research in information science and the digital humanities [409].

Both disciplines have embraced novel information artifacts as worthy of publication along-

side traditional journal papers. Such artifacts include datasets, online visualizations and

exhibitions, and computational replay and provenance systems [237]. These e↵orts repre-

sent innovative deliverables for digital humanities projects that foreground transparency,

making it possible for research communities to more easily reconstruct research findings as

well as pursue new research on top of existing sca↵olding. The “Collections as ML Data”

checklist aligns squarely with this pursuit of transparency within information science and

the digital humanities by serving as a deliverable that, when completed and published, ad-

dresses precisely these goals. In this regard, the “Collections as ML Data” checklist is a

conceptual model of the sociotechnical considerations undertaken by a researcher applying

machine learning to cultural heritage.

30I note that I utilize my project, Newspaper Navigator, as a case study because experiences developing the
dataset [202] and launching the search application [205] served as initial provocations for developing this
work. For more information on the autoethnographic approach that I adopted for Newspaper Navigator,
I refer the reader to [196].

https://news-navigator.labs.loc.gov
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2.6.3 Overview of Methodology

Surveying Relevant Literature from Machine Learning

In order to formulate initial questions and suggestions for the “Collections as ML Data”

checklist from a machine learning perspective, I started by surveying the relevant machine

learning literature articulated in the subsection “Checklists, Toolkits, and Best Practices

within the Machine Learning Community.” To make sense of this capacious space of check-

lists, toolkits, impact assessments, and beyond, I produced a taxonomy of such work. One

goal of creating this taxonomy was to develop a more comprehensive list of guiding questions

to be included in the “Collections as ML Data” checklist from the perspective of machine

learning. A second goal of producing this taxonomy was to help situate researchers with

a guiding roadmap for existing work from the machine learning literature. Accordingly, I

present this taxonomy in the subsection “A Taxonomy of ML & AI Toolkits, Checklists,

and Impact Assessments.”

Identifying Representative Projects as Case Studies

Next, I utilized the reports and surveys on machine learning projects in cultural heritage

in order to select a representative grouping of projects as case studies for developing and

testing the “Collections as ML Data” checklist. In particular, I refined desiderata for se-

lecting projects that emphasized project diversity: institutional setting, digitized collection

medium, digitized collection topic, machine learning methodology employed, field of study,

intended audience, and final deliverable form. This process yielded five projects to serve

as case studies. Though many papers in the machine learning checklist literature utilize

case studies to evaluate the proposed checklists, the methodology behind selecting the case

study projects is not always detailed. Accordingly, I elaborate on this process in the sub-

section “Selecting Representative Projects for Case Studies” with the goal of transparent

documentation.
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Surveying Relevant Literature from Cultural Heritage

The next step entailed surveying best practices and responsible operations from cultural

heritage in order to develop checklist questions specific to cultural heritage projects. Here,

I primarily drew from Ryan Cordell’s report [70], Thomas Padilla’s report [284], LC Labs’s

ML + Libraries summit report [156], and the “EuropeanaTech AI in relation to GLAMs”

Task Force’s report [108]. As described in the subsection “Best Practices from Cultural

Heritage,” these papers contain various guidelines and principles for machine learning and

cultural heritage, touching on the special sensitivities to be considered by cultural her-

itage researchers, as well as the challenges faced by collaborations among stakeholders with

di↵erent levels of fluency and training with machine learning and cultural heritage. I trans-

lated these guidelines and provocations into questions within the “Collections as ML Data”

checklist.

Creating and Refining the Initial “Collections as ML Data” Checklist

I next turned to refining the checklist utilizing existing projects in this space. Drawing from

my own experiences with my project, Newspaper Navigator [196, 202, 205], which served

as the initial motivation for developing this checklist, I formulated a series of additional

questions relevant to working with cultural heritage collections, resulting in an initial version

of the “Collections as ML Data” checklist. To test this initial version, I utilized the projects

selected as case studies. Inspired by the methodology utilized in [277], these case studies

resulted in vignettes for justifying and detailing each checklist item. In analyzing each

project, I identified redundancies within the checklist questions as well as subtleties raised

by the project that were not yet covered by the checklist. Accordingly, I iteratively revised

and refined the checklist with each case study.

Incorporating Feedback from Researchers in Machine Learning and Cultural Heritage

The last step in refining the checklist entailed incorporating feedback from researchers in

both machine learning and cultural heritage collections. In particular, I further tested the

e�cacy and extensibility of the checklist by workshopping it with colleagues at the Uni-
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versity of Washington and other institutions. I began by soliciting feedback from Professor

Katharina Reinecke and the other students enrolled in the CSE 599 “Computer Ethics”

graduate course at the University of Washington. This included two rounds of soliciting

written feedback surrounding the checklist, as well as an additional round of workshopping

the checklist during an oral presentation. During this phase, I focused on feedback from the

perspective of machine learning and refined the checklist accordingly. To receive feedback

from the perspectives of cultural heritage and digital humanities research, I subsequently

solicited written comments from senior researchers with primary a�liations outside of aca-

demic computer science, including information schools. These researchers had extensive

experience with cultural heritage data. During these rounds of feedback, I provided ear-

lier drafts of the paper, and the written feedback that I received primarily concerned the

comprehensiveness and organization of the checklist, as well as my justifications for its com-

ponents. In conjunction with the previous steps – including my own repeated refinement

of the checklist using the case studies – these iterations culminated in the final checklist

presented in the subsection “The “Collections as ML Data” Checklist: An Overview.”

2.6.4 A Taxonomy of ML & AI Toolkits, Checklists, and Impact Assessments

As described in the subsection “Overview of Methodology,” in order to develop initial

questions for the “Collections as ML Data” checklist based on existing work, I performed a

literature review for checklists, impact assessments, toolkits, and best practices in machine

learning. I began the review with papers that I had already encountered and followed the

citation graphs. In addition, I searched paper repositories and consulted colleagues within

machine learning. Lastly, I sought recommendations from colleagues in machine learning.

With the literature identified, I then categorized papers into four discrete groups. The

collected works in each of these four categories o↵er a di↵erent perspective for machine

learning projects, and one explicit aim of the “Collections as ML Data” checklist is to draw

from all of these perspectives. It should be noted that the set of papers that I have included

is not comprehensive, as work in this space is evolving quite quickly, and I limited my survey

primarily to academic publications. As such, this taxonomy should be treated not as a full
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survey but rather a guiding resource for researchers looking to situate themselves within

the landscape of machine learning assessments.

Dataset Assessments

Though datasets have always been essential to the field of machine learning, it has been

only in recent years that the discipline has begun to adopt a critical lens toward examining

their construction, composition, and utilization. Often motivated in the literature through

invocations of examples of machine learning models being deployed in high stakes decision-

making processes (i.e., medical diagnosis, legal recidivism, and credit score determination),

an emerging body of work is calling for researchers to publish dataset assessments along with

the datasets themselves. The dataset assessment can serve as a compliance checklist (such

as ensuring IRB & GDPR compliance [121]); a practical guide for consumers of the dataset

(such as other machine learning researchers using the dataset to train a model); a pedagog-

ical tool for the public; and a means for recourse for those whose data are contained within

the dataset. Data assessments are often inspired by and modeled after regulatory e↵orts

such as the nutrition label for food and beverage packaging. Five related approaches to data

assessments that have received widespread attention in the machine learning community to

date are:

1. “Datasheets for Datasets” [115]

2. “Data Statements for NLP” [37]

3. “The Dataset Nutrition Label” [146]

4. “Data Cards” [307]

5. “Comprehensive and Comprehensible Data Catalogs” [361]

Model Assessments

A concurrent thread emerging from the machine learning literature is the development of

model assessment rubrics and checklists for practitioners to complete. Motivated in a similar

fashion to dataset assessments, model assessments concern the analysis of the training,

evaluation, deployment, and operationalization of the model itself. Existing work in this
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space has advocated for these model assessments to be published along with the models

themselves, much akin to dataset assessments. Examples of model assessments include:

1. “Model Cards for Model Reporting” [240]31

2. “CheckList for NLP Models” [321]

3. “FactSheets” [19]

4. “Consumer Labels” for machine learning models [336]

5. “System Cards” for AI decision-making for public policy [127]

6. Microsoft Research’s AI fairness checklist [41]

7. The “AI Blindspot” discovery process [49]

Though all of these papers make mention of the importance of scrutinizing training data,

the emphasis is on model training, deployment, and operationalization.

Algorithmic Impact Assessments

Inspired by environmental impact statements that construction programs must produce, al-

gorithmic impact statements o↵er an accountability framework for those who operationalize

algorithms [317, 340]. Just as “the environmental impact statement process combines a fo-

cus on core values with a means for the public, outside experts, and policymakers to consider

complex social and technical questions” [317], the algorithmic impact statement advocates

for an iterative process of development between agencies, the public, and knowledgeable

outside parties. Examples of algorithmic impact assessments include:

1. The AI Now Institute’s “Algorithmic Impact Assessments” [317]

2. The ACM Conference on Fairness, Accountability, and Transparency in Machine

Learning’s “Principles for Accountable Algorithms” and “Social Impact Statement

for Algorithms” [85]

3. Nick Diakopoulos’s “Algorithmic Accountability Reporting” [86, 87]

It should be noted that the algorithmic impact assessment has a strong emphasis on policy

applications and thus tends to be written with policy makers in mind.

31Closely related work, such as “Interactive Model Cards” [76], is worth noting as well.
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Toolkits & Ethics-based Approaches

A fourth category of assessment is the algorithmic “toolkit,” which does not fall cleanly

into the three aforementioned categories. Two examples from this category are summarized

below:

1. Microsoft Research’s FairLearn toolkit [41], which could be considered part of the

model assessment class, but which I have di↵erentiated because it is a codebase that

can be used to audit systems from the perspective of fairness. Using the toolkit does

not result in a deliverable to be shared with the public but rather helps the practitioner

modify the system itself.

2. The Washington State ACLU’s Algorithmic Equality Toolkit [167], which is di↵erenti-

ated from the model assessment category because it is intended primarily for activists

and community advocates in order to “promote public understanding of algorithms

and artificial intelligence” and increase accountability and regulation.

Related to the toolkits in this category are ethics-based approaches to tech project design,

which o↵er slightly di↵erent but valuable perspectives to the categories previously enu-

merated. Examples include “Envisioning Cards” [110], “Tarot Cards for Tech” [22], and

“Surveying the Landscape of Ethics-Focused Design Methods” [61], a survey of 63 such

methods.

2.6.5 Selecting Representative Projects for Case Studies

In order to develop a checklist for machine learning and cultural heritage, it was next neces-

sary to identify a representative selection of existing projects in this emerging body of work

in order to serve as case studies. To identify relevant projects, I consulted four reports that

survey examples in this space: the Library of Congress Labs team’s summary report for

the ML + Libraries summit [156], Ryan Cordell’s report “Machine Learning + Libraries: A

Report on the State of the Field” [70], Thomas Padilla’s OCLC report “Responsible Opera-

tions: Data Science, Machine Learning, and AI in Libraries” [284], and the “EuropeanaTech

AI in relation to GLAMs” Task Force’s report [108]. In addition, I consulted the digital
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humanities project registry published by Reviews in the Digital Humanities [126], as well

as the Debates in the Digital Humanities series [119]. I also informally surveyed colleagues

in machine learning, the digital humanities, and cultural heritage to generate candidate

projects.32

It is important to clarify that the very notion of a “representative” subsample of projects

is a fraught one, as it is highly subjective and entirely dependent on one’s criteria for what

constitutes representativity. For example, these surveys reflect an American perspective

and are focused on the library setting. To address this, I refined dimensions and criteria

along which I evaluated each project. These criteria are enumerated below and are inspired

by dimensions facets in the reports that I consulted:

– Institutional setting (galleries, libraries, archives, museums, academic departments)

– Digitized collection medium (images, text, video, audio)

– Digitized collection topic, including time period, subject matter, geographic location,

and language

– Machine learning methodology employed (image classification, facial recognition, named

entity recognition, etc.)

– Discipline or field of study (history, computer science, data art, etc.)

– Intended audience (historians, educators, the public, etc.)

– Deliverable form (paper, visualization, interface, exhibit)

This process yielded five representative projects:

1. The Real Face of White Australia, a project created by Kate Bagnall and Tim

Sherratt at the University of Tasmania and the University of Canberra, respectively

[339]. The project utilizes facial recognition to uncover photographs of non-white

Australians as preserved within the National Archives of Australia in order to “explore

the records of the White Australia Policy through the faces of those people.”

2. Citizen DJ, a project by Brian Foo, an Innovator in Residence at the Library of

Congress and a Data Visualization Artist at the American Museum of Natural His-

tory [104]. Citizen DJ uses machine learning to extract and sort audio samples from

32Relevant surveys including [64] have since been published but were unavailable during this step in the
research process.

http://www.realfaceofwhiteaustralia.net/
https://citizen-dj.labs.loc.gov/
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the Library of Congress’s collections and allows the American public to explore the

collections by remixing the samples using a hip-hop sampler interface.

3. The Transkribus platform, initially “developed by the University of Innsbruck in

cooperation with leading research groups from all over Europe as part of the Horizon

2020 EU research project READ” [162, 314]. Transkribus empowers users to train their

own OCR models in an interactive machine learning fashion using iterative training

with custom sets of typewritten and handwritten documents.

4. The Distant Viewing project by Lauren Tilton and Taylor Arnold at the Uni-

versity of Richmond [21]. The Distant Viewing project utilizes facial recognition and

image classification to study sitcoms such as “Bewitched” and “I Dream of Genie”

through the lenses of media studies and the digital humanities.

5. Newspaper Navigator [196, 202, 205], my own project developed in conjunction

with the Library of Congress, which utilizes object detection to extract visual con-

tent from 16 million historic newspaper pages and reimagines exploratory search by

empowering users to train their own interactive machine learners to retrieve images

according to user-defined facets. I selected my own project primarily because I could

reflect on the subtleties involved as a primary stakeholder.

If a central goal of the “Collections as ML Data” checklist is to aid researchers, one

condition for the success of the checklist is applicability across a range of projects. In

Table 2.10, I compare the selected projects according to the criteria articulated earlier in

this subsection. The range of the selected projects’ collection media, machine learning

tasks, audiences, and deliverable forms not only speak to the diverse nature of projects

within machine learning and cultural heritage but also collectively serve as an important

test surrounding the “Collections as ML Data” checklist’s relevance.

Iteratively refining the checklist by applying it to these projects as described in the

subsection “Overview of Methodology” served an important method for conceptualizing

the responsible practices detailed and improving the comprehensiveness of the checklist’s

questions and suggestions. In the subsection “Applying the “Collections as ML Data”

Checklist,” I provide vignettes describing the application of the refined “Collections as ML

https://readcoop.eu/transkribus/
https://www.distantviewing.org/
https://news-navigator.labs.loc.gov/search
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Project Collection
Medium

ML Task Audience Deliverable Form

The Real Face
of White Aus-
tralia [339]

Document Scans
(Gov’t Documents)

Facial Recognition Public “Wall of Faces” On-
line Interface

Citizen DJ [104] Audio (Music, Field
Recordings, etc.)

Audio Extraction &
Similarity

Public Online Hip Hop Sam-
pler & Exploratory
Interface

The Dis-
tant Viewing
project [21]

Video (TV Sitcoms) Facial Recognition &
Image Classification
(at frame level)

Scholars & ML
Researchers

The Distant Viewing
Toolkit & Scholarly
Output

The Tran-
skribus plat-
form [162, 314]

Document Scans
(Handwritten &
Typewritten)

OCR & Handwriting
Recognition

Scholars, Librari-
ans & Archivists,
ML Researchers

Online Platform

Newspaper
Navigator
[196, 202, 205]

Document Scans
(Newspapers)

Visual Content Ex-
traction & Similarity

Scholars, ML Re-
searchers & Pub-
lic

The Newspaper
Navigator Dataset &
Search Interface +
Scholarly Output

Table 2.10: A table categorizing the selected projects as case studies for the “Collections as
ML Data” checklist developed in this section.

Data” checklist to each project, revealing the ways in which each project tests the checklist

in a di↵erent manner.

2.6.6 The “Collections as ML Data” Checklist: An Overview

In this subsection, I provide an overview of the “Collections as ML Data” checklist. An

outline of the checklist can be found below. The overview in this subsection is structured

around the four central components of the checklist: the cultural heritage collection as data;

the machine learning model; organizational considerations; and copyright, transparency,

documentation, maintenance, and privacy. The full “Collections as ML Data” checklist is

enumerated in the last subsection of this chapter (“ The Full “Collections as ML Data”

Checklist”). The checklist is partitioned into four components. Each checklist question

that is directly inspired by related work is accompanied by corresponding citations. In

this subsection, I elaborate each of the four components. In the subsection “Applying the

“Collections as ML Data” Checklist,” I provide use cases of the checklist.

http://www.realfaceofwhiteaustralia.net/
http://www.realfaceofwhiteaustralia.net/
http://www.realfaceofwhiteaustralia.net/
https://citizen-dj.labs.loc.gov/
https://www.distantviewing.org/
https://www.distantviewing.org/
https://www.distantviewing.org/
https://readcoop.eu/transkribus/
https://readcoop.eu/transkribus/
https://readcoop.eu/transkribus/
https://news-navigator.labs.loc.gov/search
https://news-navigator.labs.loc.gov/search
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An Outline of the “Collections as ML Data” Checklist

1. The Cultural Heritage Collection as Data

(a) Dataset Composition

(b) Collecting Process & Curation

Rationale

(c) Digitization Pipeline

(d) Data Provenance

(e) Crowd Labor

(f) Additional Modification

2. The Machine Learning Model

(a) Overview

(b) Training / Finetuning

(c) Evaluation

(d) Deployment

(e) Release

(f) Environmental Impact

3. Organizational Considerations

(a) Stakeholders

(b) Use of Machine Learning

(c) Organizational Context

(d) Project Deployment & Launch

4. Copyright, Transparency, Documentation, Maintenance, and Privacy

(a) Copyright

(b) Transparency & Re-Use

(c) Documentation

(d) Maintenance

(e) Privacy

The Cultural Heritage Collection as Data

In this component of the “Collections as ML Data” checklist, researchers are encouraged

to interrogate and reflect on the cultural heritage collection(s) being utilized in the project

as data. In drawing from the dataset assessments described in the subsection “Dataset As-

sessments,” this component emphasizes a clear understanding of the dataset’s composition

and provenance, including who is represented in the dataset, how the data was collected,

and beyond. In accordance with the nuances required in the context of cultural heritage,

this component also draws from best practices in cultural heritage in order to encourage re-

searchers to excavate curation, digitization, and any crowd labor utilized in augmenting the

dataset. By articulating the contours of the cultural heritage data in question, researchers

engage with the sociotechnical implications of treating cultural heritage collections as data,
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producing documentation that foregrounds these considerations for the project’s audience.

The Machine Learning Model

In this component of the checklist, researchers are asked to engage with the subtleties of

the machine learning model(s) utilized. The questions in this subsection draw from the

model assessments described in the subsection “Model Assessments” in order to address

canonical questions surrounding a model’s documentation, including its training, evaluation,

deployment, and release. This component is tailored to the specifics surrounding cultural

heritage collections, including whether the machine learning model has been utilized to make

a single pass over a collection or has been continuously deployed, and whether the model

has applications outside of cultural heritage. Moreover, this component asks researchers to

consider the environmental impact of training and deploying the model. Collectively, the

questions in this subsection emphasize both scientific and ethical best practices.

Organizational Considerations

In this component of the checklist, researchers are encouraged to consider the broader

organizational considerations of the project, including documenting the stakeholders and

organizational context. Because projects may involve stakeholders with di↵erent fluencies

and experience levels with both machine learning and cultural heritage, this component

emphasizes considerations surrounding the subtleties that emerge in this context: do stake-

holders have access to gain expertise in these domains? Can this project be utilized to build

data fluency at the organization? Moreover, stakeholders are asked to consider a funda-

mental question that is often overlooked in the machine learning literature: is it necessary

to use machine learning in this context, and if so, why? Lastly, the stakeholders are asked

to consider the target audiences of the project. Here, stakeholders are asked to return after

a project’s launch in order to reflect on which audiences were reached and what feedback

was received. More generally, this component encourages stakeholders to engage critically

with the organizational complexities introduced at the intersection of machine learning and

cultural heritage.
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Copyright, Transparency, Documentation, Maintenance, and Privacy

The fourth and final component of the “Collections as ML Data” checklist concerns five

project components that are essential to a successfully launched project: copyright, trans-

parency, documentation, maintenance, and privacy. Given the complexities raised by copy-

right in the context of cultural heritage, stakeholders are asked to engage with the ways

in which copyright impacts the project’s scope and deliverables. Stakeholders are also en-

couraged to walk through the project’s e↵orts toward transparency, including support for

outside audits, as well as the availability of code documentation for reproducibility and

reuse. Because GLAMs tend to require stringent considerations surrounding user privacy,

stakeholders are asked to report what data on visitors will be collected and whether con-

sent will be requested. Lastly, stakeholders are asked to address plans for maintenance

after launch. This final component of the “Collections as ML Data” checklist emphasizes

a holistic approach to project development that is often overlooked when considering only

the machine learning elements in isolation.

2.6.7 Applying the “Collections as ML Data” Checklist

In order to justify four components of the “Collections as ML Data” checklist and provide

concrete case studies, I have included vignettes from each of the projects articulated in Table

2.10. These vignettes motivate the importance of each checklist component and illustrate

how adopters of the “Collections as ML Data” checklist might begin utilizing the guiding

questions.

Case Studies 1: The Cultural Heritage Collection as Data

Building on the subsection “The Cultural Heritage Collection as Data,” the following vi-

gnettes demonstrate the subtleties raised by treating cultural heritage collections as data

for machine learning projects, whether for training a machine learning model or processing

with one.

1. Dataset Composition: Though the questions in this subsection are inspired by ma-

chine learning-oriented checklists [37, 115, 146], understanding the composition of a
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cultural heritage dataset is crucial to any cultural heritage project and research. Ma-

chine learning only redoubles the considerations that must be made. “Citizen DJ” is

an exemplary project from the perspective of how a collection’s composition must be

taken into consideration. To help guide visitors using the project’s hip-hop sampler,

Brian Foo has created an ethics guide that is available on the project’s main site [105].

The guide walks a visitor through the process of considering a dataset’s composition

in order to properly address attribution and compensation, as well as cultural and his-

torical contexts. Foo’s ethics guide not only educates visitors but also documents the

considerations made during the project’s development, thereby serving as a valuable

project artifact.

2. Collecting Process & Curation Rationale: Many cultural heritage collections have

decades-long, complex histories surrounding their creation and curation. First, let us

consider a collection’s creation. In the case of “The Real Face of White Australia,” the

government documents in consideration were originally produced under the Australian

Immigration Restriction Act, namely, certificates granting exemption to the Dictation

Test [339]. The project’s goal of recovering the people marginalized by these policies

can only be understood when considering the documentation’s role within the oppres-

sive system. The project is notable for how the project leaders pay close attention

to the origins of a collection that documents a di�cult history. Next, let us turn to

curation. In the case of Chronicling America, the newspaper corpus on which News-

paper Navigator is built, the selection process for including a newspaper title within

the collection is a highly nuanced process, dependent on criteria enumerated by the

Division of Preservation and Access at the National Endowment for the Humanities,

as well as state-level contributors [196]. Understanding these curation decisions are

essential to properly contextualizing the abundances and lacunae of representation

within the corpus.

3. Digitization Pipeline: The digitization pipeline can have a profound impact on a ma-

chine learning model’s predictions, as evidenced by the Newspaper Navigator dataset

[196, 202]. Lyneise Williams has documented how the distortive e↵ects of the mi-
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crofilming process can lead to erasure of people of color by saturating darker skin

tones [398]. This phenomenon is present within Chronicling America and digital cul-

tural heritage collections writ large. In particular, the Newspaper Navigator data

archaeology demonstrates how embeddings generated by a ResNet model pre-trained

on ImageNet fail to retrieve the same photograph of W.E.B. Du Bois among four

di↵erent digitized Chronicling America newspaper pages due to precisely this e↵ect

of microfilming distortion. Documenting the digitization process is thus crucial to

understanding how a machine learning model processes a cultural heritage dataset

[196].

4. Data Provenance: Though much of a cultural heritage dataset’s provenance will have

been articulated in the previous two subsections (“Collecting Process & Curation

Rationale” and “Digitization Pipeline”), there may very well be additional salient

details regarding the genealogy of the data. Consider, for example, the Library of

Congress’s “American English Dialect Recordings: The Center for Applied Linguistics

Collection” included within Citizen DJ. The recordings in the collection were originally

obtained by over 200 collectors [369]. In 1983, the Center for Applied Linguistics

obtained these recordings from the collectors in order to improve access, as funded

by a grant from the National Endowment for the Humanities. In 1986, the Center

for Appplied Linguistics donated 405 audio recordings to the Library of Congress,

350 of which have been made available online (with the remaining 55 withheld due

to copyright considerations). The Citizen DJ website incorporates a summary of the

data provenance for this collection (as well as for the other collections included) as

part of the browsing experience, thereby contextualizing which recordings are available

for remixing and foregrounding the mediating factors that have shaped the collection.

The complex provenance of collections must therefore be considered when assessing a

digital collection’s contours.

5. Crowd Labor : Many GLAMs are pursuing volunteer crowdsourcing initiatives to en-

gage the public with their collections. Because many volunteers find crowdsourcing

opportunities to be enriching and educational, such experiences have something to
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o↵er to both GLAMs and the volunteers who participate [322]. These initiatives

stand in sharp contrast to the utilization of outsourced, contracted laborers to im-

prove metadata with datasets, an approach common among datasets in the machine

learning community. Crowd workers such as Mechanical Turk workers have been paid

extremely low hourly wages [130]. This checklist subsection is provided in order to

encourage project stakeholders to consider the project’s relationship to labor through

the lens of data labeling, to credit those who contributed their labor, and to improve

transparency surrounding the project’s audience. In the case of Newspaper Navigator,

the bounding boxes utilized as training data for the visual content recognition model

was derived from Beyond Words, a crowdsourcing initiative launched in 2017 by LC

Labs that asked volunteers to identify photographs, illustrations, maps, comics, and

editorial cartoons on World War 1-era newspaper pages in Chronicling America. Be-

yond Words was essential to the project, and volunteers are acknowledged for their

contributions.

6. Additional Modification: A cultural heritage dataset might require additional modifi-

cations in order to compute against it. For example, researchers might have to con-

duct extra cleaning to address “dirty” OCR or other imperfect metadata. Likewise,

researchers may have to make decisions surrounding how to represent uncertainty in

dates when specific days, months, or even years are unknown for certain items. How-

ever, these alterations made during data cleaning are not always foregrounded. The

question in this subsection is intended to provide the project stakeholders with an

opportunity to document any such changes made.

Collectively, these vignettes provided in response to the “Collections as ML Data” check-

list draw out nuances that would not necessarily be surfaced by responding to a canonical

dataset assessment from the machine learning literature. As demonstrated by these exam-

ples, data provenance, curation, and processing via digitization pipelines represent signifi-

cant steps within cultural heritage and must be foregrounded in a project’s documentation

– as the “Collections as ML Data” checklist encourages.
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Case Studies 2: The Machine Learning Model

The following vignettes elaborate on the subsection “The Machine Learning Model” in order

to justify the importance of documenting the machine learning model(s) employed across

each facet of this “Collections as ML Data” checklist component. All five case studies are

highlighted with the goal of foregrounding the diversity of responses that the “Collections

as ML Data” checklist elicits surrounding the machine learning components of projects.

1. Model Details: The questions in this subsection are intended to provide an overview

of the machine learning model(s) being utilized, including: What architectures are

being used? What tasks are they being used for? These details surrounding a machine

learning model are essential to document.For example, all five case studies included

in this work utilize neural models. While neural models are noteworthy for their high

performance, they are also inscrutable, meaning that it is fundamentally di�cult to

understand each model’s decision-making process. Indeed, the research fields of ex-

plainable AI and human-AI interaction are devoted to understanding the implications

of relying on such models [392]. Noting that each of the five case studies utilizes an

inscrutable neural model would therefore be important context to provide within a

checklist response. The questions included in this subsection are standard within the

machine learning literature, and all of the case studies address the questions in this

subsection within their documentation.

2. Training / Finetuning : A unifying theme across the machine learning checklist litera-

ture is an emphasis on documenting the training of a machine learning model, which is

essential for reproducibility and context surrounding its performance. Projects at the

intersection of machine learning and cultural heritage often di↵er from machine learn-

ing research, in that the former do not always emphasize methodological advances

in machine learning. As a result, these projects often successfully utilize o↵-the-shelf

algorithms or models, as is the case with Citizen DJ [104], “The Real Face of White

Australia” [339], and the Distant Viewing project [21]. In the case of Newspaper

Navigator, a pre-trained object detection model was finetuned for the specific task

of identifying visual content on newspaper pages [202]. In the case of Transkribus,
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end-users are empowered to train their own OCR and handwriting recognition models

on datasets that they themselves have curated [162]. All of these projects elaborate

on the considerations surrounding the specific approach chosen.

3. Evaluation: A model’s evaluation is already standard practice in machine learning,

and this subsection contains questions that have been operationalized by the field

writ large. Within the case studies, evaluation is a common theme. For example,

with Transkribus, end-users are provided with extensive documentation surrounding

how to evaluate the performance of an OCR model on a corpus of digitized docu-

ments. For scholars working with specific collections, performance can vary greatly,

and understanding a Transkribus model’s accuracy is essential in order to determine

whether it should be relied upon to generate transcriptions. The provocations in this

subsection are also intended to encourage project stakeholders to consider auditing

their systems for fairness and utilizing tools for generating explanations for predic-

tions if necessary. As described in an earlier vignette, neural models pose significant

challenges and risks when utilized because they are fundamentally opaque. However,

tools for generating post-hoc explanations exist for neural models, and utilizing them

represents responsible machine learning practice. The remaining questions in this

subsection encourage such considerations surrounding explainability, as well as the

analogous considerations for fairness.

4. Deployment : In the context of cultural heritage projects, the deployment of a machine

learning model can take many forms: from the one-o↵ utilization of a machine learning

model to produce metadata or pre-process data (as utilized by all projects considered

in this subsection) to the deployment of machine learning models that users can con-

tinuously train and use to transcribe scan documents (as is the case with Transkribus

[314]) or re-rank image search results (as is the case with the Newspaper Navigator

search application [205]). With these di↵erent deployments, various considerations

must be made: what computational resources will be required to maintain a machine

learning model that must be run continuously? Is the model responsive enough to

serve predictions in real time? How will the machine learning model’s predictions be
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utilized? These varied uses motivate the guiding questions in this subsection.

5. Release: This subsection serves to elicit elaborations surrounding the model’s release,

from availability to extensibility: it is important to make models available not only for

auditing purposes but also for re-use by the broader community with other projects.

Transkribus’s model for public release is particularly notable. Transkribus users have

made 122 trained models publicly available as of October, 2022 [315]. These models

are contributed to the central repository along with corresponding documentation,

including who trained each model, what training dataset was utilized, benchmark

evaluation scores, and the types of script that the model can process. In the case

of “low resource” languages that lack equitable funding surrounding OCR research,

Transkribus’s models may provide a path forward for scholars. The Newspaper Navi-

gator finetuned visual content recognition model weights have been incorporated into

LayoutParser, a pip-installable Python package for document layout analysis [338],

presenting yet another option for release and re-use.

6. Environmental Impact : It has been well-documented that the training and deploy-

ment of machine learning models can have significant carbon footprints, commensu-

rate with vehicular emissions [334, 360]. In the case of the Newspaper Navigator

dataset construction, over 5 years of wall clock computing time was required to pro-

duce the dataset [202]. The Newspaper Navigator data archaeology documents the

emissions produced by the project from training through deployment [196]. In to-

tal, this amounted to approximately 226 kg of CO2 emissions, equivalent to a single

cross-country flight. As machine learning projects continue to become more computa-

tionally intensive, considering the carbon emissions of a machine learning model and

pursuing alternative, less resource-intensive approaches are responsibilities for which

all project stakeholders must be held accountable.

Given the range of uses of machine learning demonstrated by the case studies and the

di↵erent responses that the “Collections as ML Data” checklist could elicit, it is evident that

proper documentation using the checklist can help guide stakeholders, project audiences,

and external auditors regarding the specifics of how machine learning has been utilized.
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Case Studies 3: Organizational Considerations

Following the subsection “Organizational Considerations,” these examples serve to demon-

strate the value of documenting a project’s organizational considerations using the “Col-

lections as ML Data” checklist. As demonstrated below, this component surfaces organiza-

tional context that might otherwise not be documented.

1. Stakeholders: The questions in this subsection are intended to capture the intrica-

cies surrounding project stakeholders, from considering stakeholder backgrounds to

reflecting on whether all relevant stakeholder groups have been included. Given that

projects at the intersection of machine learning and cultural heritage often involve re-

searchers from di↵erent disciplinary backgrounds, documenting each project member’s

familiarity with both machine learning and cultural heritage is one key consideration.

“The Real Face of White Australia” project team provides this context within their

accompanying book chapter, “The People Inside” [339]. In particular, the authors

detail the experience of being historians utilizing machine learning within the context

of the project. Of course, potential stakeholders beyond the project team must also be

reflected upon. For example, within “The Real Face of White Australia,” the project

team chose to present individuals’ photographs even though the individuals themselves

cannot consent, as the photos are from over a century ago. The explicit surfacing of

this question surrounding the consultation of stakeholder groups foregrounds the chal-

lenges that a project in this space must confront, especially surrounding communities

represented within the underlying cultural heritage collections.

2. Use of Machine Learning : Within the cultural heritage community, special consid-

erations are taken when applying computational methodologies [103]. Within this

context, it is imperative to consider why machine learning must be applied. Is the

motivation driven by real need or by organizational pressures? In the case of Newspa-

per Navigator, the data archaeology [196] motivates the utilization of machine learn-

ing: not only to improve access at scale but also to re-imagine the search a↵ordances

by empowering users to train their own machine learners to retrieve relevant visual

content. With “The Real Faces of White Australia,” faces could have been extracted
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by hand, without the use of facial recognition. However, the project team contends,

“We could have manually cropped images from an assortment of files to create an ex-

hibition of faces, but machine processing added the power of scale and the possibility

of serendipity. As reactions to the wall have highlighted, the sheer number of faces,

arranged in a seemingly endless array, carried both political critique and emotional

engagement” [339]. Such reflection clarifies the reasons why the project team chose to

apply machine learning in this context and demonstrates the importance of addressing

this question.

3. Organizational Context : While this checklist is designed specifically with researchers

in mind, it is important to note that projects are still undertaken within the context

of the broader organization. The questions in this subsection are motivated by the

recommendations and guiding questions in the reports detailing best practices for ma-

chine learning and cultural heritage that address this larger context. Here, the intent

is to ask stakeholders to reflect on how the project can serve the broader institution

or organization by improving data fluency and training surrounding both machine

learning and cultural heritage. Doing so can have significant longitudinal e↵ects to-

ward the proper operationalization of machine learning in GLAMs and proper ethical

considerations surrounding cultural heritage at organizations specializing in machine

learning. In the case of Newspaper Navigator, the project’s organizational context is

documented in an article in EuropeanaTech Insight [203], detailing how the project

fits into the Library of Congress’s digital strategy [192].

4. Project Deployment & Launch: While checklists have shown great promise for en-

couraging researchers across disciplines to document a project during development,

it is also essential to encourage reflection after the project has been launched. The

questions in this subsection are therefore split into two categories: pre-launch and

post-launch. The intent is to ask project stakeholders to reflect honestly on the goals

surrounding the project’s launch and the successes and failures relative to these goals.

In “The People Inside,” Sherratt and Bagnall describe the project’s reception and

respond candidly [339]. This context is valuable not only for those who encounter
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“The Real Face of White Australia” but also for researchers who are inspired by the

project.

As revealed through these case studies, additional nuances emerge for projects in this

space surrounding fluency in both machine learning and cultural heritage at the individual

project and organizational levels. With the “Collections as ML Data” checklist, project

stakeholders are encouraged to surface these subtleties and critically engage with their

motivations for utilizing machine learning as well, both before and after the project’s release.

Case Studies 4: Copyright, Transparency, Documentation, Maintenance, and Privacy

Building on the subsection “Copyright, Transparency, Documentation, Maintenance, and

Privacy,” the following vignettes demonstrate the importance of considering a project’s

deliverables beyond the typical framings of data assessments and model assessments.

1. Copyright : Copyright is an essential consideration of any ML project involving cultural

heritage collections, from the collections themselves to the machine learning models,

code, and final deliverables. Permissive copyright encourages re-use and opens possi-

bilities for projects to be adapted, whereas restrictive copyright may hinder audiences

from even interacting with a project. Citizen DJ illustrates the subtleties introduced

by copyright. Brian Foo has created a copyright checklist for users to assess how

samples created within Citizen DJ can be re-used [105]. As a project that o↵ers an in-

teractive experience surrounding remixing, articulating how visitors can use the music

that they have created not only calibrates expectations but also provides an important

educational opportunity surrounding the legal history of sampling. Moreover, all of

the project’s code is open source and placed in the public domain for unrestricted

re-use, meaning that other researchers as well as members of the general public can

utilize the code for their own projects. The questions in this subsection of the checklist

are included in order to have project stakeholders document the subtleties introduced

by copyright in its many manifestations.

2. Transparency & Re-use: Making a project’s code and deliverables transparent and

extensible for re-use is a valuable contribution to the “Collections as Data” commu-
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nity. Given that many research projects are undertaken without professional software

engineers, the value of sharing code is redoubled. The Distant Viewing Toolkit is ex-

emplary in this regard [20]. The toolkit not only powers the Distant Viewing Project

but also makes it possible for other digital humanities and media studies scholars to

utilize the toolkit for their own research projects. Indeed, “The Real Faces of White

Australia,” Transkribus, Newspaper Navigator, Citizen DJ, and the Distant Viewing

project all have code documentation in the form of publicly-available GitHub repos-

itories, enabling external auditors to evaluate the systems, as well as researchers to

consult their code.

3. Documentation: Documentation is essential to promoting transparency and facilitat-

ing re-use. While code may be available, it might not be possible to reconstruct

the project, given the state of documentation. Additionally, documentation from a

project management perspective makes it possible to understand the logistical chal-

lenges, coordination, and timelines required to bring the project to fruition. “The Real

Faces of White Australia,” Newspaper Navigator, Citizen DJ, and the Distant Viewing

projects have documented the methodologies employed and the socio-technical con-

texts for the projects, in addition to making code available. [21, 105, 196, 202, 339].

This documentation makes it possible for the project’s audiences and potential audi-

tors to understand the context and considerations taken by the project stakeholders.

4. Maintenance: Because the deliverables of many projects at the intersection of machine

learning and cultural heritage are digital artifacts, projects oftentimes disappear with-

out warning or no longer function properly due to a wide range of reasons: domain

names expiring, codebases becoming deprecated, and data hosting being terminated

are just a few examples. For end-users, such outcomes are especially jarring when

there is little or no warning. Therefore, providing clear documentation on expected

maintenance and upkeep is important for the project’s audience. Citizen DJ details

the project’s expected lifecycle on its ‘About’ page as an experiment, thereby helping

site visitors to set realistic expectations surrounding sustained usage of the tool and
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to plan for the project’s eventual transformation.

5. Privacy : For any project deployed on the internet, it is important to provide users with

an understanding of data collection and ask for consent if necessary. While collecting

user data may provide a compelling opportunity to improve a project, doing so must

be done in a manner that respects user privacy. For example, at academic institutions,

researchers are required to seek approval or exemption from institutional review boards

surrounding any research involving human subjects, including the collection of online

data. For projects involving digital collections, careful consideration of user privacy

is particularly pressing, given the long history of libraries’ dedication to preserving

patron privacy. Will project members utilize analytics tools to track engagement?

If so, what kinds of data will be collected? For both Citizen DJ and Newspaper

Navigator, no personally-identifiable information is collected on any site visitor, in

compliance with the Library of Congress’s privacy policy.

As revealed through these case studies, the “Collections as ML Data” checklist encour-

ages stakeholders to document all aspects of a project’s deliverables, especially through

the lenses of transparency, sustainability, and privacy. By centralizing this documentation,

the checklist encourages researchers, as well as the broader community, to foreground these

considerations.

2.6.8 Discussion & Future Work

In this section, I have introduced the “Collections as ML Data” checklist, a detailed set

of guiding questions for projects that utilize machine learning in the context of cultural

heritage collections. The checklist brings together perspectives from two distinct commu-

nities and serves as a conceptual model for ethically responsible decisions in the context of

applying machine learning to cultural heritage collections. When completed by researchers,

the checklist answers can be published along with the deliverables of the project in order

to increase transparency and foreground responsible practices. A conceptual model is par-

ticularly important in this space, where ethical failures of machine learning projects can be

redoubled due to the sensitivities required with cultural heritage collections in particular.
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In the subsection “Related Work,” I began the paper by contextualizing the “Collections

as ML Data” checklist within two bodies of emerging work: the machine learning movement

to produce checklists, toolkits, and algorithmic impact statements, as well as the formation

of best practices and state-of-the-field reports from the cultural heritage community for

utilizing machine learning. In the subsection “Overview of Methodology,” I then described

my methodology in producing the “Collections as ML Data” checklist. This process included

detailing a taxonomy of existing machine learning guidelines (“A Taxonomy of ML & AI

Toolkits, Checklists, and Impact Assessments”) in order to inform the contributions of the

“Collections as ML Data” checklist, as well as to provide researchers with a guide to existing

work within the machine learning literature. I also documented the process by which I

selected five projects to serve as case studies for developing and evaluating the checklist

(“Selecting Representative Projects for Case Studies”). I then provided an overview of

the “Collections as ML Data” checklist itself (“The “Collections as ML Data” Checklist:

An Overview”) and provided concrete examples of applying components of the checklist

to the five case studies in order to demonstrate the value of the checklist (“Applying the

“Collections as ML Data” Checklist”). This remaining subsection serves to reflect on the

“Collections as ML Data” checklist’s use in practice, enumerate future work, and conclude

the paper.

Applying the “Collections as ML Data” Checklist in Practice

The “Collections as ML Data” checklist is intended to be utilized as a resource throughout

all stages of a machine learning project with cultural heritage data, from the initial steps

of identifying a digital collection to the final steps of publishing the project’s deliverables.

Per the recommendations of [85], consultation and engagement with the checklist questions

would ideally take place during the design phase, pre-launch, and post-launch in order to

allow for the checklist’s considerations to be incorporated into the project’s development.

Moreover, a completed version can be published along with the project’s deliverables in order

to promote transparency, as well as communicate decisions made and shortcomings faced

during the project’s development with both the project’s audience and potential auditors.
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Reflecting on Machine Learning and Cultural Heritage

Though the “Collections as ML Data” checklist has been formulated for projects involving

cultural heritage, the considerations within this checklist are relevant to a range of other

communities. For example, computational social scientists within political science, eco-

nomics, sociology, and beyond share many of the same questions surrounding data ethics

and machine learning applications. More generally, the checklist o↵ers guidelines relevant

to non-cultural data collections, especially in the context of machine learning being applied.

It should also be noted that cultural heritage is, in a sense, the substrate of machine learn-

ing research and practice. From the text on the web to the photos on Flickr, our collective

cultural heritage is utilized ubiquitously by machine learning researchers and product teams

across the world as machine learning training datasets [46, 229]. In this regard, the spe-

cific considerations surrounding cultural heritage that are o↵ered in the “Collections as ML

Data” checklist can be interpreted much more broadly.

Future Work

I will monitor adoptions of the “Collections as ML Data” checklist by researchers in order to

understand its broader usage and impact. Additional future work includes the development

of di↵erent versions of this checklist that can be utilized by di↵erent communities within

cultural heritage, such as the computational archival science community in the context

of automated or semi-automated recordkeeping [142, 325]. Along these lines, I believe

one particularly fruitful area of future work to be adapting this checklist specifically for

collaborations between digital humanities researchers and professionals at galleries, libraries,

archives, and museums who manage, preserve, and provide access to digital collections.

Though the “Collections as ML Data” checklist has been subject to many iterations, it is

nonetheless not comprehensive. Of course, no such checklist can be entirely comprehensive,

and just because a checklist has been utilized does not mean the project should not be

interrogated further or documented more extensively. Here, I will paraphrase Ryan Cordell’s

first guiding question in his “25 Questions for Structuring an ML Project”: what is missing

from the “Collections as ML Data” checklist [70]?
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2.6.9 The Full “Collections as ML Data” Checklist

The Cultural Heritage Collection as Data

Here, a distinction is drawn between the cultural heritage collection being studied and the

training dataset being utilized for the machine learning model. For example, a project might

utilize a pre-trained model to generate embeddings for a photo collection. In this subsection,

we consider the cultural heritage collection itself; in the subsection “The Machine Learning

Model,” we consider the machine learning model’s training data.

1. Dataset Composition

(a) Who or what is depicted in the dataset? [115]
(b) If the dataset depicts people, are any specific subgroups of people represented?

Are any specific individuals personally identifiable? [115]
(c) If the dataset depicts people, are any individuals still living? Does this project

comply with privacy laws in countries where it will be shared?
(d) What medium is the dataset? (image, video, text, web archive, etc.)
(e) How large is the dataset, both in cardinality and in disk storage?
(f) What metadata is available for the dataset items? [146]
(g) Does copyright impact this dataset? If so, how? [70, 115, 156, 283]
(h) Does this dataset pertain to a di�cult history? If so, what extra precautions are

being taken?

2. Collecting Process & Curation Rationale (language borrowed from [37])

(a) Who curated the cultural heritage collection from which this dataset is derived?

(b) What organization or institution was the collection created for?

(c) What funding was utilized (if known)?

(d) What collection process was utilized? [37]

(e) When was the collection assembled? (i.e., when were the photographs taken or

ethnographies recorded?)

(f) What instruments were utilized to create the collection? (i.e., a recording device,

camera, etc.)

(g) If people are included, did individuals consent at the time of collection?

(h) What were the decision-making processes behind the collection’s curation? [37]

(i) What is unknown about the collection process & curation rationale?
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3. Digitization Pipeline (only applicable if the dataset is a digitized version of a phys-

ical collection)

(a) Who selected what was digitized?

(b) What organization or institution oversaw the digitization?

(c) What funding was utilized?

(d) What criteria were utilized for determining what was digitized? [70]

(e) What were the steps in the digitization pipeline? (For example, in the case

of photos, what scanners were used to digitize the documents? In the case of

documents, what OCR engines were utilized?)

(f) What metadata was algorithmically produced?

4. Data Provenance

(a) What is the provenance of the dataset, from collection through digitization?

[37, 85, 146]

(b) Is any part of the provenance unknown?

5. Crowd Labor

(a) Have volunteers or crowd workers added metadata to the dataset? [70, 156, 283]

(b) If so, how were they recruited and compensated?

(c) If so, what metadata did they produce? (i.e., transcriptions, annotations, etc.)

6. Additional Modification

(a) Were any additional steps taken after collection curation and digitization in order

to produce the dataset in question? (i.e., Were any items removed? Were any

additional metadata added? etc.)

The Machine Learning Model

Note: if multiple machine learning models were utilized in the project, this step should be

completed for each model.

1. Overview

(a) What model architecture has been utilized? [240]

(b) What is the task that the model is being deployed to perform?

(c) Who trained, finetuned, and/or deployed this model? [240]
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(d) Across what organizations or institutions did this training, finetuning, and/or

deployment take place? [240]

(e) What funding was utilized? [115]

2. Training / Finetuning

(a) Was the model trained from scratch?

(b) If so, what data was used to train the model? [240]

(c) If not, was a pre-trained model utilized? Where can more information on the

pre-trained model be found?[240]

(d) Was the pre-trained model finetuned? If so, what data was utilized for finetuning?

(e) If training or finetuning was performed, what computational resources were uti-

lized?

3. Evaluation

(a) How was the model’s performance evaluated? [240]

(b) What data was used for evaluation? [19, 240]

(c) If the model involves data pertaining to people, has the model been audited for

fairness and bias using tools such as FairLearn? [19, 41, 85, 156, 228, 317]

(d) Have any tools been utilized to generate explanations for predictions (i.e., LIME

[321], SHAP [226], TCAV [172]) and modify the model in response? [19, 70, 85,

284, 321]

4. Deployment

(a) How was the model deployed? Was it used to make a single pass over the cultural

heritage dataset in question, or will it be continuously deployed?

(b) What computational resources were utilized for deployment?

(c) Are the metadata generated by the machine learning model (embeddings, classi-

fications, etc.) available as project deliverables?

5. Release

(a) Has the resulting model been made available for download? (if no, the following

questions can be skipped)

(b) What license has been provided? [240]
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(c) Who are the primary intended users, and what are the intended use cases? [240]

(d) Does this model have applicability outside of cultural heritage collections?

(e) What are ways that this model could be misused, either intentionally or unin-

tentionally? [227, 240]

6. Environmental Impact

(a) What were the carbon emissions produced by training, finetuning, and/or de-

ploying this model? [70, 190, 360]

(b) How does the environmental impact of this model compare to that of other

components of the project, such as a collection’s digitization or stakeholders’

flights to relevant conferences?

Organizational Considerations

1. Stakeholders

(a) What stakeholder groups are involved in this project? [70]

(b) What is each project member’s familiarity with machine learning? [70, 156]

(c) What is each project member’s familarity with cultural heritage collections as

data?

(d) Has the project notified and sought input from all potentially relevant stakeholder

groups, such as those included within the cultural heritage dataset itself? [227,

317]

(e) Do groups a↵ected by the project, such as individuals and communities directly

represented within the cultural heritage dataset, have an avenue for contacting

project sta↵ and seeking recourse? If so, whom should they contact? If not, why

not? [85, 240, 317]

2. Use of Machine Learning

(a) Was it necessary to use machine learning for this project?

(b) If so, why?

(c) If not, why was machine learning still utilized?

(d) What are potential critiques of applying machine learning in this context?

3. Organizational Context
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(a) Can this project be used to build data fluency within the organization or insti-

tution? [284]

(b) Do there exist programs or paths for training sta↵ a�liated with the project to

develop machine learning skillsets? [70, 284]

(c) Do there exist programs or paths for training sta↵ a�liated with the project to

develop fluency with cultural heritage collections?

4. Project Deployment & Launch

(a) Who is the target audience of this project? [227]

(b) How does the target audience align with the audiences that the institution or

organization is hoping to engage?

(c) If the target audience of the project is the public, does it make an attempt to

educate the public regarding the machine learning approaches employed?

(d) Did the project launch reach the intended audience?*

(e) Has the project received feedback from stakeholders, including the audience? If

so, what feedback has been received?*

(f) Has the launch of the project resulted in any changes to the project?*

(* = to be completed post-launch)

Copyright, Transparency, Documentation, Maintenance, and Privacy

1. Copyright

(a) Building on question 1.1.g, does copyright impact the dataset, model, code, or

deliverables for the project? [70, 115, 156, 240, 283]

(b) If they are made available, what licenses have been chosen?

(c) If they are proprietary, how does this impact re-use?
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2. Transparency & Re-use

(a) Can the project be audited by outsiders? If so, is there funding available to

support outside audits? [240, 317]

(b) Is the code created for the project extensible for other cultural heritage re-

searchers? [284]

(c) If so, does the project provide any tutorials or toolkits for re-use?

3. Documentation

(a) Does the project have documentation? [167]

(b) If so, is the documentation interpretable by the project’s audience?

(c) Is the project reproducible to an outside researcher, given the documentation

available?

4. Privacy

(a) If the project is hosted online, are data on visitors collected? If so, what kinds

of user data are collected? [70]

(b) Is visitor consent gained before gathering online data? [70]

5. Maintenance

(a) Will the project and code be maintained? [115]

(b) If so, how frequently, and who will be responsible for maintaining it?
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2.7 Conclusion & Future Work

In this chapter, we have demonstrated how large-scale cultural heritage datasets can be

constructed using machine learning and how such datasets can be utilized to answer re-

search questions in library & information science and the humanities. Adopting Chron-

icling America as a case study, we first introduced the Newspaper Navigator dataset of

extracted visual content across 16+ million digitized historic newspaper pages. We then

detailed how the dataset can be utilized for downstream scholarship in library and infor-

mation science, the digital humanities, critical data studies, print history, Jewish studies,

and beyond. With these studies, we have demonstrated the capacity for interdisciplinary

scholarship and collaboration. Notably, the Newspaper Navigator dataset has implications

for the field of document layout analysis as well: the Newspaper Navigator visual content

recognition model has been incorporated into Layout Parser, a “unified toolkit for deep

learning based document image analysis,” enabling layout analysis with the model in just

a few lines of Python code [338].

As more and more cultural heritage collections continue to be digitized, the challenges

of rendering these collections searchable only continue to increase. Opportunities to apply

emerging methodologies from computer vision, natural language processing, and multimodal

machine learning are manifold, with the potential to drastically improve impoverished meta-

data and thus render these digital collections discoverable. Future directions include not

only continuing to apply such methodologies but also developing interdisciplinary research

programs that can both build these datasets and answer scholarly questions using them.

Let this be a call to action for the development of such programs.



141

Chapter 3

OPEN FACETED SEARCH

Research in human-computer interaction has repeatedly demonstrated the value of facets

in supporting exploratory search and sensemaking. While the faceted search interface re-

mains ubiquitous, it requires a facet taxonomy to be pre-defined and applied to a collection

of items prior to deploying a search system. This challenge is particularly pronounced when

descriptive metadata is impoverished. We introduce open faceted search, a framework in

which end-users can define their own facets in an open-domain fashion using interactive

machine learning. Under this framework, a user trains a “facet learner” to retrieve items

belonging to an open facet by iteratively refining the facet learner’s predictions. To instan-

tiate open faceted search, we introduce the publicly-deployed Newspaper Navigator search

application, an open faceted search system for 1.5 million photographs extracted from his-

toric newspapers launched in collaboration with the Library of Congress. We report on

our ongoing evaluation of open faceted search. To do so, we perform detailed log analysis

of the search application’s public usage over 46 months of deployment and report on over

42,000 unique user sessions. Our analysis of hundreds of open facets created by users reveals

that users desire facets outside of canonical image recognition taxonomies. We further in-

vestigate and report on organic user interactions with open faceted search surrounding the

definition, training, and application of open facets. We conclude this chapter by introducing

zero-metadata open faceted search, an extension of open faceted search that enables the full

bootstrapping of open faceted search interfaces for image collections using large language

models and multimodal embeddings, even when the images have no associated metadata.

This work surrounding open faceted search was in collaboration with Daniel S. Weld

and is partially based on a publication that appeared as a demo at UIST 2020 [205].
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3.1 Introduction

Search systems are ubiquitous to the online experience, heavily mediating the information

that users encounter on a daily basis. Though some users of search systems have well-

defined search needs with specific end destinations in mind (e.g., lookup tasks & question-

answering), many users have entirely di↵erent search needs, broadly characterized as ex-

ploratory search. For example, a user might desire to make sense of a collection of infor-

mation without a specific end destination [233, 341, 395]. In faceted search, a taxonomy

of metadata facets are applied to items across di↵erent attributes, enabling end-users to

traverse the facet taxonomy and filter items while browsing. Research in human-computer

interaction over the past two decades has consistently demonstrated the utility of facets for

facilitating exploratory search in comparison to alternative methods, such as basic keyword

search and cluster-based search. Today, faceted search systems remain the default interface

type for e-commerce sites, library discovery systems, and beyond.

Unfortunately, faceted search su↵ers from a primary limitation: it requires the facet tax-

onomy to be constructed in advance and applied to the items before deploying the search

system. Historically, constructing and applying such a taxonomy has required manual inter-

vention, which can be both expensive and time consuming. While approaches to automated

and semi-automated facet and taxonomy construction have been o↵ered as solutions to the

problem of manual intervention [35, 355, 359], and advances in machine learning have im-

proved the potential for automated facet labeling, the question of how to enable open facets

to be defined by users remains unsolved. In the case of image search, the old adage of “a

picture is worth a thousand words” rings true: captions and metadata inevitably fail to fully

describe an image, and the importance of open facets is redoubled. Likewise, open facets

could be especially useful for collections with impoverished metadata, as well as those with

a wide range of users with drastically di↵erent search needs.

In this chapter, we present and evaluate open faceted search, a new search framework in

which users can define their own facets in an open domain fashion during the search process

[205]. Users are empowered to define their own facets through interactive machine learning

a↵ordances by iteratively training a “facet learner” to retrieve relevant items described by
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the desired open facet. Like standard facets, open facets can be applied during a search

session.

To demonstrate open faceted search’s feasibility, we have successfully built the Newspa-

per Navigator search application, an open faceted search application for 1.5 million photos

extracted from historic newspaper pages and found within the Newspaper Navigator dataset

[202]. We chose this setting in particular because these photos had little to no descrip-

tive metadata, and their textual captions contain copious errors due to the open challenge

of newspaper text for optical character recognition (OCR). Consequently, constructing a

canonical faceted search interface would require significant manual intervention.

To evaluate open faceted search, we analyze two years of user logs for the Newspaper

Navigator search application, launched for the general public in September, 2020, in col-

laboration with the Library of Congress. Studying over 42,000 user sessions, we are able to

evaluate organic usage of open faceted search by a wide range of end-users, including schol-

ars, genealogists, schoolgroups, and beyond. We demonstrate the breadth of open facets

defined by end-users, indicating a need for openness in faceted search. Moreover, in analyz-

ing open facet training patterns, we show evidence of facet learning for many open facets

and demonstrate the capacity for advances in multimodal embeddings to further improve

these results.

Lastly, we discuss ongoing research surrounding zero-metadata open faceted search.

With this extension, users can interactively bootstrap a full facet taxonomy using large

language models, which can then be applied to image collections in a zero-shot fashion.

The user can then add open facets to the taxonomy, enabling continual refinement during

the search process. Significantly, this makes it possible to generate an interactive open

faceted search interface for image collections with no associated metadata. We introduce

an initial system for zero-metadata open faceted search and describe future work to fully

realize the vision.

In summary, the contributions of this chapter are:

1. We introduce open faceted search, a novel framework that empowers users to define

and apply their own facets using interactive machine learning during the exploratory

search process.
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2. We instantiate open faceted search with the Newspaper Navigator search application,

an open faceted search system for 1.5 million historic newspaper photographs publicly

deployed with the Library of Congress.

3. We evaluate open faceted search by analyzing the logs of 42,406 user sessions in the

Newspaper Navigator search application, resulting in hundreds of trained open facets.

4. We demonstrate the importance of “openness” by showing that 85.5% of user-defined

open facets are not covered by ImageNet-1000, revealing a long tail of open facet

construction.

5. We introduce ongoing work toward zero-metadata open faceted search, enabling an

end-user to interactively bootstrap a full faceted search system for image collections

that is open as well, even when the images have no associated metadata.
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3.2 Related Work

3.2.1 Faceted Search

With faceted search, users are able to filter search results according to di↵erent meta-

data facets, which describe items across many orthogonal dimensions, including categories

and attributes [137]. With hierarchical faceted search, facets are structured hierarchi-

cally to enable users to toggle between di↵erent levels of granularity. User studies with

projects such as Flamenco and beyond have demonstrated that faceted search interfaces

facilitate exploratory search, provide fluid interaction between the user and the search en-

gine, and improve the ease of use in comparison to standard keyword search interfaces

[92, 93, 136, 138, 140, 182, 249, 354, 411]. Of particular relevance to this chapter is [408],

which demonstrates the utility of hierarchical faceted search in the context of exploratory

image search using a cultural heritage collection from the Fine Arts Museum of San Fran-

cisco. Indeed, hierarchical faceted search has remained an active area of research and has

seen widespread adoption across the World Wide Web, ranging from e-commerce sites to

travel sites to library discovery systems [391]. The central limitation of faceted search is

that the facet taxonomy must be pre-defined and applied to a collection before deploying

the search interface [139]. Open faceted search addresses this limitation by augmenting

faceted search in order to empower users to define their own facets.

3.2.2 Automated & Semi-Automated Facet Taxonomy Construction

Given that faceted search requires a facet taxonomy to be constructed and applied in ad-

vance of deployment, a longstanding area of focus among researchers has been the devel-

opment of systems for automated and semi-automated facet taxonomy construction. For

example, the CastaNet system utilizes an external lexical database to bootstrap up a hi-

erarchical facet taxonomy [141, 355, 356]. The CASCADE system provides an automated

workflow that crowd workers can utilize to quickly construct a taxonomy [60]. Kong et al.

propose faceted search for the web by automatically extracting facets in an open domain

fashion using retrieval, candidate extraction, and facet refining [178, 179]. Other systems

that automate the construction of facets include ImageSieve, an exploratory search system
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for museum archives that utilizes named entity recognition to bootstrap facets [211]; Me-

diaFaces, a system that automates the construction of facets and that was integrated into

Yahoo’s production image search system (as of 2010) [379]; Strong et al.’s system for gener-

ating facets using concept extraction from Wikipedia [359]; CIDER, a system that utilizes

Wikipedia for automatic query expansion [148]; and Begelman et al.’s facet construction

via tag clustering [35]. Though this body of research proposes methods for enriching facets

for exploratory search, none of these approaches provide methods for directly empowering

users to dynamically define their own facets.

The crowdsourcing literature also includes related work such as REVOLT, a system

for collaborative labeling of concepts [55]; Sun et al.’s framework for generating concept

hierarchies via crowdsourcing [362]; and Deng et al.’s framework for crowdsourced multi-

label annotation [83]. The structured labeling paradigm, which facilitates more consistency

during the labeling process by allowing crowd workers more expressivity beyond binary

labels, is particularly valuable for open faceted search [183]. Halevy et al.’s framework for

“Pay-As-You-Go Integration Systems” for databases describes a methodology for combining

heterogeneous data sources into a unified taxonomy and thus is also applicable to this notion

of automated taxonomy construction [79].

3.2.3 Image Search Systems & Content-based Image Retrieval

Decades of computer science research has focused on image search systems, many of which

leverage content-based image retrieval (CBIR) techniques [16, 50, 96, 143, 149, 173, 176, 290,

294, 308, 350, 358, 377, 388, 413]. Relevant systems include WhittleSearch, which enables

the user to provide feedback on returned images by making natural language requests,

such as “less pointy” or “brighter” [180]; visual query suggestion, a framework that utilizes

a combination of keyword search and visual similarity search to combat the heterogeneity

within keyword search results [410]; Fauqueur et al.’s system for providing relevance feedback

by combining boolean operations on image regions to search [98]; and FutureView, an image

search interface that shows predictive views of potential search refinements in order to

support sensemaking [149]. Open faceted search re-imagines content-based image retrieval
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in the interactive machine learning setting and empowers the user to steer the machine

learner to define facets of interest via the rapid retraining.

Of particular note is the image search system CueFlik. Developed throughout a series

of papers [7, 8, 9, 102], CueFlik is a system for “interactive concept learning,” a form

of interactive machine learning that, in the words of the authors, “allows end-users to

quickly create their own rules for re-ranking images based on their visual characteristics”

via interactive machine learning [102]. The authors performed various user evaluations in

order to identify the optimal interface for surfacing examples for the user to train interactive

concept learners [102]; the best active learning methodologies for selecting examples for the

user to rate [7]; and new a↵ordances for the user to surf through their labeling history while

training and re-training the interactive concept learners [8]. Though the interactive concept

learning paradigm initially proposed by CueFlik facilitated learning concepts that could be

captured with low-level features, open faceted search extends this paradigm to high-level

image features as well, enabling the user to define facets that capture high-level, semantic

concepts. Moreover the authors comment that “an interesting possibility ... is supporting

end-user interactive specification of facets based on the visual properties of images” [102].

Open faceted search addresses precisely this goal.

Additionally, a number of relevant studies consider the text domain for the exploratory

search setting. For example, the SearchLens system enables users to define their own

“lenses” via keywords that can be combined via complex interactions to refine a search

feed in the context of exploratory search [56]. The closely related FeedLens is also relevant

in this context [169]. Open faceted search builds on this work to explicitly empower users

to rapidly define their own facets in the form of topics or concepts by defining examples at

the instance level.

3.2.4 Analysis of Users’ Needs in Image and Photo Archives

Across the disciplines of computer science, library & information science, and archival sci-

ence, researchers have studied user needs surrounding image and photo archives [16, 18,

59, 94, 99, 100, 160, 171, 234, 291, 350, 399]. This body of work reveals the heterogeneity
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of needs and expectations expressed by users, further motivating user empowerment when

searching image collections. Moreover, [58, 62, 66, 94, 100, 160] all provide taxonomies for

characterizing user search queries with photo and image archives. Of particular relevance to

this chapter are [62], which surveys such taxonomies and considers an in-person, recruited

user study of queries for the Library of Congress’s American Memory photo archive, and

[66], which provides a useful taxonomy of patrons’ real queries at the North Carolina Col-

lection at the University of North Carolina at Chapel Hill and the North Carolina State

Archives in Raleigh.

3.2.5 Search Log Analysis

Search engine logs have long been utilized to evaluate the performance of search systems

[137]. Unlike other evaluation methods, such as qualitative studies, in-person evaluations,

and surveys, log analysis provides a non-obtrusive method for studying searches [29]. More-

over, search logs enable analysis at scale. In this chapter, we evaluate open faceted search

using the logs of the Newspaper Navigator search application, which cover 46 months of

the application’s online deployment. In Section 3.4, we describe these search logs in more

detail, with a particular emphasis on privacy considerations.

3.3 Introducing the Newspaper Navigator Search Application

3.3.1 Background

To instantiate open faceted search, we built the Newspaper Navigator search application,

a publicly-deployed search interface for 1.56 million photographs from the Newspaper Nav-

igator dataset (all of the photos from the dataset published between 1900 and 1963 with

confidence scores � 90%). Because the photographs in the Newspaper Navigator dataset

have limited metadata, and their corresponding captions su↵er from manifold errors due

to bounding box imprecision and highly-varying optical character recognition, open faceted

search has the capacity to improve discoverability for the collection in a meaningful way.

Significantly, open faceted search itself was inspired by conversations with users of the News-

paper Navigator dataset, who had specific visual facets that they wished to search for, but
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no way to formulate relevant keyword searches. Moreover, early users of the Newspaper

Navigator dataset varied greatly, from scholars to students in the classroom to genealogists,

meaning that their needs and expectations were far-ranging. All of these considerations

motivated openness as a key area for extending faceted search.

The Newspaper Navigator search application was built using Flask, Python, and vanilla

JavaScript; all machine learning components were implemented with scikit-learn [288]. The

application was fully containerized in Docker and hosted using AWS Fargate in collaboration

with Chris Adams and John Foley of IT Design & Development at the Library of Congress.

Launched on September 15, 2020, the search application has been continuously deployed

without any major service outages. The public search application can be found at: https:

news-navigator.labs.loc.gov/search, and all code for the search application can be

found at: https://github.com/LibraryOfCongress/newspaper-navigator.

Here, we detail a sample exploratory search experience with open faceted search. A

full demonstration video showing these a↵ordances can be found at: https://vimeo.com/

454247544.

3.3.2 A Walkthrough of the Newspaper Navigator Search Application

Upon landing on the home page (Figure 3.1), a user can perform a keyword search against

the captions of the 1.5 million photos as an initial entry point. Figure 3.2 shows a keyword

search of baseball and the returned results. In total, 5,427 photographs are returned,

the captions of all of which contain the string baseball. These results demonstrate both

the strengths and weaknesses of keyword search. On the one hand, thousands of results are

returned, ranging from portraits of baseball players to action shots to team photographs. On

the other hand, this heterogeneity can present challenges in its own right, especially if a user

is interested in isolating one specific type of photograph. Doing so is exceedingly di�cult

with keyword search. Moreover, many relevant results are being lost due to imperfect OCR,

as well as the intrinsic limitation of keyword search only returning images whose captions

contain the literal phrase baseball. Let us consider a scenario in which the user would like

to study action shots of baseball players, which will serve as our motivating example for

https:news-navigator.labs.loc.gov/search
https:news-navigator.labs.loc.gov/search
https://github.com/LibraryOfCongress/newspaper-navigator
https://vimeo.com/454247544
https://vimeo.com/454247544
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Figure 3.1: The landing page for the Newspaper Navigator search application (https://
news-navigator.labs.loc.gov/search).

Figure 3.2: The results returned from a keyword search of baseball. Note that 5,427 photographs
are returned, including portraits of baseball players, action shots, team photographs, and beyond.

https://news-navigator.labs.loc.gov/search
https://news-navigator.labs.loc.gov/search
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Figure 3.3: An example of the modal that appears when selecting for more information on a photo-
graph.

open faceted search in this walkthrough.

Before proceeding to open faceted search, it is instructive to highlight other functional-

ities in the search application. For example, the user can sort the returned photographs by

date of publication or filter by state or year. Upon hovering over a photograph, the user

is presented with the option to “+ collection” (add the photograph to “my collection”) or

“info” (view more information on the photograph). Selecting for more information (Figure

3.3), a modal is surfaced containing additional information about the photograph, including

its date of publication, its caption with the keyword highlighted in context, the newspaper

title in which it appeared, and options to download a high-resolution version of the photo-

graph, view the photograph in context in the original newspaper page, learn more about

the newspaper title, or generate a citation for the photograph.

Upon selecting “+ collection,” the photograph is now outlined with a red border. Nav-

igating to the “My Collection” tab (Figure 3.4), the user can view the photographs that

they have selected. The metadata for these photographs can be downloaded as a CSV.

Moreover, the user can copy a URL that saves the state of the collection to be returned to



152

Figure 3.4: Selected images appear in the “My Collection” page, where metadata can be downloaded,
and a persistent link can be generated in order to return to the collection or share with friends.

later or shared with friends.

Navigating to the “Train My AI Navigators” tab (Figure 3.5), the open faceted search

interface is surfaced. On the top left of this interactive machine learning interface, pho-

tographs from “My Collection” appear, at first with a single photograph highlighted with

a green border. On the right-hand side, the nearest neighbors to this photograph are dis-

played in rank order, as determined using pre-computed ResNet-18 embeddings [134]. When

hovering over the images on the right, the user has the opportunity to either select “+” and

steer the AI navigator toward this photograph, or select “-” and steer the AI navigator away

from this photograph. In the language of interactive machine learning, the user is defining

positive and negative training examples for their open facet of interest. This open facet (or

AI navigator) can be named using the text box in the upper right. When the user clicks the

“Train My AI Navigator” button, a linear model is trained on all of the positive and neg-

ative examples, along with 1000 randomly-drawn examples from the unlabeled pool, which

are treated as negative pseudoexamples. The system then re-ranks all 1.5+ million photos

according to prediction score, and the ranked results appear on the right-hand side. Of note
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Figure 3.5: The open faceted search interface for the Newspaper Navigator search application, show-
ing an example user session curating a facet learner for a “baseball players” open facet. Newspaper
Navigator supports user-defined facets of semantic content and lower-level image features.

is the fact that this process introduces very little latency: from clicking the button, results

are returned within a second on the deployed site. Figure 3.5 shows one such example after

multiple rounds of training. The user has named this AI navigator “baseball players,” and

the large majority of returned results are, indeed, action shots of baseball players. Notably,

these photographs have been retrieved entirely based on their visual features, and their

captions do not need to contain the string baseball.

Once the AI navigator has been trained, it appears as a facet on the left-hand side of

the main search page, to be applied just like a standard facet. It can be used to formulate

complex queries with keyword search or filtering against the other metadata facets.

3.4 The Newspaper Navigator Search Logs

The Newspaper Navigator search logs obtained for analysis contain information on sessions

spanning 46 months of public deployment, from September 15th, 2020 (the public launch

of the search application) to July 26th, 2022. In order to comply with privacy mandates at
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Figure 3.6: A histogram of pageviews per session for all 42,403 user sessions for the Newspaper
Navigator search application between September 15th, 2020, and July 26th, 2022. Note the log-scale
on the y-axis.

the Library of Congress, these search logs that we received have been modified by sta↵ so

that the logs do not contain personally-identifiable information, instead consisting solely of

timestamps and URLs of fully anonymized user sessions. This study is in full compliance

with the University of Washington’s Human Subjects Division.

3.4.1 Overall Usage Patterns

Between September 15th, 2020, and July 26th, 2022, the Newspaper Navigator search appli-

cation supported 42,403 user sessions that included at least one non-empty keyword search

on the application’s homepage. Figure 3.6 shows a histogram of pageviews per session. Of

these 42,403 user sessions, 821 sessions (1.9%) performed at least one training iteration of

an open facet, resulting in 867 trained open facets. Of note is that the Newspaper Navigator

search application only included a tutorial video on the homepage and did not include an

explicit onboarding tutorial with tooltips – important for contextualizing this 1.9% conver-

sion rate of users to open facet training. Of the 867 trained open facets, 258 (29.8%) were
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given names by end-users (naming facets was an optional step in the training process). Of

the 821 sessions, 50 (6.1%) trained multiple open facets. This section focuses on evaluating

these 867 trained open facets in order to understand the benefits and limitations of open

faceted search, as implemented within the Newspaper Navigator search application.

3.5 Evaluating Open Faceted Search

3.5.1 Taxonomizing Open Facets

One essential question surrounding open faceted search is to what extent existing facet tax-

onomies provide su�cient coverage for user interests. If these taxonomies are incomplete,

the utility of open faceted search is clear. In the case of the Newspaper Navigator search

application, we can analyze the 258 named open facets in relation to existing image recog-

nition taxonomies in order to answer this question. In this section, we consider the fraction

of open facets that are already covered by ImageNet-1000, a canonical image recognition

taxonomy. We report on additional summary statistics pertaining to the open facets as

well.

Open Facet Name Diversity

After de-duplicating the 258 named facets, we find 205 unique facet names, meaning that

53 defined open facets are duplicates. This diversity among open facets being defined by

end-users suggests that users have varying search interests, providing initial evidence for

the utility of openness.

Open Facet Composition

What is the composition of these facet names? Of these 205 unique names, 45 (22.0%) are

proper nouns, 12 (5.8%) contain proper nouns, and 148 (72.2%) consist entirely of com-

mon nouns. Significantly, the open faceted search a↵ordance included in the Newspaper

Navigator search application is unable to capture most proper nouns (e.g., disambiguating

buildings in di↵erent towns or recognizing specific people). This suggests that some users

have unrealistic expectations for the open faceted search a↵ordance. This could be im-
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proved in future iterations through clearer communication surrounding what types of open

facets can be defined using the facet learning a↵ordance. Moreover, 51 of the 205 unique

facet names (24.9%) concern people, many of which pertain to professions. This interest

in searches related to people among users is an important consideration surrounding the

Newspaper Navigator photographs.

Open Facet Names and ImageNet-1000

Comparing the 205 unique facet names to the categories in ImageNet-1000, we find that only

22 (10.7%) are covered by the canonical image recognition taxonomy. Of the 258 total facets

(including duplicates), 40 (15.5%) are covered by ImageNet-1000. This result shows clear

evidence surrounding the importance of open faceted search: existing image recognition

taxonomies fail to cover the breadth of user interests. It is important to qualify this with

the fact that facet names are imperfect proxies because they may not be clear specifications

of what users actually want to search for. A broad facet name may be a confound with

the precision of the facet learner (i.e., named as such because the returned results are so

varied). Also, facet names may be aspirational in terms of what the user wants to search

for but did not actually achieve via training. In the next section, we discuss facet training

patterns, but additional user evaluation could be of assistance in clarifying these questions.

Lastly, it is important to note that many of the open facets defined within the Newspaper

Navigator search application concerned terms of historical relevance that are not included

in ImageNet-1000, designed with born-digital images scraped from the World Wide Web

in mind. However, this only further motivates open faceted search, where user desires and

image collections may diverge greatly from existing taxonomies.

3.5.2 Understanding Open Facet Training Patterns

Figure 3.7 shows a histogram of the number of training iterations for each open facet, both

for the 258 named open facets and 867 total trained open facets. Over half of the sessions

trained an open facet for more than one iteration, suggesting that users understand the

interactive nature of the open facet training process.
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Figure 3.7: A histogram of open facet (“AI navigator”) trainings per session. The orange bars
correspond to training sessions in which the open facets were also named; the blue bars correspond
to all open facet training sessions.

In total, 18 di↵erent users changed the name of an open facet during the training process.

While some of these sessions reflect a desire to define multiple open facets in the same session,

some also reflect a decision to update the facet name as a result of the photographs surfaced

during the training process. This indicates that in some cases, the facet names are less

reflective of the user’s desired query but rather reflective of the results being returned.

3.5.3 Evaluating Open Facet Performance

Using the search logs, it is possible to evaluate open facet performance at each stage of the

interactive training process for many of the named open facets. Of the 258 total named open

facets, we first remove all such ones that appear in ImageNet-1000 for two reasons: 1) the

ResNet-18 embeddings used for visual similarity were trained on ImageNet-1000, artificially

biasing the embeddings toward higher performance on these facets, and 2) we are most

interested in open facets that do not appear in existing image classification taxonomies. We

then remove facets containing proper nouns. Lastly, we remove facets that are su�ciently
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Figure 3.8: Facet performance for 54 open facets defined by users of the Newspaper Navigator search
application. In each plot, the training curve shows precision as a function of training iteration, i.e.,
the performance of the open facet learner at the each iteration of the user’s training/re-training
of the facet learner. Some curves have higher training iteration values than others because users
were free to train each open facet learner for as many iterations as was desired. Precision at 100 is
shown as an orange dotted line, and precision at 200 is shown as a blue solid line (200 represents
the number of images shown on the right-hand side of the facet training interface in the search
application). None of these 54 facets appear in ImageNet-1000. Note that these facets have been
trained for variable number of iterations, based on user preference.
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subjective, making them di�cult to establish ground truth. Of the remaining facets, we

evaluate precision at 100 and precision at 200 for each open facet at each stage of the training

process. Here, precision at 200 is chosen because the interactive facet learning interface in

the search application shows 200 photographs on the right-hand side during training. We

label relevant photographs by hand for this evaluation.

In Figure 3.8, we show the individual facet training curves for 54 di↵erent open facets.

These 54 represent 56% of the unique named open facets (current work surrounds the

evaluation of the remaining 41 unique open facets). The individual training curves reveal a

range in facet performance, from some facets with near-perfect precision (e.g., “old cars,”

“moustache”), to others with no facet learning (“mourning veil,” “witches,” “totem poles”).

For 28 of the 54 open facets, we observe precision at 200 of greater than 20% (i.e., at least

40 of the top 200 images). While it is important to recognize that the large majority of open

facets do not achieve 50%, relevant results are being returned that can be quickly filtered

by end-users during the search process; without open faceted search, this would require

manually scanning over a million images or relying on captions, imperfect representations

made further unreliable due to OCR mistranscriptions. For facets with higher precision, we

observe clear evidence of facet learning, i.e., training curves that improve with more training,

suggesting that the interactive training functionality is understood by some fraction of end-

users.

Significantly, for a number of open facets including “chickens,” “dancers and athletes,”

“early airships,” and “bride,” we observe an e↵ect in which the end-users overtrain the open

facets, resulting in precision to decline in the last stages of training. Amershi et al. observed

a similar phenomenon with the CueFlik system for interactive concept learning [7]. This

suggests that further work remains surrounding how best to communicate overtraining to

end-users.

3.5.4 CLIP Embeddings Improve Open Facet Performance

A central question surrounding the performance of open facets in the Newspaper Navigator

search application is to what extent improvements in computer vision would lead to higher
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precision. Though ResNet embeddings were state-of-the-art when we launched the search

application in 2020, much progress has been made. In this section, we consider multimodal

embeddings from CLIP, OpenAI’s contrastive language–image pre-training model [311]. In

particular, we can perform zero-shot open facet learning by querying with a facet name and

retrieving the nearest image neighbors in rank order.

As an initial simulated experiment, we consider the final training state of all 49 evaluated

open facets in Figure 3.8 with non-zero precision at 200. For the top 200 photos retrieved

by open facet, we compute CLIP embeddings and perform the zero-shot facet ranking

using the facet name provided by the user (i.e., sorting by inverse distance between the

name embedding and photograph embeddings). Utilizing the ground-truth labels from the

previous experiment, we evaluate the normalized discounted cumulative gain (NDCG) of

the re-ranked images using the CLIP approach [170]. We then compare the CLIP NDCG to

the baseline NDCG using the ResNet-18 embeddings. Of the 49 open facets, we find that

CLIP has a higher NDCG for 38 and an equal NDCG for the remaining 11 – never lower

than the baseline.

To demonstrate the capacity for CLIP embeddings to enable open facet learning even in

the most di�cult cases presented in Figure 3.8, we perform zero-shot facet ranking for the

worst-performing open facets from the Newspaper Navigator search application. Here, we

rank all 1.5+ million photos in the search application using the zero-shot approach. In Table

3.1, we report CLIP precision at 10 for these open facets. In all cases except “mourning

veil” (0% for both CLIP and the baseline), the CLIP results have many more examples in

the top 10 rankings than the original open facets did in the top 200.

3.6 Newspaper Navigator Search Application Impact

In order to complement the log analysis and demonstrate broader impact, we provide an

overview of communities who have utilized the Newspaper Navigator search application.

The search application has seen usage among scholars, teachers and students in the class-

room, genealogists conducting family and local history research, and more broadly, members

of the public. A detailed description of the organizational considerations behind the project

can be found in a EuropeanaTech Insight article co-authored with members of the LC Labs
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Open Facet Name CLIP Precision at 10

Golf links 80%

Gira↵e 100%

Radio antenna 30%

Statues of horses 60%

Palm trees 100%

Pigeon 80%

Mourning veil 0%

Witches 50%

Totem poles 60%

Table 3.1: CLIP precision at 10 for the worst-performing open facets from the Newspaper
Navigator search application. Here, we report precision at 10 because the CLIP results have
many more examples in the top 10 rankings than the original open facets did in the top 200
(with the exception of “mourning veil”).

team [203].

3.6.1 Scholars

Examples of the broader impact of the Newspaper Navigator project within a scholarly

context can be found in Chapter 2. An overview of the search application from a digital

humanities perspective can be found in Lorella Viola’s review of Newspaper Navigator in

Reviews in DH [385].

3.6.2 Teachers and Students in the Classroom

The Newspaper Navigator search application has been utilized in classrooms ranging from

social studies to computer science. For an overview of usage in the context of social studies,

we refer the reader to [200], an article in Social Education co-authored with Ilene Berson

and Michael Berson, Professors of Education at the University of South Florida. Educators

including Jacqueline Katz and Peter DeCraene have utilized the search application in their

STEM classes, and Katz’s Library of Congress webinar surrounding teaching applications

is a valuable resource [168]. Moreover, in his podcast, The Primary Source, Tom Bober
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provided an educator’s view of the search application [42].

3.6.3 Genealogists

Among genealogy communities, users have adopted the Newspaper Navigator search ap-

plication in the context of research surrounding family history and local history. Podcasts

such as Lisa Louise Cooke’s Genealogy Gems [68] and Shamele Jordon’s Genealogy Quick

Start [159] provide overviews of using the search application for genealogical research.

We look forward to continuing to track use cases among di↵erent communities during

the Newspaper Navigator search application’s continued deployment.

3.7 Log Analysis: Next Steps

While the included analysis provides clear evidence for the potential of open faceted search,

additional analysis of the Newspaper Navigator search logs would be instructive. First, in

taxonomizing the open facets defined by end-users, it would be valuable to apply existing

image archive taxonomies such as [58, 62, 66]. In particular, [62] considers an in-person, re-

cruited user study of queries for the Library of Congress’s American Memory photo archive,

and [66] considers patrons’ queries at the North Carolina Collection at the University of

North Carolina at Chapel Hill as well as the North Carolina State Archives in Raleigh.

Understanding any di↵erences in open facet queries in Newspaper Navigator in relation to

this related work would help to clarify expectations surrounding open faceted search and

keyword search. Along these lines, taxonomizing the keyword searches within the Newspa-

per Navigator search application and comparing them with the defined open facets could

shed light on this.

In evaluating the performance of open facet learning, future work includes assessing

the ceiling of open facet performance through additional training, both with the existing

ResNet-18 embeddings in the search application and with CLIP embeddings. Assessing

upper bounds in performance is helpful in determining the limits of this implementation of

open faceted search, and doing so also allows us to evaluate the gaps between what users

achieved through training and what is possible. This in turn sheds light on ways that the
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implementation of open faceted search can be improved. Moreover, determining how open

facet performance varies based on facet type would be interesting to study further.

Additional trends surrounding open faceted search experiences could be interesting to

explore. For example, using timestamps, we can evaluate how much time each user spent

training each open facet in order to make a case for the responsiveness during a training

session. We can also evaluate how many users applied an open facet in a complex query

with keyword searches or other metadata facets on the main page. From this analysis, we

can learn the combinations of keywords applied with open facets.

Lastly, we can incorporate the findings of this log analysis into the development of future

open faceted search systems. Indeed, we begin this work in Section 3.8 toward zero-metadata

open faceted search.
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3.8 Toward Zero-metadata Open Faceted Search

The previous sections of this chapter have concerned the development and evaluation of

open faceted search as a framework for enabling the definition of new facets in an open

domain fashion. This begs a natural question in human-AI interaction: can open faceted

search be extended to accommodate the bootstrapping and iterative refinement of facet

taxonomies as well? This section introduces zero-metadata open faceted search, an extension

that incorporates precisely these a↵ordances, enabling users to interactively build a facet

taxonomy for image collections – in addition to facilitating canonical “openness” through the

definition and addition of new facets. Significantly, with the marked advances surrounding

large language models (LLMs) and multimodal learning, it is now feasible to interactively

generate facet taxonomies and apply such taxonomies to image collections in a zero-shot

fashion. Thus, we can build faceted search systems for image collections from scratch

even when the images have no descriptive metadata. Zero-metadata open faceted search

therefore addresses a ubiquitous problem among image collections ranging from digitized

cultural heritage (which often have impoverished metadata) to personal photo libraries

(which rarely have metadata beyond geotagging and dates).

In this section, we introduce progress surrounding zero-metadata open faceted search.

Namely, we introduce an initial system capable of generating fully articulated faceted search

interfaces for image collections with no metadata necessary. This system is (1) bootstrapped

using large language models (LLMs) and (2) capable of being refined in an open domain

fashion through user interaction. This section then turns to current limitations as well as

future directions of this work that are necessary to realize the broad vision of open faceted

search o↵ered throughout this chapter, especially in relation to human-AI interaction.

3.8.1 Implementing Zero-metadata Open Faceted Search: A High-level Overview

We begin by providing a high-level overview of our implementation of zero-metadata open

faceted search.
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Step 1: Generating an Initial Taxonomy through Prompt Generation

Recent advances in large language models show great promise for an astonishingly wide

range of tasks, including taxonomy generation and enrichment [365]. While previous meth-

ods exist for the automated or semi-automated construction of facet taxonomies, large

language models o↵er the potential for the seamless and interactive curation of tailored

facet taxonomies for specific collection compositions. For example, we can query a large

language model with the following prompt:

Prompt: “Could you give me a subject matter-based facet taxonomy for brows-

ing a collection of historic photographs?”

The returned taxonomy (in this case from GPT 3.5 [46]), reproduced below, is a two-level

hierarchical taxonomy with 5 parent facets and 30 children facets. It is indeed a useful

initial taxonomy for exploring historic photographs.

• People

– Portraits (individuals or groups)

– Family and social relationships

– Community life

– Occupations and professions

– Sport and leisure activities

– Special events and celebrations

– Fashion and clothing

• Places

– Buildings and architecture

– Urban landscapes and cityscapes

– Rural landscapes and scenery

– Parks and recreation areas

– Historical sites and landmarks

– Transportation hubs and infrastructure

• Historical Events & Eras

– Wars and conflicts

– Political and social movements
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– Scientific and technological advancements

– Economic changes and industrializations

– Cultural and artistic movements

– Natural disasters and environmental changes

• Cultural and Social Aspects

– Religious practices and traditions

– Ethnic and cultural diversity

– Education and intellectual life

– Entertainment and popular culture

– Food and drink culture

– Health and medicine

• Nature and Environment

– Landscapes and seascapes

– Wildlife and animals

– Plants and vegetation

– Climate and weather patterns

– Geological features and natural phenomena

This taxonomy can be further expanded through prompt engineering, such as expanding

the hierarchy depth. We explore one such refinement in Step 4.

Step 2: Generating Embeddings for Images

The next step toward zero-metadata open faceted search entails pre-computing multimodal

embedddings over the images in the image collection of interest. In this specific instance, we

consider embeddings from CLIP, OpenAI’s contrastive language–image pre-training model

[311]. Significantly, these embeddings are inexpensive to compute and only need to be

computed once, so this can be performed upon system launch. Notably, CLIP can be

finetuned for specific image collections (such as historic photographs), but we consider out-

of-the-box embeddings in this chapter.
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Figure 3.9: Using CLIP embeddings, we query for four di↵erent facets from the facet taxonomy
generated by an LLM. The displayed results are nearest neighbors, as determined using the pre-
computed CLIP embeddings.

Step 3: Compute Zero-shot Facets

The next step is to compute facet-image relevance for all pairs (nfacets ⇥ nimages). As a

baseline, we compute the cosine similarity between the text embedding for a specific facet

name and the image embedding within CLIP’s embedding space. This metric enables us

to rank images according to facet relevance, which can in turn be used to populate a facet

taxonomy. Significantly, cosine similarity is remarkably inexpensive to compute (a single

dot product), so a full facet taxonomy can be applied to hundreds of thousands of images

in seconds. In Figure 3.9, we show examples of images retrieved using this method of

facet ranking for four di↵erent facets: “Special Events & Celebrations,” “Historical Sites

& Landmarks,” “Education & Intellectual Life,” and “Geological Features and Natural

Phenomena.” The returned images demonstrate a clear semantic understanding of these

facets. Interestingly, the CLIP embedding space captures an understanding of the text
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appearing within the images: two of the “Special Events & Celebration” images contain the

string “celebrate,” and one of the “Geological Features and Natural Phenomena” images

contains the text “natural.”

Step 4: Adding Open Facets & Refining the Facet Taxonomy

Once an initial facet taxonomy has been created with a large language model and applied

to an image collection, the taxonomy can be expanded via open faceted search. A facet

of interest to an end-user can be defined using the interactive machine learning a↵ordance

introduced earlier in this chapter, or using the zero-shot CLIP retrieval method introduced in

Step 3. In either case, once the facet has been applied to the image collection in question,

it can be incorporated into the facet taxonomy using prompt generation. For example,

providing the following prompt in relation to the taxonomy introduced earlier:

Prompt: “Where does ‘wedding’ belong in this taxonomy?”

GPT 3.5 generates the following response:

“‘Wedding’ would likely belong under the ‘Special events and celebrations’ cat-

egory within the ‘People’ facet of the taxonomy. This category could include

various types of events and celebrations, such as weddings, birthdays, anniver-

saries, graduations, and religious ceremonies. So, photographs of weddings could

be categorized under ‘Special events and celebrations’ along with other types of

celebratory occasions.”

Notably, through further prompt engineering, this response can be converted into struc-

tured output, such that the returned facet taxonomy is in a usable hierarchical format such

as JSON.

3.8.2 An Initial Zero-metadata Open Faceted Search System

Our initial zero-metadata open faceted search system takes as input an arbitrary image

collection. As an example image collection, we utilize all of the photographs from the
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Newspaper Navigator dataset appearing in newspapers published between January 1st,

1900, and December 31st, 1909. In total, this amounts to 284,651 images. We pre-compute

CLIP embeddings for these images.

Bootstrapping an Initial Search System

For an initial taxonomy, we use the two-level hierarchical taxonomy introduced in the previ-

ous section, generated using the provided prompt and containing 35 facets (5 parent facets

and 30 children facets). If a user wishes to use a di↵erent taxonomy, a di↵erent prompt can

be utilized in this step.

To apply the facets to the image, the aforementioned process detailed in Step 3 is utilized

for zero-shot facet learning and re-ranking. Using a single core of a 2nd generation Intel

Xeon scalable processor, generating the initial faceted search interface for 35 facets and

284,651 images requires only 18.1 seconds. Notably, the operations could easily be further

optimized and parallelized, making it possible to scale this approach to hundreds of facets

and millions of images with minimal latency during initial launch.

Figure 3.10 shows screenshots of the system, as implemented in a Jupyter notebook. In

this initial interface, any of the 35 facets can be selected, triggering the 284,651 images to

be re-ranked according to relevance to the selected facet. In the figure, we show two such

facets: “Sport & Leisure Activities” and “Natural Disasters & Environmental Changes.”

Putting the “Open” in “Zero-metadata Open Faceted Search”

In addition to supporting browsing over the 35 existing facets, the user can also add open

facets of their choosing by entering the facet names in the “New Facet” field. As shown in

Figure 3.11, the system automatically (1) queries a large language model to add the new

facet to the existing taxonomy, and (2) applies the facet to all of the images using the same

methodology utilized for the 35 initial facets. In the case shown in the figure, the open facet

“Gothic Architecture” returns salient images and is added to the proper place within the

hierarchy, under “Places ! Buildings & Architecture ! Gothic Architecture.” Thus, this

implementation of zero-metadata open faceted search supports the interactive expansion of
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Figure 3.10: Screenshots of our zero-metadata open faceted search interface for browsing 284,651
images from the Newspaper Navigator dataset. In the top screenshot, the top 18 results are shown
for the “Sport & Leisure Activities” facet; in the bottom screenshot, the top 18 results are shown
the “Natural Disasters & Environmental Changes” facet.
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Figure 3.11: An example of open facet functionality within zero-metadata open faceted search. The
user adds the facet “Gothic architecture,” triggering the system to add this facet to the existing
facet taxonomy under the parent facet “buildings and architecture” (left) and apply the facet to all
284,651 images (right).

a facet taxonomy during the browsing experience.

3.9 Future Work

To realize the full vision of open faceted search, especially in the zero-metadata context,

much future work remains to be performed. This section serves to detail this work.

3.9.1 Current Limitations

We begin with current limitations. While the initial zero-metadata open faceted search

system shows great promise, the current implementation faces a number of open challenges

that are important to enumerate.
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First, while this system and the Newspaper Navigator search application provide a rank-

ordering of facet relevance for images, does not incorporate a notion of facet cardinality,

i.e., a binary decision as to whether or not a facet applies to a specific image. Facet

cardinality is important because clearly communicating it to end-users is an important part

of the exploratory search process and standard functionality among deployed faceted search

interfaces online.

Second, while the facet taxonomy itself is hierarchical and encodes relationships be-

tween facets (e.g., parent-child and sibling-sibling relationships), the current zero-shot facet

ranking process treats each facet independently and does not take these relationships into

account. With facet cardinality, doing so is necessary for coherence. For example, every

image falling under a child facet must also fall under the parent facet. Moreover, assuming

sibling facets are mutex, no image can fall under two sibling facets. Indeed, adhering to

principles of faceted search is essential to the user experience.

Third, this system does not allow for facet composition: namely, filtering simultaneously

with two or more facets – a core feature of faceted search. This, too, requires a notion of

facet cardinality to be implemented. Even with facet cardinality, adjusting how the images

are ranked requires further investigation, especially with real users.

Fourth, the interactive process by which open facets are added to the existing facet tax-

onomy su↵ers from frequent errors returned by the large language model, placing the facets

in incorrect locations. While this process will inevitably su↵er from errors, incorporating

a↵ordances by which end-users can correct the facet taxonomy interactively is essential.

Lastly, the search interface presented in this section is rudimentary due to the constraints

of the current implementation in a Jupyter notebook. Fully developing the interface remains

an important next step. Important user interface a↵ordances include functionalities for

adding, removing, and moving facets with the facet taxonomy.

3.9.2 Future Work

We begin the future work surrounding paths forward for existing limitations. Concerning

the challenge of facet cardinality, active learning methods could enable end-users to quickly
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establish boundaries for open facet labels. Methods of communicating uncertainty surround-

ing facet labels could also be explored. These methods have implications for the challenges

of facet composition and preserving parent-child and sibling-sibling facet relationships. For

example, active learning for selecting joint facet boundaries over sibling facets under the

constraint that sibling facets are mutex would not only preserve coherence but perhaps also

lead to higher-quality facet labels as well. The same is true for parent-child facets.

While this chapter has adopted photographs from the Newspaper Navigator dataset as

the primary image collection of interest, future work with open faceted search includes im-

plementation and evaluation with other image collections, such as personal photo libraries.

Significantly, users in this context have very di↵erent needs and expectations than users

of the Newspaper Navigator photographs, presenting an important opportunity to expand

open faceted search’s utility. Along these lines, expanding beyond the image domain is

another direction of future work. For example, developing open faceted search for large

document collections is an exciting opportunity to explore the generality of the framework

and further expand the framework’s utility. As explored in the next chapter, the challenges

surrounding searching large document collections such as the Semantic Scholar scientific

paper corpus have resonances with the challenges articulated in this chapter.

Of course, evaluation remains an essential component of future work. While log analysis

of 42,000 user sessions of the Newspaper Navigator search application showed clear evi-

dence for the utility of open faceted search, addressing further refinements require proper

evaluation, whether through in-person studies or online analysis. In particular, a key step

in any future work surrounding the aforementioned current limitations will require proper

assessment with real users.

To ensure that this future work surrounding open faceted search addresses real challenges

within cultural heritage, we have begun a collaboration with Nic Weber to understand ex-

isting limitations and challenges surrounding machine learning-powered exploratory search

for digital collections. Across cultural heritage, researchers and practitioners are enriching

exploratory search interfaces for image collections using machine learning. However, there

remains a paucity of documentation surrounding the processes by which these interfaces

have been created and deployed. What are the motivations behind interface choices and
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interaction a↵ordances? How have these systems been evaluated? What visual facets do

end-users desire to search for using machine learning? The goal of this ongoing work is to

address precisely these questions through interviews with practitioners and researchers who

have created such systems. We have begun by identifying relevant projects at the intersec-

tion of cultural heritage, exploratory search, and machine learning. We have also conducted

interviews with the creators of eleven such search systems in order to understand the moti-

vations, evaluations, and limitations of existing systems. We are currently in the process of

refining recommendations toward the future development of machine learning-based search

and discovery for cultural heritage.

Lastly, it is clear that large language models will play an increasingly important role

in exploratory search, and open faceted search is no exception. Utilizing large language

models to further expand zero-metadata open faceted search toward interactivity via nat-

ural language communication is an exciting prospect. The goal of fully boostrapped and

articulated open faceted search systems for large collections of images and text remains an

exciting one, and the pursuit of these directions will be in service of realizing this vision.
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Chapter 4

LIMEADE: FROM AI EXPLANATIONS TO ADVICE TAKING

Research in human-centered AI has shown the benefits of systems that can explain their

predictions. Methods that allow an AI to take advice from humans in response to explana-

tions are similarly useful. While both capabilities are well-developed for transparent learning

models (e.g., linear models and GA2Ms), and recent techniques (e.g., LIME and SHAP) can

generate explanations for opaque models, little attention has been given to advice methods

for opaque models. This chapter introduces LIMEADE, the first general framework that

translates both positive and negative advice (expressed using high-level vocabulary such as

that employed by post-hoc explanations) into an update to an arbitrary, underlying opaque

model. We demonstrate the generality of our approach with case studies on seventy real-

world models across two broad domains: image classification and text recommendation. We

show our method improves accuracy compared to a rigorous baseline on the image classifi-

cation domains. For the text modality, we apply our framework to a neural recommender

system for scientific papers on a public website; our user study shows that our framework

leads to significantly higher perceived user control, trust, and satisfaction.

This work was done in collaboration with Doug Downey, Kyle Lo, and Daniel S. Weld,

and is based on a publication that is forthcoming in the ACM Transactions on Interactive

Intelligent Systems (TiiS) Special Issue: “Human-centered Explainable AI” [201].
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4.1 Introduction

A long-standing vision in AI is the construction of an advice taker, a system whose behavior,

in the words of John McCarthy, “will be improvable merely by making statements to it,

telling it about its symbolic environment and what is wanted from it. To make these

statements will require little if any knowledge of the program or the previous knowledge of

the advice taker” [236]. Indeed, today’s guidelines for human-AI interaction dictate that

ML systems should be able to explain their predictions to end-users and accept advice and

corrections from them [6, 11, 163]. Both explanation and advice-taking methods exist

for transparent models, such as linear classifiers or generalized additive models (GA2Ms)

[51, 389, 403], and their benefits for transparent recommenders have been demonstrated

within the human-in-the-loop machine learning and human-AI interaction literature [43,

185]. These advice-taking approaches allow the human to provide high-level feedback on

how specific input features should be driving the transparent model’s behavior. In our

related work (Section 4.6), we elaborate on such approaches.

However, opaque models, such as boosted decision forests and deep neural networks,

are a di↵erent story. Because they often provide the highest performance and are widely

used, numerous researchers have investigated methods for generating post-hoc explanations

of opaque ML models — typically by creating a transparent approximation to the opaque

model, called an explanatory model [125]. Several researchers have developed methods for

translating high-level human advice into specific classes of di↵erentiable, neural models [88,

215, 323, 327, 332], but to our knowledge only Schramowski et al. [332] have introduced a

method that works for arbitrary opaque models, and it is not capable of handling advice

that corrects an agent’s erroneous predictions (Section 4.6.3).

Furthermore, even the advice-taking methods whose application is restricted to specific

opaque model classes [215, 323, 327] have limited empirical evaluation, often restricted

to datasets that have been artificially biased (e.g., Decoy MNIST and Iris-Cancer [327])

in a way that a simple human tip (e.g., “Ignore the artifact in the lower right corner”)

can correct the problem. To demonstrate that advice-taking methods are useful in actual

practice, experiments with large, real-world domains seem essential.
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Figure 4.1: LIMEADE takes a user’s advice – given in terms of features of the explanatory model —
and then modifies the original, opaque model by retraining. This is challenging because the mapping
from opaque to explanatory model is typically many-to-one and hence not invertible.

Thus, two central questions for human-AI interaction remain unanswered:

1. Can one translate high-level human advice into a correction to an arbitrary, opaque,

machine-learned model which uses a di↵erent set of features than those used to express

the advice?

2. Do these methods allow end-users to improve the accuracy of natural, real-world

models more easily than by simply annotating more instances?

This chapter answers the first question a�rmatively, but presents mixed results on the

second. Specifically, we present LIMEADE, a general framework for updating an arbitrary,

opaque machine learned model given high-level human advice, e.g. phrased in the same

vocabulary used by a posthoc explanation of its behavior. As shown in Figure 4.1, our

approach builds upon explanatory approaches such as LIME [320] and SHAP [226] that

describe the local behavior of a model in the region of a given instance. Given a trained

model and an instance to be classified, these post-hoc approaches output an explanation

in the form of a weighted list of interpretable features (typically distinct from the features
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utilized in the opaque model) that influence the instance’s classification. With LIMEADE,

a user can then provide feedback in the same high-level terms as the explanation in order

to modify the original, opaque model. LIMEADE converts this user advice back into the

original feature space of the opaque classifier by generating pseudo-instances representative

of these features and retraining. Unlike other methods intended for machine learning prac-

titioners and model developers, LIMEADE empowers end-users with little or no machine

learning expertise to tune the system.

LIMEADE builds on the longstanding research areas of human-in-the-loop machine

learning and interactive machine learning to provide a framework that is su�ciently general

to address a wide range of model architectures, tasks, and modes of advice. We emphasize

that LIMEADE is a general framework in three distinct senses:

1. LIMEADE can be utilized for a wide range of advice-taking applications, from ex-

planatory debugging to personalized recommendation.

2. LIMEADE is architecture-agnostic and enables advice taking for di↵erent types of

opaque machine learning models, including both classifiers and rankers.

3. LIMEADE accepts di↵erent types of human advice (in this chapter, we focus on advice

given as binary feedback in terms of high-level features).

Accordingly, we show that our framework is general by demonstrating its success on

seventy real-world models across two broad domains: image classification and text ranking.

For our first case study, we use LIMEADE to give advice to twenty binary image classifiers

(e.g., models predicting “gira↵e” or “not gira↵e”) that are built on precomputed neural

embeddings [134]. Our implementation of LIMEADE in the image domain translates a

human’s simulated advice to the classifier in response to a LIME explanation expressed using

superpixel features. Using this simulated advice, we demonstrate that this implementation

significantly improves system accuracy, compared to a strong baseline, in a few shot setting.

To accelerate future research, we are releasing our LIMEADE image domain code at: https:

//github.com/uw-hai/LIMEADE.

To establish the generality of our approach, we perform a second case study in a very

di↵erent domain with a di↵erent task. In this second case study, we incorporated LIMEADE

https://github.com/uw-hai/LIMEADE
https://github.com/uw-hai/LIMEADE
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within Semantic Sanity, a publicly-deployed research paper recommender system with hun-

dreds of users. While recommendations are made using an opaque neural model built on

top of precomputed paper embeddings [63], LIMEADE allows humans to provide advice in

terms of unigrams and bigrams (e.g., marking them as of interest or not) that are suggested

by an approximate, linear explanatory model. In a simulation study based on organic user

feeds in the log data, we show that explanation-based advice taking improves recommender

quality, but we fail to find a significant improvement compared to adding a comparable

number of labeled instances. We also perform an in-person user study showing that users

feel that the ability to provide high-level feedback significantly improves their sense of trust,

control and system transparency.

Moreover, our work reveals that some ways of soliciting user advice may cause tension

between explanation quality and advice diversity, potentially limiting the user’s ability to

adjust the ML model. We observed this explanation-action tradeo↵ in our second case study,

where constraints on the user interface allowed us to accept advice on just a small number of

the potential explanation terms. Such advice created a feedback loop, powered by iterative

applications of advice, that reduced explanation diversity and hence limited users’ future

opportunities to further improve the classifier.

Significantly, our chapter leaves a number of questions surrounding the advice-taking

problem unanswered. First, we do not conclusively answer the question of whether advice-

taking methods allow end-users to improve the accuracy of real-world, opaque models more

easily than by simply annotating more instances. Moreover, in our image domain experi-

ment, we uncover that the e↵ectiveness of advice-taking methods may decrease with more

supervision. Finally, it is important to further study how advice-taking fits into broader

human-in-the-loop machine learning frameworks that incorporate human interventions sur-

rounding design parameters, model and algorithm choice, error tolerance, and beyond [6].

In many ways, we view this chapter as a “Call to Action” to galvanize more researchers to

study the advice-taking problem for opaque machine learners, as it is a rich area of study

within human-AI interaction with many questions still to answer.
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4.2 LIMEADE: Advice Taking for Opaque Models

In this section, we provide a formal overview of the LIMEADE framework and detail how it

can be applied to opaque machine learning models to enable advice taking. With LIMEADE,

we assume that the human would like to give advice to an opaque machine learning model.

By opaque, we mean that the model architecture may be completely unknown, or (if known),

it may have too many parameters and nonlinearities for a human to understand. However,

we assume that the model’s inputs and outputs are available and that the model can be

retrained on new instances. We work in a semi-supervised learning setting, in which the

goal is to learn a hypothesis that maps an s-dimensional real-valued input vector to a label

(for classification) or a real-valued output score in [�1, 1] (e.g., for recommendation). We

are given a set XL of labeled training instances (x, y, w), where x 2 Rs, y is the value to

be learned, and w is the weight assigned to the instance when training. Additionally, we

optionally have a large, dense pool XU of unlabeled instances (x). Our explainable machine

learning problem setting closely follows that of previous work in explainable ML [226, 320].

We assume that each instance x can be represented as a binary-valued vector x0 that lies

in an interpretable space. For example, in the text domain, the dimensions of x might

contain embeddings produced by a transformer [381], whereas the dimensions of x0 would

correspond to interpretable features such as term frequency-inverse document frequency

(TF-IDF) values for n-grams.1 In the image domain, the dimensions of x would be pixels,

while the dimensions of x0 might be superpixels [320] or fine-grained features [4, 177].

Given an instance x to explain, our approach uses an explanatory model g in the in-

terpretable space that locally approximates the opaque classifier f , i.e., g(h0(z)) ⇡ f(z)

for z0 nearby x0. The model g can be any interpretable model, such as a decision tree or

linear model, produced using LIME or a comparable method. We refer to the method that

produces g as Explain(f, x, h0).

Algorithm 1 details LIMEADE’s approach to enabling a model to take advice, and Figure

1Term frequency-inverse document frequency, or TF-IDF, is a method of text featurization. Each docu-
ment is featurized according to a fixed set of n-grams, where the feature value for the n-gram is given by
the n-gram’s frequency in the specific document in question, times a weight that puts more emphasis on
terms that are less common across the corpus [351].
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4.2 illustrates a concrete example of applying LIMEADE on the paper recommendation

domain. Given an instance of interest, x, we obtain an explanation g(x0) of the model’s

output f(x) using Explain(f, x, h0). The human can then provide a label on a feature of

x0. Informally, a positive label on feature j of x0 represents the human’s assessment that

instances z0 near x0 should tend to be positive when z0[j] = 1. For example, a user of our

paper recommendation system might give a positive label to the term “BERT” in a natural

language processing paper to indicate interest in papers about the technique. Notably, a

user’s feedback is provided in terms of the high-level vocabulary of the explanatory model,

not by eliciting new features to be added.

Algorithm 1 Enabling an opaque model to take advice using LIMEADE. Given
a set of required inputs, LIMEADE solicits human advice in response to an explanation of
a classified instance and retrains the opaque model accordingly. Explain is a function that
generates an explanation for a given model and instance.
Inputs:

XL,XU // sets of labeled and unlabeled instances
ft : Rs ! [�1, 1] // opaque classifier, version at time t

x 2 Rs, x0 2 {0, 1}s
0

// instance & instance in interpret. rep.

h0 : Rs ! {0, 1}s
0

// mapping s.t. x0 = h0(x)
⇡x0 : {0, 1}s ! R+ // weighting based on distance
k 2 N // number of pseudo-instances

1: gt = Explain(ft, x, h
0) // obtain explanatory model

2: Display(gt, x
0) // display key features of gt(x

0) to end-user,
3: // who then selects one feature (indexed j) as + or � indicator of instance

receive a 2 {�1, 1} and j 2 {1, . . . , s0}
4: // select k instances, label them using action a, and weight according to distance from x0

Nx  {}
5: for 1, . . . , k do
6: x̃ = GetInstance(x, x0,XU )
7: if h0(x̃)[j] = 1 then
8: Nx  Nx [ {(x̃, a,⇡x0(h0(x̃)))}
9: end if
10: end for
11: XL  XL[ Nx

12: ft+1  Retrain(XL, ft)
13: return ft+1

LIMEADE uses the human’s action to improve the opaque model f by creating a set of k

training pseudo-instances with repeated calls to GetInstance(x, x0,XU ). We experiment

with two implementations of GetInstance: sampling and generative. Sampling from

the unlabeled pool is e↵ective when the unlabeled pool is relatively dense, meaning one
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can acquire many instances with interpretable features similar to those of x0. Generative

approaches can be helpful when data are less dense. For example, with images, LIMEADE

can create synthetic pseudo-instances by greying out random subsets of the superpixels in

the input image, essentially reversing LIME’s process for generating the explanatory model,

g. The generative approach also works in the textual domain, e.g., by creating a synthetic

document with nothing but the tokens selected by the user.

LIMEADE only retains the pseudo-instances that contain the acted-upon feature j, i.e.

those x̃ for which h0(x̃)[j] = 1. LIMEADE then assigns a value to each pseudo-instance

according to the user action: +1 if the user assigned a positive feature label, and �1

otherwise.

LIMEADE assigns each pseudo-instance a weight based on its proximity to x0, with

instances more similar to x0 given higher weight.2 The reasons to weight local instances

more highly are twofold: the explanatory method may only be locally correct [320], and

the human actions may only be locally applicable. For example, the positive label on

“BERT” discussed earlier is helpful within the local scope of natural language processing

papers, but could become misleading if applied globally—in biology papers for example, the

term “BERT” often refers to a di↵erent meaning (the “BERT gene”). After selecting and

weighting the pseudo-instances, LIMEADE can optionally condense the selections (e.g.,

collapsing the instances into a single centroid). Finally, LIMEADE adds the resulting

pseudo-instances to the labeled training set XL and calls Retrain to train the classifier f

on the new data set.

While Algorithm 1 is written in terms of binary classification, our approach generalizes

naturally to the multiclass setting. This would entail that step 3 in Algorithm 1 solicit

not only which feature was a positive or negative indicator, but also which class—pseudo-

instances would then be labeled in step 8 with respect to the chosen class. In the case of

negative indicators in the multiclass setting, the pseudo-instances could be assigned random

classes other than the chosen class.

We reiterate that LIMEADE is general in many senses: our framework is model-agnostic,

2We measure proximity in the interpretable space, but it is equally possible to measure in the original
space instead.
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Figure 4.2: LIMEADE updates an arbitrary opaque ML model by creating pseudo-instances. Here,
we consider a recommender system for papers. Small black o’s and +’s show the original training
set (here, a user’s ratings of papers), and shaded regions denote the complex boundary of the
opaque classifier ft. In order to explain a prediction, h(x0), the system generates a locally faithful
explanatory model using LIME or an alternative method. This is gt, shown as a purple dotted line.
In practice, the explanatory model likely has many more than the two dimensions shown above, but
suppose ‘Turing’ and ‘agents’ are highly weighted terms, hence used in the explanation. When the
human specifies feature-level advice, e.g., ‘I want more papers about “agents”’, it could be used to
directly alter a linear explanatory model (creating the new purple dotted line gt+1); however, no
simple update exists for an arbitrary, opaque classifier, which may be nonlinear and use completely
di↵erent features, such as word embeddings. Instead, LIMEADE generates positive pseudo-instances
(shown as blue +’s) that have the acted-upon feature and are similar to the predicted instance. The
pseudo-instances are weighted (shown by relative size) by their distance to the predicted instance x0

that was used to elicit feedback. By retraining on this augmented dataset, LIMEADE produces an
opaque classifier that has taken the advice, shown as a changed nonlinear decision boundary ft+1.
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applies to a diverse range of advice-taking applications, and enables di↵erent forms of ad-

vice taking. In the next sections, we present two case studies that highlight the general

applicability of LIMEADE.

4.3 Case Study 1: LIMEADE for Image Classification

We now present our evaluation of LIMEADE in the image domain in order to study whether

LIMEADE allows humans to update real-world models more e↵ectively than simply labeling

more instances. In particular, we use LIMEADE to enable updates based on simulated

end-user advice for twenty deep neural image classifiers, e.g., a skateboard detector or fire

hydrant detector. In Figure 4.3, we illustrate an example of how LIMEADE is used to

process high-level advice in this context. With this simulated image domain experiment,

we wanted to study the following research questions:

1. Does advice taking with LIMEADE further improve classifier performance as com-

pared to a rigorous baseline of adding more labeled instances?

2. How do LIMEADE-powered improvements change as a function of supervision?

4.3.1 Experimental Setup

In order to determine whether LIMEADE can support advice taking in the image domain, we

evaluated on binary image classifiers, each comprising a logistic regression model trained on

pre-computed image embeddings. As a base image dataset, we utilized 20, 000 images from

the COCO dataset [210]. In order to create superpixel features for LIMEADE feedback, we

leveraged the same segmentation algorithm [288] used by LIME to compute superpixels for

all 20,000 images. To generate embeddings for all full images and corresponding individual

superpixels, we retrieved their representations from the penultimate layer of a ResNet-50

backbone pre-trained on ImageNet [82, 134]. For a given superpixel, we computed the

corresponding embedding by feeding the mimimum bounding box containing the superpixel

to the embedding model. Pre-computing these embeddings resulted in a bank of embeddings

for 20,000 images along with embeddings for all corresponding individual superpixels.
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Figure 4.3: a) Suppose an opaque classifier incorrectly classifies an image of a skier as a positive
instance of skateboarding. Suppose further that LIME returns an explanation showing a superpixel
containing the skier’s helmet as a positive indicator of the skateboarding class. Having seen this
explanation, the user realizes that the classifier is predicting “skateboard” based on a spurious
confound and should be looking elsewhere (we note that the end-user, such as a crowd worker, must
understand the classification task but needs neither domain-specific knowledge nor an understanding
of machine learning). b) While a helmet is an appropriate positive indicator for the skateboarding
class, the user gives the advice that another superpixel, containing skis and ski poles, is a negative
indicator. LIMEADE translates this advice by updating the opaque model and retrieving unlabeled
images and superpixels most similar to this ski superpixel (in our experiment, we retrieve the 50
most similar). The corresponding full images are then added to the training data — with negative
labels — and the model is retrained, completing the LIMEADE update. In general, a false positive
classification will lead to negative feedback, and a false negative classification will lead to positive
feedback (as illustrated in Figure 4.2).
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In order to ensure that our embeddings had not already been trained on the target classes

in our experiment, we tested binary classifiers only on all 20 classes that are in COCO but

not in ImageNet-1000.3 We wanted to measure the performance of a LIMEADE update

relative to a baseline update, so we completed 100 randomized initial configurations for each

class. Moreover, for each configuration, we randomly constructed an initial training set of

one positive and one negative instance (experiments in the 10-shot setting were less-e↵ective,

as described in Section 4.5.2). We evaluated the two-shot accuracy of a logistic regression

model on a held-out validation set and then performed one of the following two updates

with both a randomly-drawn positive instance and a randomly-drawn negative instance

simultaneously to preserve class balance:

1. Baseline: We update the model by adding the positive and negative instances to the

training data and retraining.

2. LIMEADE: First, we generate LIME explanations of the opaque classifier for both

the positive and negative instance. In the positive case, we simulate a human’s ad-

vice in response to the explanation by utilizing the COCO segmentation masks to

automatedly give the superpixel(s) indicative of the class a positive label (i.e., in the

case of “gira↵e,” we select all superpixels containing gira↵es using the COCO seg-

mentation masks in the image labeled as “gira↵e”). In the negative case, we give the

superpixel most influencing the LIME explanation a negative label. We then generate

embeddings of these labeled regions and use the embeddings to retrieve the near-

est superpixels and full images across the unused pool (consisting of 19, 996 images,

along with their individual superpixels). We append the embeddings of the nearest

neighbors’ corresponding full images to the training data along with + and � labels,

respectively, and retrain. This simulated approach to human advice enabled us to

study the e↵ectiveness of LIMEADE updates by testing many initial configurations

across a range of image classes.

We wanted to evaluate LIMEADE across di↵erent hyperparameter settings, so we varied

3The 20 classes are: baseball glove, snowboard, gira↵e, carrot, surfboard, fork, sink, cow, donut, tooth-
brush, knife, bed, horse, cake, motorcycle, frisbee, skateboard, fire hydrant, scissors, and suitcase.
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the number of nearest neighbors included in the update (nneighbors = {1, 5, 10, 25, 50, 100}),

as well as the relative sample weight of the update (w = {0.25, 0.5, 1, 2, 4}), and performed a

grid search. We evaluated performance on a balanced, held-out validation set of 400 positive

instances and 400 negative instances for each class and selected the hyperparameters with

the highest validation accuracy. This process yielded a relative sample weight of 0.25, as

well as 50 nearest neighbors included in the update. With these hyperparameters selected,

we then evaluated final performance on a separate, held-out test set of 400 positive instances

and 400 negative instances for each class.

4.3.2 LIMEADE Feedback is More E↵ective than the Baseline

In Table 4.1, we report the net changes in classifier accuracy when making updates with

LIMEADE and the baseline across all 20 classes and 100 runs per class, as evaluated on the

test set. We find that LIMEADE updates with simulated advice outperform the baseline for

16 of 20 classes, giving an average boost of 9.33% compared to the baseline’s average boost

of 8.21%. These results are statistically significant: a paired t-test of LIMEADE against

the baseline yields a p-value of 2.3⇥ 10�9 across all 2,000 runs.

4.3.3 Diminishing Returns as Supervision Increases

While conducting our case study with the image domain, our empirical results indicated

that the LIMEADE-powered improvements decrease as a function of more supervision. For

example, repeating the experiments in the 10-shot setting, we find that LIMEADE gives

an overall boost of 0.63%, whereas the baseline gives an overall boost of 0.88%. It is

important to note, however, that there is a fundamental entanglement between training

data and supervision with respect to LIMEADE. LIMEADE is most valuable when the

original supervisory data is subject to spurious correlations (i.e., when teaching “cat,” if

all cats seen in the training data happen to be black, a LIMEADE update communicating

that color does not matter has high utility). If the training data is representative (because

the training data contains more instances or because the instances themselves are better-

selected), we expect a LIMEADE update to provide less utility, as there are fewer potentially
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Class 2-Shot Accuracy � Baseline � LIMEADE p-value Winner

Baseball Glove 76.73% 10.64% ± 1.25% 10.75% ± 1.52% 0.91 LIMEADE
Snowboard 75.97% 10.67% ± 1.08% 10.74% ± 1.42% 0.93 LIMEADE
Gira↵e 74.54% 12.30% ± 1.28% 16.42% ± 1.51% 9.3⇥ 10�8 LIMEADE*
Carrot 72.82% 7.37% ± 1.15% 9.76% ± 1.39% 4.9⇥ 10�4 LIMEADE*

Surfboard 72.59% 8.23% ± 1.19% 8.96% ± 1.36% 0.34 LIMEADE
Fork 72.14% 7.70% ± 1.24% 6.96% ± 1.64% 0.53 Baseline
Sink 71.55% 10.38% ± 1.12% 10.44% ± 1.49% 0.95 LIMEADE
Cow 69.90% 8.66% ± 1.00% 11.53% ± 1.07% 5.5⇥ 10�6 LIMEADE*
Donut 67.51% 8.23% ± 0.96% 9.65% ± 1.11% 0.093 LIMEADE

Toothbrush 65.85% 5.26% ± 0.82% 4.86% ± 1.02% 0.63 Baseline
Knife 65.47% 7.31%± 1.10% 7.43% ± 1.43% 0.86 LIMEADE
Bed 65.16% 9.50% ± 0.93% 11.73% ± 1.16% 5.7⇥ 10�3 LIMEADE*
Horse 63.66% 8.49% ± 0.90% 10.20% ± 1.31% 0.050 LIMEADE*
Cake 63.48% 8.53% ± 1.02% 9.07% ± 1.33% 0.49 LIMEADE

Motorcycle 63.16% 9.37% ± 0.98% 15.97% ± 1.08% 3.7⇥ 10�11 LIMEADE*
Frisbee 62.67% 7.80% ± 0.85% 7.03% ± 1.18% 0.32 Baseline

Skateboard 61.09% 6.93% ± 0.82% 7.52% ± 1.03% 0.48 LIMEADE
Fire Hydrant 59.21% 6.31% ± 0.75% 8.38% ± 0.92% 8.7⇥ 10�3 LIMEADE*

Scissors 57.38% 6.51% ± 0.79% 4.92% ± 1.05% 0.037 Baseline*
Suitcase 55.65% 4.04% ± 0.63% 4.23% ± 0.67% 0.71 LIMEADE
Total 66.83% 8.21% 9.33% 2.3⇥ 10�9 LIMEADE*

Table 4.1: Updates using LIMEADE boost the accuracy of an opaque image classifier more
than the baseline. Results are shown for 20 classes averaged over 100 randomly-initialized
runs each, and the accuracy boosts are reported relative to an average initial, 2-shot accuracy
on a test set. For the updates, standard errors are reported, and a ⇤ indicates p-value  0.05.
LIMEADE outperforms the baseline on 16 of 20 classes and provides an overall boost of
9.33%, as opposed to the baseline’s overall boost of 8.21%.

spurious correlations for a human to correct via a LIMEADE update. Indeed, as the quality

of the originally-trained classifier approaches perfection, the value of LIMEADE goes to 0,

much as the value of more training data also decreases. Our empirical evidence thus agrees

with our intuition that a LIMEADE update is most valuable in the low supervision setting.

4.4 Case Study 2: LIMEADE for Paper Recommendation

For our second domain, we selected text ranking both for variety and importance. The

overwhelming influx of new scientific publications poses a daily challenge for researchers

[38, 91, 135, 164, 346]. However, based on Beel et al. [34]’s survey of 185 publications

on academic paper recommendation, only a few systems explain why papers have been

recommended or respond to user feedback other than liking/disliking specific papers, and

all such systems rely on interpretable recommenders [27, 47, 165, 285, 383]. The ability
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to explain and take advice for higher-performance paper recommenders, therefore, fills an

important void.

Furthermore, a complete evaluation of a human-AI interaction approach requires testing

it with real users in the loop [11]. For LIMEADE, we wanted human users who were

authentically motivated to understand and improve an ML classifier. In this regard, we built

Semantic Sanity, a computer science (CS) research-paper recommender system based on

Andrej Karpathy’s arXiv Sanity Preserver [166]. Deployed as a publicly-available platform,

Semantic Sanity enables users to curate feeds from over 150,000 CS papers recently published

on arXiv.org. With this testbed, users are implicitly incentivized to understand and improve

the recommender system powering their feed in order to receive more interesting papers.

Note further that each user is a task expert, since the users determine their own preferences.

Lastly, this study complements the first case study presented in the previous section. We

intentionally selected two case studies with very di↵erent settings: while our first case study

considered image classification, this study surrounding text ranking considers a di↵erent

domain and task. Thus, studying and evaluating our implementation of LIMEADE with

Semantic Sanity provides evidence for the generality of our framework.

4.4.1 Neural Recommender

To generate individual recommendations, we utilize a neural model consisting of a linear

SVM on top of neural paper embeddings pre-trained on a similar papers task [63]. Each

paper is represented by the first vector (i.e., the [CLS] token typically chosen for text

classification) after encoding the paper title and abstract using SciBERT [36]. The neural

embedding model is finetuned on a triplet loss L = max(0, vTi v+ � vTi v� +m) where m is a

margin hyperparameter and vi, v+ and v� are the vectors representing a query paper, a sim-

ilar paper to the query paper, and a dissimilar paper to the query paper, respectively. The

similar paper triples are heuristically defined using citations from the Semantic Scholar

corpus [13], treating cited papers as more similar than uncited papers. Recommendations

are generated by training the model on a user’s annotation history, with additional negative

instances randomly drawn from the full corpus of unannotated papers.
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Figure 4.4: The UI for a feed in Semantic Sanity. Users can rate the papers themselves with the
“More like this” and “Less like this” buttons, a standard feed a↵ordance. Under each paper, the
system also presents four terms to explain why it was recommended and solicits feedback with “Rate
Paper Topics” — by clicking thumbs up or down, the user can give advice by requesting that the
feed include more or less of the specified topic.

A user begins the process of curating their feed by either selecting a specific arXiv CS

category or issuing a keyword search and then rating a handful of the resulting papers. A

feed consists of a list of recommended papers sorted by predicted recommendation score

(see Figure 4.4). Each paper can be rated using traditional “More like this” or “Less like

this” buttons underneath each paper description.

4.4.2 Implementation of Explanations and Feedback

The UI for Semantic Sanity (Figure 4.4) displays a list of recommended papers and adorns

each with an explanation comprising four terms; to the left of each term are thumbs-up and

thumbs-down buttons, enabling the user to not only rate the papers themselves but also

give advice in response to the explanation and indicate if they would like to see more or

fewer papers related to that term. We refined our user interface design through iterative

informal user testing. The explanatory terms are generated using a simple, explanatory
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model (LIMEADE’s Explain function), which we implement as a linear model over uni-

and bigram features. In particular, our linear model is defined as g(x0) = w0+
P

iwix0i, and

the explanation surfaced for g(x0) consists of high-impact terms in the model, i.e., those with

high values for the product wix0i. Specifically, we select the 20,000 features with the highest

term frequency across our corpus. Our approach of using a post-hoc explanatory model

is similar to that used by LIME, except to enable real-time performance our explanatory

model is trained as a global, rather than local, approximation of the neural model [320].

This global approximation was chosen because testing on an early prototype revealed that

generating explanations for a feed using LIME was too computationally expensive, since

LIME requires sampling nearby instances and training a model for each recommendation

on the page; this latency negatively impacted the recommendation experience.4

Given the explanatory model, LIMEADE’s Display function chooses explanations to

display by computing each term’s contribution to the output of the linear model for the

given paper, which is equal to the product of the term’s TF-IDF value for the paper with the

term’s feature weight in the linear model. We note here that even though the explanatory

model is a global approximation, the explanations are local ones, as this product encodes

instance-specific information on why the paper has been recommended.5 Next to each ex-

planatory term are thumbs up and down buttons (see Figure 4.4). When the user provides

feedback with these buttons, LIMEADE generates pseudo-instances and retrains the neural

recommender. We use a generative approach within GetInstance that leverages the un-

labeled pool of papers. We select the top 100 papers from the full corpus with the highest

TF-IDF value for the feedback term and generate a single synthetic pseudo-instance (i.e.,

we use k = 1) equal to the centroid of these papers’ embeddings with a weight of 1. The

instance is appended to the user’s history and labeled with the user’s annotation of the

term (+/-).

4Note that in a LIME-style approach to instance-level explanation, one needs to either sample neighbors
around the instance (which may be quite distant) or generate synthetic instances, which in our case
requires generating paper embeddings on the fly. Both approaches introduced unacceptable latency.

5In a later implementation of Semantic Sanity, the platform also included a global explanation surfaced
at the top of each feed, which is the subject of another study [310].
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4.4.3 Online Tra�c

In the next section, we describe a controlled user study comparing Semantic Sanity with and

without LIMEADE. However, since its public launch, Semantic Sanity has also attracted

considerable organic tra�c: users with accounts have constructed 2,478 feeds and have

logged 21,713 paper annotations and 1,320 topic annotations (we note that annotating topics

was only possible after the LIMEADE-based implementation was introduced on November

11, 2019, five months after the initial launch of Semantic Sanity). The target user base was

computer science researchers, and the platform was advertised through social media and

email lists. In Sections 4.4.7 and 4.5.3, we analyze a subset of the organic user logs as a

complementary part of our evaluation.

4.4.4 User Study: Experimental Setup

In order to evaluate the e↵ectiveness of our LIMEADE-based system for recommending

papers with real users, we performed an in-person user study. With this user study, we

wanted to address the following research questions:

1. Do participants prefer LIMEADE over a baseline of just explanations according to

self-reported ratings of trust, control, transparency, intuition, paper coverage, and the

overall system?

2. Does LIMEADE increase participants’ feed quality, evaluated quantitatively with

blind ratings of recommended papers?

3. How do participants utilize the topic-rating a↵ordances powered by LIMEADE?

4. What constructive feedback do participants have surrounding our particular instanti-

ation of LIMEADE with Semantic Sanity?

We recruited 21 participants through a public university’s computer science email lists.

All participants were adults who reported experience with reading computer science research

papers in our screening questionnaire. Each session lasted one hour, and each participant

was compensated with a $25 Amazon gift card. Our IRB application did not include a plan
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to collect and share participants’ demographic data, and therefore, we could not include it

in the study results.

Participants were asked to curate feeds of computer science papers pertaining to a topic

of their choice using two di↵erent recommendation user interfaces (UIs), one that used

LIMEADE to provide advice-taking explanations, and one that did not present explanations,

instead only allowing users to rate the papers themselves (the baseline); other than this

di↵erence, the UIs were the same. The participants were asked to choose a topic that

they were interested in following over time as new papers are added to the arXiv, but

not so general that it is already covered by an existing arXiv CS category (e.g., artificial

intelligence). Once a topic was selected, each participant was asked to name the desired

feed, which served as the goal for curation using both UIs.

Each participant began curation by selecting exactly three seed papers that were then

used to initialize the feeds in both UIs. Both systems surfaced the same initial recommenda-

tions in response to the participant’s three seed papers and thus had identical initial states.

Each participant was then presented with one of the two UIs and given instructions on how

to use it. 11 participants received the baseline system first, and 10 received the LIMEADE

system first. They were then presented with the second UI. For both UIs, the participants

were told to use as many or as few annotations as desired until their feed was curated to

their liking, or a maximum of 10 minutes was reached. We recorded the participants’ anno-

tations for both feeds. After using each UI, the participants were asked to complete a short

survey. They were then asked to rate a blind list of combined recommendations from the

two feeds that they had curated, according to whether they would like to see each paper

in their desired feed. These recommendations were generated on a held-out paper corpus,

disjoint from the papers available within the feed UIs.

Data were successfully collected for all 21 participants. The participants’ chosen topics

varied greatly, including “Spiking Neural Networks,” “Moderation of Online Communities,”

and “Dialogue System Evaluation.”
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Which system... Baseline LIMEADE p-value

...trust more? 4 17* 0.043
...more control? 0 21* ⇡0

...more transparent? 3 18* 0.012
...more intuitive? 12 9 0.664

...not missing relevant papers? 3 18* 0.012

Table 4.2: Among 21 participants, most prefer our system over the baseline when prompted
with these questions. (*) indicates a statistically significant result under a two-sided bino-
mial test against a null hypothesis of no preference between the systems.

Likert scale rating Baseline LIMEADE p-value

Overall system 3.38 ± 0.59 3.85 ± 0.57* 0.043
Would use again? 3.38 ± 1.16 3.90 ± 0.94 0.257

Table 4.3: Mean ± Standard Deviation of 21 participant ratings of each system. Ratings
were on a scale from 1 (worst/no) to 5 (best/yes). (*) indicates a statistically significant
result under a two-sided paired t-test against a null hypothesis of zero mean di↵erence be-
tween the systems.

4.4.5 User Study: Quantitative Results

User Experience: Participants Prefer LIMEADE

In the surveys administered after using each UI, we asked each participant to provide overall

ratings for each system and to state which system they preferred along dimensions such as

trust and intuitiveness. The results are summarized in Tables 4.2 and 4.3.6

Overall, participants rated our approach significantly higher than the baseline. They

also rated it significantly higher on trust, control, transparency, and on confidence that their

recommendations were not missing relevant papers. Understandably, our LIMEADE system

appeared less intuitive to participants than the baseline due to the increased complexity of

the UI, though this result was not statistically significant. Finally, while not statistically

significant due to small sample size, participants indicated more likelihood to use our system

again over the baseline. In aggregate, these results indicate a higher-quality user experience

with the LIMEADE system than with the baseline system.

6For all statistical significance tests, we report adjusted p-values using the Holm-Bonferroni procedure
for multiple comparisons [147] in R’s p.adjust library [309].



195

Mixed Results for Feed Curation Time

In analyzing the times required by each participant to complete feed curation using the two

systems, we observe that eight participants finished feed curation with the baseline system

first, seven finished with the LIMEADE system first, and the remaining six utilized all ten

minutes for the curation of each system.

Most Participants used Both Paper and Topic Ratings

To explore the breakdown of participants’ rating habits with the baseline system and the

LIMEADE system, we present Figure 4.5. In the left plot in Figure 4.5, we observe that

participants displayed a high degree of variance in the number of ratings applied during feed

curation, ranging from 7 annotations to 61 annotations with the baseline system. Comparing

the total number of annotations made using the system with LIMEADE vs. the number

of annotations made with the baseline, we find a best-fit slope of 0.913. This suggests that

the participants made approximately the same number of annotations across both systems.

In the right plot, we observe that there is significant diversity in how participants applied

topic annotations, ranging from 2 annotations to 27. However, most participants utilized

a combination of paper and topic ratings, with more paper ratings than topic ratings on

average. Interestingly, five out of the twenty-one participants provided more negative paper

ratings than positive ones in the baseline; when presented with the LIMEADE a↵ordances,

no participants provided more negative paper ratings than positive ones, but four partici-

pants applied more negative topic ratings than positive ones.

Blind Ratings of Recommendations: No Significant Di↵erence in Feed Quality

We also investigated whether the topic-level feedback provided by LIMEADE measurably

increased the quality of participants’ feed. We showed participants the top 20 recommen-

dations generated by both systems on the held-out corpus of papers and measured their

ratings. Specifically, we computed the discounted cumulative gain (DCG)7 and average

7We did not use NDCG because the participants liked di↵erent numbers of papers between the two
systems.
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Figure 4.5: Scatter plots showing (left) the total number of annotations used to curate a feed with
LIMEADE (paper annotations + topic annotations) vs. the number of baseline paper annotations
per user, and (right) the number of topic annotations vs. the number of paper annotations in
the LIMEADE system. Most participants used LIMEADE-powered topic-level feedback as well as
paper-level feedback.

precision (AP), common metrics for assessing recommendation feed quality. For DCG, we

observe a mean di↵erence of 0.259 in favor of the baseline system recommendations; how-

ever, the corrected p-value for the two-sided, paired t-test for mean di↵erences is 0.218,

indicating no significant di↵erence in feed quality between the two systems under DCG. For

AP, we observe a mean di↵erence of 0.0412 in favor of the baseline system, with a corrected

p-value of 0.257, also indicating lack of significant di↵erence in quality under AP. Based on

the constructive feedback that we received, we speculate that this result could be improved

by making implementation-specific adjustments to Semantic Sanity.

4.4.6 User Study: Qualitative Feedback

We analyze participants’ text responses and provide a sample of quotes that complement the

quantitative results. After using each system, participants were asked to provide free text

responses to the question, “Would you like to share anything else about using the system?”

At the end of the study, participants were also asked, “Do you have any last thoughts that

you would like to share regarding actionable explanations?” Overall, participants found

the advice-taking a↵ordance granted by our system helpful: “The explanations here were

especially useful in their capacity as decisions rather than just explanations. I would have

found them really really annoying if they were presented only as an explanation of why you
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thought I would like a paper, rather than an attribute I could ask for more or less of.” In

particular, participants stressed the importance of the LIMEADE a↵ordance as a filtering

mechanism: “The topics feature was excellent, because there are many papers which cover

*some* topics I like but also some that I don’t, and this let me pick that out.”

The constructive feedback received in the qualitative responses illustrate a number of

implementation-specific improvements that could be made to Semantic Sanity. The most

common category of constructive feedback concerned the quality of terms in the expla-

nations, mentioned by 10 participants. Though we utilized stemming to eliminate these

redundancies in each paper explanation, we did not eliminate synonyms from the list of

terms. For example, three of the ten participants specifically requested that abbreviations

in explanations be removed or linked to full terms. These issues reflect the negative con-

sequences of utilizing 20,000 TF-IDF terms for our explanatory model featurization. In

addition, five of these users also stated that the terms were too general. We speculate that

the term quality in the explanations negatively impacted the users’ ability to give advice to

the model via the LIMEADE a↵ordance.

Similarly, three participants directly addressed what we term the explanation-action

tradeo↵ in the next section, noting that the lack of diversity of terms in the explanations

was limiting. One participant commented: “After a few minutes, almost all the same terms

that I had liked were coming up, so there were few new terms for me to thumbs up or down.

I think if the system could focus on bringing up relevant papers that have a new term or two

to which I can react, that would make the curation even better.” This suggests tuning the

system to favor explanation diversity even more than we did in our initial implementation.

Interestingly, two users believed that the set of topics surfaced was too restrictive, one

thought that the terms were too diverse, and one thought the diversity was a good feature.

This provides some evidence that di↵erent users have di↵erent preferences for explanation

diversity, suggesting that it should perhaps be tuned in a user-specific manner. Additionally,

four participants commented on topic annotation strength, all of whom indicated that it

was too potent, revealing the importance of empirically evaluating the optimal strength of

an update. Based on this feedback, we reduced the annotation strength in our application

following the evaluation.
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4.4.7 Feed Quality Revisited Using Log Data: Term Annotations in LIMEADE can Im-

prove Performance

We also investigated the e↵ect of high-level advice on a di↵erent set of users — those who

used Semantic Sanity in the wild, rather than as part of a laboratory user study — using the

log data of the online deployment. Specifically, we compiled a data set of 1,636 rated papers

across 30 feeds, where each feed had at least one annotated explanation (the average number

of annotations for these feeds was 4.4 terms). We evaluate two recommenders: a baseline

ranker that uses only the rated papers, and a LIMEADE ranker that uses both the rated

papers and the annotated terms processed by LIMEADE. We evaluate at three di↵erent

training sizes (2, 5, and 10 labeled papers), and to maximize the contrast between LIMEADE

and the baseline, we always provide LIMEADE with all of the explanation annotations

for the feed (4.4 terms per feed on average). Thus, this experiment measures whether

LIMEADE’s pseudo-instance approach can be e↵ective given su�ciently informative term

annotations, but is not an accurate simulation of the system in practice (in which term

annotations would arise only from explanations on papers in the limited training set). For

each feed and size we compute the average normalized discounted cumulative gain (NDCG)

ranking performance for up to ten sampled training sets, testing on the remainder. The

average of the NDCG statistics across feeds is our final evaluation measure.

Number of labeled papers Base Ranking Performance � LIMEADE

2 0.884 0.015
5 0.901 0.009
10 0.908 0.005

Table 4.4: Simulated evaluation of ranking performance (NDCG) based on log data from
actual usage in case study 2. LIMEADE improves performance over the baseline system,
which does not use the annotated explanations.

Table 4.4 shows that LIMEADE does improve performance over the baseline, but the

benefits of the annotated explanations diminish as the number of initially rated papers in-

creases. The individual di↵erences shown in the table are not statistically significant, but

the aggregate performance over all three sizes shows LIMEADE performing significantly
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better than the baseline (p-value 0.017, two-tailed paired t-test, after Holm-Bonferoni cor-

rection). LIMEADE with 2 and 5 annotated papers performs comparably to the baseline

with 5 and 10 annotated papers, respectively, meaning that LIMEADE reduces the num-

ber of paper labels required to achieve a given level of performance by an amount roughly

equal to its number of term annotations in this experiment. The experiment is inconclusive

regarding whether giving advice via term annotations would be preferable to obtaining a

similar number of labeled instances in this domain. Experiments with more users and feeds

are necessary to resolve these questions.

4.5 Discussion

Evaluating on real-world domains with real human interactions is crucial in order to make

progress in human-centered AI broadly, and for advice taking in particular. This section

considers broader questions of the connections between our two case studies, the e↵ective-

ness of human feedback, and the interactions between the fidelity of explanations and the

a↵ordances provided for action.

4.5.1 Demonstrating the Generality of LIMEADE

In order to demonstrate that LIMEADE is a universal mechanism for applying high-level

advice to an arbitrary ML model, we chose our case studies to span a diverse range of

dimensions. Table 4.5 summarizes the di↵erences, which include the source domain (image

vs. text), type of model (classification vs. ranking), nature of the explanatory vocabulary,

and method for generating pseudo-instances. There are many options for creating pseudo-

instances, and future work will be necessary to uncover the best methods. For example, is

it better to generate one instance (as we did in the text domain) or several (as we did in

the image domain)? Is it better to label naturally-occurring (unlabeled) instances as we did

in the image domain, or to create a synthetic pseudo-instance as we did by computing the

centroid of matching examples in the text domain?

Usage di↵ered across the case studies as well. In the image domain, we evaluated the

e↵ect of a single piece of high-level advice on the accuracy of the classifier. In the text
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Case Study 1 Case Study 2

Domain Image Text

Task Object detection Paper recommendation

ML Setting Classification Ranking

Explanatory
Features

Superpixels (⇡10�25),
instance-specific

n-gram topics (3 shown of 20,000 possible),
same vocabulary across instances

Feedback Mechanism " or # vote any superpixel " or # vote any of 3 displayed n-grams

LIMEADE GetInstance
Method (for selecting
pseudo-instance)

Retrieve nearest unlabeled
images & superpixels

Generate a synthetic instance equal to the
centroid of matching unlabeled instances

Evaluation
Simulated study with clear
ground truth

In-person user study & simulated study
using log data from online usage

Results

Advice taking with LIMEADE
improves accuracy more quickly
than adding labeled instances,
though this e↵ect diminishes
with more initial training data.

Advice taking with LIMEADE leads
to increased control, trust, satisfaction,
& system transparency. Inconclusive
w.r.t. improving accuracy more easily
than adding labeled instances.

Table 4.5: A comparison of our two case studies.

domain, however, users interacted repeatedly to improve the ranker by providing a sequence

of high-level advice and labeled examples in the way that seemed most natural to them.

4.5.2 When Does High-level Advice Improve Learner Accuracy?

When tested on numerous domains, we obtained positive to indeterminate results about the

e↵ectiveness of LIMEADE processing high-level human advice. Does this reflect a weakness

in the LIMEADE approach or limitations of our LIME explanations? Or is it intrinsic —

perhaps human-interpretable vocabulary is simply too dissimilar to the features learned by

modern neural methods for any human advice to be useful. Maybe getting more data is the

only or the most e↵ective way for humans to help out?

One thing seems clear — in order to answer this question, the research community must

conduct more experiments on real world domains, rather than toy domains with artificial

confounds, such as Decoy MNIST.

While they only simulate interactions, our image domain experiments (Section 4.3) re-

flect actual human judgments about which regions contain the object in question. LIMEADE-

processed advice about which regions contained an object significantly improved classifier
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accuracy in the two shot case. However, when we conducted similar experiments after train-

ing the twenty classifiers with ten instances, we found no significant improvement. Perhaps

this is because the model had already learned where the objects were located. More likely,

it had found the context imparted from background information to be useful in the classifi-

cation decision. It also may stem from the segmentation algorithm that induced the ‘advice

vocabulary,’ or perhaps the LIMEADE method weighted instances incorrectly.

While users clearly liked the ability to provide high-level advice and felt it increased

their sense of trust and control, we found mixed results with respect to improving rank-

ing accuracy as measured with DCG. Our controlled study over 21 users (Section 4.4.5)

found no significant di↵erence between feed accuracy incorporating LIMEADE advice vs.

feeds created with simple labeled instances. In contrast, we did find significant improve-

ments stemming from LIMEADE advice in our simulated log study on 30 di↵erent users

(Section 4.4.7). The di↵erences could stem from our LIMEADE mechanism, the bi-gram

vocabulary chosen as features in the explanatory model, the size of our study, or some other

reason.

We strongly believe that much more research should be devoted to this important ques-

tion. LIMEADE is an important first step, but our chapter should be considered a “Call to

Action” for more investigation. To this end, we will release the code for LIMEADE and our

image experiments, including our modified COCO dataset with the precomputed superpixel

vocabulary and corresponding embeddings.

It is also important to contextualize our findings within prior work on advice taking.

While studies such as [184] demonstrated a clear improvement in classifier accuracy in

the setting of explanatory debugging, other studies have found the opposite. Of particular

interest are the results from [2] and [386], which demonstrated that tunability for search and

recommendation tasks can negatively impact feed quality when it takes the form of adding

or removing terms from the featurization. Likewise, [78] shows that advice taking with

interpretable models can lower accuracy. Lastly, [403] is another datapoint that indicates

that letting people into the interactive machine learning loop can be problematic. These

concerns are especially problematic, given users’ clear expectations that feedback will lead

to ML improvement [347]. For this reason, we reiterate that our chapter is a “Call to
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Action” for more research surrounding high-level advice and learner accuracy.

4.5.3 Exposing the Explanation-Action Tradeo↵

Semantic Sanity chooses explanations to display by computing each term’s contribution to

the output of the linear model for the given paper, which is equal to the product of the

term’s TF-IDF value for the paper with the term’s feature weight in the linear model. The

natural choice is to surface the terms with the highest-magnitude contributions in the linear

model [320]; we call this a greedy approach. Users could then react to these presented terms,

thumbing them up or down.

Comments from early users of our paper recommender indicated that there is a tradeo↵

between using the greedy explanation approach and the explanatory terms’ uses as a↵or-

dances for feedback, which we call the explanation-action tradeo↵. In particular, user action

on an explanatory feature will lead the model to place increasing importance on it and cor-

related features. With the greedy approach, these terms will begin to dominate both the

model and the explanations, limiting the number of unique explanation terms and thus

subsequent opportunities for feedback. For example, ‘thumbs-up’ing the term “fairness”

causes papers about fairness to rise in the feed; under the greedy approach, these papers

will contain the term “fairness” in their explanations, thereby crowding out new terms for

the user to act on.

Based on the feedback we received, our final implementation of Display in Semantic

Sanity uses a diversity-biased approach that samples explanatory features in a way that

prevents previously suggested terms from dominating subsequent explanations.8 However,

as noted in Section 4.4.6, three participants commented in their qualitative feedback that

they would have still liked even more diversity — further evidence that properly considering

and calibrating the explanation-action tradeo↵ is important for advice taking.

To illustrate the impact of the explanation-action tradeo↵ and the distinction between

8Specifically, Display uses a parameter � and samples terms proportionally to the magnitude of term
contribution, raised to the � power (higher values of � result in a more greedy approach; lower values
increase diversity). We selected � = 4 for our implementation. To further reduce term redundancy in each
recommended paper’s explanation, we used the Python NLTK PorterStemmer [218] to deduplicate terms
with the same stems (e.g., “fair” and “fairness”) from each explanation.
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Figure 4.6: A scatter plot showing the number of unique explanation terms in the first page of the
feed vs. the number of actions taken by the user in order to give advice to their their feed. Orange
dots correspond to diversity-biased explanations currently used in the system. Blue dots correspond
to greedy explanations, where the most important terms are surfaced without stochasticity. The size
of each dot corresponds to the number of feeds in that bin. Note that greedy explanations (blue)
display a stronger negative correlation between unique terms and term annotations than diversity-
biased explanations (orange). Thus, the greedy approach limits opportunities for advice taking with
topics as the feed curation process evolves, while the diversity-biased approach continues to facilitate
advice taking with topics.
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our diversity-biased approach and the canonical greedy method, we perform an analysis on

the logs of 300 users’ feeds from Semantic Sanity’s online deployment. For each user, we

compute (i) the total number of actions the user has taken on displayed explanatory terms,

and (ii) the number of unique explanation terms among the latest top eight recommended

papers under our diversity-biased Display implementation. We then repeat (ii) but with

Display with � = 1 to simulate what explanatory terms the users would see today under

a greedy approach.

In accordance with the explanation-action tradeo↵, we observe in Figure 4.6 that the

number of unique explanation terms (i.e. advice-taking a↵ordances) tends to be lower

under a greedy approach. Furthermore, this e↵ect grows stronger as users give advice to

their feeds to be increasingly specific to a particular topic.9 In contrast, the number of

a↵ordances remains relatively constant under our diversity-biased approach. Though some

explanation terms with lower contribution weight are included within the explanatory model,

our diversity-biased approach thus successfully mitigates the crowding e↵ect observed with

the greedy approach.

The explanation-action tradeo↵ is related to, but distinct from, the classical explore-

exploit tradeo↵ faced by recommender systems and other machine learners [363]. The

explore-exploit tradeo↵ entails deliberately passing up a known reward in the hopes of

learning more about the reward structure in order to have better long-term gains. Thus,

the explore-exploit tradeo↵ encourages taking a chance in executing an action in the hopes

that it will provide a big reward, leading to frequent execution of the action in the future.

The explanation-action tradeo↵ is similar to the explore-exploit tradeo↵, in the sense that

it entails deliberately declining to provide the most accurate explanation in the hope that

providing an a↵ordance for the user to execute a feedback action will lead to better long

term recommendations. However, with the explanation-action tradeo↵, even if the system

is fortunate when taking a chance by providing a less faithful explanation that successfully

solicits user feedback, the system will never want to repeat the specific explanation-action

9Figure 4.6 likely understates the impact of the tradeo↵, as users had been exposed to explanations under
the diversity-biased approach prior to this analysis. Had they been exposed to explanations under the
greedy approach for their entire sessions, we likely would observe an even stronger crowding-out e↵ect.



205

in the future. We therefore highlight the explanation-action tradeo↵ as an important con-

sideration when implementing an advice-taking system.

While the explanation-action tradeo↵ was observed in our second case study, it is im-

portant to clarify why we did not observe a similar tradeo↵ in our first case study in the

image domain. We believe this to be a consequence of fundamental di↵erences between

our case studies, as detailed in Table 4.5. First, the explanatory vocabulary is not fully

discoverable with papers (we only surface 3 terms out of thousands), but it is fully discover-

able with images (all constituent superpixels can easily be viewed simultaneously). Second,

advice taking in Semantic Sanity was iterative because users repeatedly refined their feeds,

whereas only one round of advice taking was performed in our image domain experiment,

providing no chance for a feedback cycle to develop. Lastly, the explanatory vocabulary

is shared across papers, but not across images: when providing advice multiple times in

the image domain, a di↵erent instance will be surfaced each time, meaning that a new set

of superpixel features is available for eliciting advice. Given these di↵erences, we would

not expect to observe the explanation-action tradeo↵ in the image domain. However, it is

evident that the explanation-action tradeo↵ may arise in enough advice-taking settings that

documenting and investigating it is an important contribution.

4.5.4 Decoupling the E↵ect of Explanations & Advice Taking

Previous studies have shown that users prefer recommendations with explanations over rec-

ommendations alone [370, 412]. In our user study, we did not include an “explanations

only” baseline, which would have helped to isolate the contribution of explanations in the

preference for our LIMEADE system among participants. However, we did analyze the user

study results post-hoc to investigate this question. In particular, we studied the results in

Tables 4.2 and 4.3 in order to assess whether participants’ self-reported preferences for our

LIMEADE system over the baseline system correlated with utilization of the LIMEADE

a↵ordance for rating topics. The participants who voted LIMEADE higher on trust, trans-

parency, intuitiveness, and confidence in not missing papers performed 5.4, 4.6, �0.5, and

3.8 more topic annotations, on average, than those who voted the baseline higher, respec-
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Figure 4.7: Plots showing participants’ Likert scale evaluations of our overall LIMEADE system
(left) and the likelihood that they would use our system in the future (right) as functions of the
number of topic annotations made when using our LIMEADE system. The red triangles show the
median number of annotations for each rating level.

tively. This suggests that the positive outcomes for those metrics were not a result of the

explanations alone, but were influenced by the advice-taking a↵ordance of LIMEADE.

In Figure 4.7, we investigate how the number of topic ratings used by each participant

varies as a function of their Likert scale ratings in Table 4.3. We find that a higher overall

rating of our LIMEADE system and a higher self-reported likelihood of using our LIMEADE

system in the future are correlated with using more topic annotations (i.e., giving more

advice). This indicates that more usage of the LIMEADE a↵ordance correlates with a more

positive perception of the LIMEADE system.

4.6 Related Work

Space precludes a discussion of work on explanation generation; we focus our description of

prior work on approaches for incorporating human advice in machine learning models and

on approaches for creating pseudo-instances by labeling features. Some work transcends

these distinctions, however; Smith-Renner et al. [347] show that many users expect that an

ML model will improve over time and that users are frustrated with imperfect AI systems

that provide explanations without supporting the ability to receive corresponding feedback.

Furthermore, there are other general-purpose ways to improve model accuracy besides high-

level advice: labeling new training instances, altering the weights of training instances, and

providing an ‘undo’ button to remove a label that has just been added are a few such
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methods.

4.6.1 Enabling Machine Learners to Take Human Advice: Interpretable Models

Research from interactive machine learning and human-AI interaction has shown the ben-

efits of enabling learning models, including both recommender systems and classifiers, to

take advice from humans [10, 342]. For example, Lou et al. [224], Lou et al. [225],

Caruana et al. [51], and Wang et al. [389] have demonstrated the value of GAMs and

GA2Ms, which can be directly modified by humans via the alteration of shape functions.

Likewise, Kulesza et al. [184] have shown the power of explanatory debugging of models.

However, this research has focused on transparent, interpretable models, where the models

can be adjusted directly [392]. LIMEADE extends the paradigm of interactive machine

learning and advice taking to opaque models. Moreover, these evaluations often focus on

user ratings rather than quantitative demonstrations of a model’s improvement in accuracy

via advice taking. As argued by [368], benchmarking and evaluation remain open problems

in leveraging explanations in interactive machine learning, one form of advice taking. In our

second case study, we directly quantitatively evaluate LIMEADE accuracy improvements

relative to a baseline.

Recommender systems are a common domain for studying explainability and advice

taking due to the feedback loop and interactivity essential to the task of recommendation [3,

48, 133, 216, 306, 371, 373, 374, 386, 412]. Some recommender systems take a human’s advice

via a↵ordances other than rating content [133]. The majority of these systems enable advice

taking in response to a global explanation of the system’s behavior [27, 43, 44, 47, 122, 158,

165, 174, 252, 285, 326, 330, 375]. Others enable advice taking in response to instance-

level explanations or no explanations at all [2, 132, 185, 384]. The combined a↵ordances

of advice taking and explainability can lead to a higher degree of user satisfaction [144];

more trust in and perceived control of the system [74, 144, 305, 383]; and better mental

models, without significantly increasing the cognitive load [184, 186, 326]. In contrast to

LIMEADE, however, all of this work either relies on interpretable models or implements

advice taking in an algorithmic-specific fashion that is not extensible to an arbitrary opaque
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machine-learned model.

4.6.2 Enabling Machine Learners to Take Human Advice: Architecture-Specific Models

Other work has explored the extension of advice taking to specific classes of opaque mod-

els, such as neural architectures. Like LIMEADE, the methods proposed by both Rieger

et al. [323] and Ross et al. [327] accept human input in response to advice given in terms of

an explanatory vocabulary, but their methods are restricted to di↵erentiable models whose

gradients can be accessed. Rieger et al. modify the loss function in order to incorporate

a “contextual decomposition explanation penalization” that encodes a human’s domain

knowledge in response to an explanation; and Ross et al. modify the loss function through

input gradient penalization as a form of regularization. However, both methods are largely

evaluated with simulated experiments on small, artificial datasets, where the confounds are

often synthetically generated. With DECOY-MNIST, for example, the training data is arti-

ficially colored systematically, leading a learner to recognize color rather than shapes. Some

methods can e↵ectively adjust the loss function to reflect advice like “ignore color” yielding

more robust behavior, but in the real world confounds are much more complex, and it is

not clear that these methods generalize well, even for their specific architecture classes.

Liu and Avci [215] present an NLP-specific method that allows a developer to introduce a

term into the loss function that can counteract biases exposed by explanations. Specifically,

the method can be used to guide a hate-speech detection model away from overly relying on

tokens (such as ‘gay’) associated with protected groups. This is di↵erent from the feedback

accepted by LIMEADE, since it says “Ignore this feature,” rather than “Consider this

feature to be positive/negative,” but it is an important type of high-level advice. Liu and

Avci tested their approach on both a synthetic and real-world domain, showing modest

improvement on the latter. Unlike LIMEADE, however, their approach works only for

neural models and has only been tested on an NLP toxicity detection task.

In computer vision models, researchers have created methods for analyzing the behavior

of specific neurons, e.g. discovering one that produces foliage in a generative model; follow-on

research has developed methods for similarly editing these models by rewriting the behavior
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of those neurons [33, 241]. While impressive, these models are both domain and architecture

specific, and require great expertise on the part of the user — far from McCarthy’s dream.

4.6.3 Enabling Machine Learners to Take Human Advice: Arbitrary Opaque Models

Dasgupta et al. [80] consider the problem of teaching an opaque learner whose represen-

tation and hypothesis class are unknown. The authors show that by interacting with the

black-box learner, a teacher can e�ciently find a good set of teaching instances. However,

Dasgupta et al.’s approach is highly theoretical and assumes a noiseless version-space formu-

lation of learning, where the concept is perfectly learnable. Most importantly, in contrast

to LIMEADE, their method doesn’t enable the teacher to provide advice in a high-level

language.

Broadly speaking, the advice-taking interaction in LIMEADE is similar to classical

human-in-the-loop active learning (AL) [337], which includes techniques that are appli-

cable to opaque models. However, LIMEADE is distinct from typical AL in that the user

is not limited to labeling instances, but can give advice on how the interpretable features

should be driving model behavior (which are converted into pseudo-labeled instances using

our approach). Further, AL work focuses on algorithms to select informative instances for

labeling, whereas LIMEADE creates a↵ordances for feedback on top of explanations that

the user may choose to act upon.

Closest to our work, Schramowski et al. [332] present a method for adding a user into

the ML training loop in order to see the AI’s explanations and provide feedback to improve

decision making. Like LIMEADE, their method works with an arbitrary opaque classifier,

requiring only the ability to add new instances to the training set. Furthermore, they also

interpret human feedback in the vocabulary used in an arbitrary, explanatory model, such

as that produced by LIME [320]. However, unlike our work, Schramowski et al. do not

provide a way for the human to explain to the AI why it made a mistake. Instead, they

focus on corrections for when the model is “right for the wrong reason.” Like LIMEADE,

their method generates pseudo-instances, called “counter-examples,” that are created by

altering the selected feature of the explained instance in order to reduce confounds (including
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through randomization, a change to an alternative value, or a substitution with the value

for that component appearing in other training instances of the same class). Furthermore,

Schramowski et al. include only a single experiment to demonstrate their model-agnostic

method: on a version of the toy MNIST dataset that was artificially biased to include decoy

pixels (Table 1a [332]); their other experiments used a version of Ross et al.’s neural-specific

loss [327].

4.6.4 Labeling Features and Creating Pseudo-instances

While canonical methods of feedback involve providing additional labeled instances [387],

one approach to semi-supervised learning involves training a machine learner on labeled

instances as well as labeled features [89, 118, 214, 312, 331, 404]. In the text classification

setting, this often takes the form of labeling n-gram features. These features are then

used to construct pseudo-instances (e.g., documents containing just the labeled n-gram

itself, labeled according to the feature’s assigned label) or to power methods such as the

generalized expectation criteria [404]. LIMEADE extends this semi-supervised approach

by translating feature labels in an explanatory model into pseudo-instances for retraining a

much more complex opaque model, which is represented using di↵erent features.

4.7 Conclusion & A Call to Action

To be an e↵ective partner in a human-AI team, an AI system must be able to not only

explain its decisions but also take advice given by humans in terms of that explanation.

While interpretable classifiers such as GAMs support explanation-based advice taking, and

post-hoc methods such as LIME provide explanations for opaque ML models, we present

the first method for updating an arbitrary opaque model using positive and negative ad-

vice given in terms of a high-level vocabulary (such as the featurization of an explanatory

model). Furthermore, we are the first to evaluate such a method on a large number (71)

of real-world models and with user studies.10 In our first case study, we used LIMEADE

to implement advice taking on twenty image classification domains. We showed significant

10This includes 20 image classifiers in our first case study (Section 4.3), 21 paper recommenders in our
user study (Section 4.4.5), and 30 paper recommenders in our simulated log study (Section 4.4.7).
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improvement over a strong baseline in the two-shot case. In our second case study, we in-

corporated LIMEADE into Semantic Sanity, a publicly-available computer science research

paper recommender. Significantly, this case study adopted a di↵erent domain and di↵erent

task, demonstrating how LIMEADE is a general framework for advice taking. Our user

study over 21 participants demonstrated that users strongly prefer our advice-taking sys-

tem, lauding perceived control and their sense of trust. While we failed to show improved

accuracy of the resulting recommender for these users, as measured with DCG, a study of

the long-term logs of 30 di↵erent, organic users did show significantly improved NDCG.

Furthermore, another log study uncovered a fundamental tension between canonical expla-

nation approaches that greedily select the most influential features and those that provide

the best a↵ordances for advice taking.

Much work remains to be done. We hope to develop improved methods for interpreting

human advice and better understand when such advice is useful. Experiments using di↵erent

explanatory vocabularies would also be useful. Additional questions, such as simultaneous

advice taking from multiple people in the non-personalized setting, are worth pursuing.

Furthermore, developing other forms of advice taking remains a fruitful area for exploration.

For example, enabling humans to give advice by adding features, or communicating through

natural language or other forms of communication, are understudied challenges. Moreover,

understanding various “hyperparameters” surrounding advice taking, such as the proper

strength of an update, remains an important question both empirically and theoretically.

For example, in the case of recommenders, should the strength of an advice-taking update

be personalized? Should it change during di↵erent stages of updating a model? Are other

methods e↵ective at combating the explanation-action tradeo↵, such as using arbitrary

English feedback to generate a pseudo-instance, rather than restricting to advice written

using the features surfaced in greedy explanations? While we did not evaluate LIMEADE

according to improvements in fairness, robustness, or model compliance, advice taking could

be used for these purposes, and another compelling direction of research concerns refining

and evaluating advice-taking frameworks in this context. Lastly, it is important to further

investigate the entanglement between training data and supervision with respect to advice

taking, as described in Section 4.3.3.
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We consider our chapter a “Call to Action” for researchers in human-AI interaction to

study the advice-taking problem for opaque machine learners. From search & recommen-

dation to image recognition to medical diagnosis, opaque machine learners are ubiquitous.

End-users deserve new methods for adjusting these machine learning systems by giving ad-

vice in terms of a high-level vocabulary. To aid future research, we will release the code

written for our image domain experiments, including our modified COCO dataset with the

precomputed superpixel vocabulary and corresponding embeddings, as well as our function-

ing implementation of LIMEADE. We hope that this work will contribute to opening a

new direction of research in human-AI interaction devoted to this challenging and pressing

problem.
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Chapter 5

CONCLUSION

This dissertation has examined the challenges raised by exploratory search and rec-

ommendation and o↵ers several paths forward in the context of human-AI interaction.

Recognizing the particular challenges of discoverability surrounding digital cultural her-

itage collections, this dissertation has adopted this setting throughout much of the work

presented.

In Chapter 2, we demonstrated the value of large-scale cultural heritage datasets in

advancing interdisciplinary research in the humanities and library & information science.

In particular, we described our construction of the Newspaper Navigator dataset, consisting

of extracted visual content from over 16 million digitized historic newspaper pages. We then

detailed how the dataset could answer questions in fields including critical data studies, print

history, Jewish studies, sociotechnical systems, and beyond.

In Chapter 3, we introduced open faceted search, a framework that empowers users to

define facets in an open domain fashion during the exploratory search process. We described

our implementation of open faceted search within the publicly-deployed Newspaper Navi-

gator search application containing over 1.5 million photos from the dataset. We evaluated

open faceted search using the search logs of over 42,000 user sessions in the application,

demonstrating clear need for open facets, as well as promising evidence of facet learning.

We also detailed broader impact of the search application. To expand open faceted search as

a framework, we introduced ongoing work surrounding zero-metadata open faceted search,

which enables the bootstrapping of full open faceted search interfaces using large language

models, even when image collections have no associated metadata.

In Chapter 4, we introduced LIMEADE, a general framework for advice taking for

opaque machine learners. We evaluated LIMEADE in two distinct settings: image clas-

sification debugging and text recommendation. For the first study, we demonstrated that
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LIMEADE outperforms a strong baseline. For the second study, we implemented LIMEADE

within Semantic Sanity, a publicly-deployed paper recommender system. We conducted an

in-person user study demonstrating significantly higher perceived user control, trust, and

satisfaction with LIMEADE. We also conducted log analysis of the publicly-deployed web-

site. We presented this work as a “Call to Action,” arguing that users should have new

methods for giving advice using a high-level vocabulary in order to tune machine learning

systems.

Collectively, this body of work demonstrates the importance of novel interaction a↵or-

dances for exploratory search and recommendation. As end-users interact with increasingly

large corpora of information using increasingly inscrutable machine learning systems, the

importance of further work in human-AI interaction surrounding exploratory search and

recommendation is especially important.

Moving forward, born-digital cultural heritage collections including web archives present

unique challenges, ranging from unprecedented scale to interdisciplinary collaboration re-

quired to make sense of these collections. Though I have begun this line of work surrounding

born-digital content with Trevor Owens in an article in the International Journal of Digital

Humanities [204], the emerging questions are manifold and exciting. While each chapter

o↵ers concrete future work, we end this document toward a horizon of interdisciplinary work

in computing cultural heritage.

Navigating and making sense of digital cultural heritage collections presents distinctly

interdisciplinary challenges. From enriching metadata to developing new modes of search &

discovery to excavating the sociotechnical implications of these systems, pressing questions

abound. Developing new approaches in machine learning, human-computer interaction,

library and information science, and the digital humanities in order to navigate and make

sense of these digital collections successfully is essential. To accomplish this goal, we must

foreground ethical stewardship of digitized and born-digital cultural heritage at both local

and global scales. This dissertation o↵ers the challenge of computing cultural heritage as

an increasingly crucial area of research and pedagogy for scholars across disciplines over the

coming years [198].
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[291] H. Pflüger and T. Ertl. Sifting through visual arts collections. Comput. Graph.,

57(C):127–138, June 2016. doi:10.1016/j.cag.2016.03.009.

[292] Joelle Pineau, Philippe Vincent-Lamarre, Koustuv Sinha, Vincent Larivière, Alina

Beygelzimer, Florence d’Alché Buc, Emily B. Fox, and H. Larochelle. Improving

reproducibility in machine learning research (a report from the neurips 2019 repro-

ducibility program). ArXiv, abs/2003.12206, 2021.

[293] Andrew Piper, Chad Wellmon, and Mohamed Cheriet. The page image: Towards a

https://linkinghub.elsevier.com/retrieve/pii/S1071581915000208
https://linkinghub.elsevier.com/retrieve/pii/S1071581915000208
https://doi.org/10.1016/j.ijhcs.2015.01.007
http://papers.neurips.cc/paper/9015-pytorch-an-imperative-style-high-performance-deep-learning-library.pdf
http://papers.neurips.cc/paper/9015-pytorch-an-imperative-style-high-performance-deep-learning-library.pdf
http://papers.neurips.cc/paper/9015-pytorch-an-imperative-style-high-performance-deep-learning-library.pdf
https://doi.org/10.1093/biosci/biaa044
https://doi.org/10.1016/j.cag.2016.03.009


254

visual history of digital documents. Book History, 23(1):365–397, June 2015. URL:

https://doi.org/10.1353/bh.2020.0010.

[294] B. A. Plummer, M. H. Kiapour, S. Zheng, and R. Piramuthu. Give me a hint!

navigating image databases using human-in-the-loop feedback. In 2019 IEEE Winter

Conference on Applications of Computer Vision (WACV), pages 2048–2057, 2019.

doi:10.1109/WACV.2019.00222.

[295] Todd Presner. The ethics of the algorithm: Close and distant listening to the shoah

foundation visual history archive. In Fogu Claudio, Wolf Kansteiner, and Todd Pres-

ner, editors, Probing the Ethics of Holocaust Culture, pages 175–202. Harvard Univer-

sity Press, 1999.

[296] National Digital Newspaper Program. About the program - national digital newspaper

program (library of congress), 2019. URL: https://www.loc.gov/ndnp/about.html.

[297] National Digital Newspaper Program. Chronicling America | Library of Congress,

2020. URL: https://chroniclingamerica.loc.gov/about/api/.

[298] National Digital Newspaper Program. Chronicling America guidelines & resources,

2020. URL: http://www.loc.gov/ndnp/guidelines/.

[299] National Digital Newspaper Program. Content selection - national digital newspaper

program (library of congress), 2020. URL: https://www.loc.gov/ndnp/guidelines/

selection.html.

[300] National Digital Newspaper Program. The national digital newspaper program

(ndnp) technical guidelines for applicants, 2020. URL: https://www.loc.gov/ndnp/

guidelines/.

[301] National Digital Newspaper Program. About chronicling america, N/A. URL: https:

//chroniclingamerica.loc.gov/about/.

[302] National Digital Newspaper Program and the University of Kentucky Libraries.

https://doi.org/10.1353/bh.2020.0010
https://doi.org/10.1109/WACV.2019.00222
https://www.loc.gov/ndnp/about.html
https://chroniclingamerica.loc.gov/about/api/
http://www.loc.gov/ndnp/guidelines/
https://www.loc.gov/ndnp/guidelines/selection.html
https://www.loc.gov/ndnp/guidelines/selection.html
https://www.loc.gov/ndnp/guidelines/
https://www.loc.gov/ndnp/guidelines/
https://chroniclingamerica.loc.gov/about/
https://chroniclingamerica.loc.gov/about/


255

Meta — morphosis: Tutorials. URL: https://www.uky.edu/Libraries/NDNP/

metamorphosis/tutorials.html.

[303] Impresso Project. Impresso project, 2017. URL: impresso-project.ch/project/

overview/.

[304] Project Team. The santa barbara statement on collections as data, 2017. URL:

https://collectionsasdata.github.io/statement/.

[305] Pearl Pu and Li Chen. Trust building with explanation interfaces. In Proceedings

of the 11th International Conference on Intelligent User Interfaces, IUI ’06, pages

93–100, New York, NY, USA, 2006. ACM. URL: http://doi.acm.org/10.1145/

1111449.1111475, doi:10.1145/1111449.1111475.

[306] Pearl Pu, Li Chen, and Rong Hu. A user-centric evaluation framework for recom-

mender systems. In Proceedings of the Fifth ACM Conference on Recommender

Systems, RecSys ’11, pages 157–164, New York, NY, USA, 2011. ACM. URL:

http://doi.acm.org/10.1145/2043932.2043962, doi:10.1145/2043932.2043962.

[307] Mahima Pushkarna, Andrew Zaldivar, and Oddur Kjartansson. Data cards: Purpose-

ful and transparent dataset documentation for responsible ai. ArXiv, abs/2204.01075,

2022.

[308] Till Quack, Ullrich Mönich, Lars Thiele, and B. S. Manjunath. Cortina: A system

for large-scale, content-based web image retrieval. In Proceedings of the 12th Annual

ACM International Conference on Multimedia, MULTIMEDIA ’04, page 508–511,

New York, NY, USA, 2004. Association for Computing Machinery. doi:10.1145/

1027527.1027650.

[309] R Core Team. R: A Language and Environment for Statistical Computing. R

Foundation for Statistical Computing, Vienna, Austria, 2018. URL: https://www.

R-project.org/.

[310] Marissa Radensky, Doug Downey, Kyle Lo, Zoran Popovic, and Daniel S Weld. Ex-

ploring the role of local and global explanations in recommender systems. In Ex-

https://www.uky.edu/Libraries/NDNP/metamorphosis/tutorials.html
https://www.uky.edu/Libraries/NDNP/metamorphosis/tutorials.html
impresso-project.ch/project/overview/
impresso-project.ch/project/overview/
https://collectionsasdata.github.io/statement/
http://doi.acm.org/10.1145/1111449.1111475
http://doi.acm.org/10.1145/1111449.1111475
https://doi.org/10.1145/1111449.1111475
http://doi.acm.org/10.1145/2043932.2043962
https://doi.org/10.1145/2043932.2043962
https://doi.org/10.1145/1027527.1027650
https://doi.org/10.1145/1027527.1027650
https://www.R-project.org/
https://www.R-project.org/


256

tended Abstracts of the 2022 CHI Conference on Human Factors in Computing Sys-

tems, CHI EA ’22, New York, NY, USA, 2022. Association for Computing Machinery.

doi:10.1145/3491101.3519795.

[311] Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sand-

hini Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, Gretchen

Krueger, and Ilya Sutskever. Learning transferable visual models from natural

language supervision. In Marina Meila and Tong Zhang, editors, Proceedings of

the 38th International Conference on Machine Learning, volume 139 of Proceedings

of Machine Learning Research, pages 8748–8763. PMLR, 18–24 Jul 2021. URL:

https://proceedings.mlr.press/v139/radford21a.html.

[312] Hema Raghavan and James Allan. An interactive algorithm for asking and incorpo-

rating feature feedback into support vector machines. In SIGIR ’07, page 79–86, 2007.

URL: https://dl.acm.org/doi/10.1145/1277741.1277758.

[313] Juha Rautiainen. Opening digitized newspapers for di↵erent user groups - successes

and challenges. In IFLA WLIC 2019, Athens, Greece, 2019.

[314] READ COOP. Transkribus: Transcribe. collaborate. share., 2020. URL: https:

//readcoop.eu/transkribus/.

[315] READ COOP. Public models in transkribus, 2022. URL: https://readcoop.eu/

transkribus/public-models/.

[316] Matthew Reidsma. Masked by Trust: Bias in Library Discovery. Litwin Books,

Sacramento, 2019.

[317] Dillon Reisman, Jason Schultz, Kate Crawford, and Meredith Whittaker. Algorithmic

impact assessments: A practical framework for public agency accountability, 2018.

URL: https://ainowinstitute.org/aiareport2018.pdf.

[318] Shaoqing Ren, Kaiming He, Ross Girshick, and Jian Sun. Faster R-CNN:

Towards Real-Time Object Detection with Region Proposal Networks. In

https://doi.org/10.1145/3491101.3519795
https://proceedings.mlr.press/v139/radford21a.html
https://dl.acm.org/doi/10.1145/1277741.1277758
https://readcoop.eu/transkribus/
https://readcoop.eu/transkribus/
https://readcoop.eu/transkribus/public-models/
https://readcoop.eu/transkribus/public-models/
https://ainowinstitute.org/aiareport2018.pdf


257

NIPS ’15, pages 91–99, 2015. URL: http://papers.nips.cc/paper/

5638-faster-r-cnn-towards-real-time-object-detection-with-region-proposal-networks.

pdf.

[319] Jane Rhodes. Mary Ann Shadd Cary: The Black Press and Protest in the Nineteenth

Century. Indiana University Press, Bloomington, IN, November 1998.

[320] Marco Tulio Ribeiro, Sameer Singh, and Carlos Guestrin. ”why should i trust you?”:

Explaining the predictions of any classifier. In Proceedings of the 22nd ACM SIGKDD

International Conference on Knowledge Discovery and Data Mining, KDD ’16, pages

1135–1144, New York, NY, USA, 2016. ACM. URL: http://doi.acm.org/10.1145/

2939672.2939778, doi:10.1145/2939672.2939778.

[321] Marco Tulio Ribeiro, Tongshuang Wu, Carlos Guestrin, and Sameer Singh. Be-

yond Accuracy: Behavioral Testing of NLP Models with CheckList. In Pro-

ceedings of the 58th Annual Meeting of the Association for Computational Lin-

guistics, pages 4902–4912, Online, July 2020. Association for Computational Lin-

guistics. URL: https://www.aclweb.org/anthology/2020.acl-main.442, doi:

10.18653/v1/2020.acl-main.442.

[322] Mia Ridge, Samantha Blickhan, Meghan Ferriter, Austin Mast, Ben Brumfield, Bren-

don Wilkins, Daria Cybulska, Denise Burgher, Jim Casey, Kurt Luther, Michael Ha-

ley Goldman, Nick White, Pop Willcox, Sara Carlstead Brumfield, Sonya J. Coleman,

and Ylva Berglund Prytz. The Collective Wisdom Handbook: Perspectives on Crowd-

sourcing in Cultural Heritage. 2021. URL: https://doi.org/10.21428/a5d7554f.

1b80974b.

[323] Laura Rieger, Chandan Singh, W. James Murdoch, and Bin Yu. Interpretations are

useful: penalizing explanations to align neural networks with prior knowledge, 2019.

arXiv:1909.13584.

[324] Roopika Risam. New Digital Worlds: Postcolonial Digital Humanities in Theory,

Praxis, and Pedagogy. Northwestern University Press, Evanston, Illinois, 2018.

http://papers.nips.cc/paper/5638-faster-r-cnn-towards-real-time-object-detection-with-region-proposal-networks.pdf
http://papers.nips.cc/paper/5638-faster-r-cnn-towards-real-time-object-detection-with-region-proposal-networks.pdf
http://papers.nips.cc/paper/5638-faster-r-cnn-towards-real-time-object-detection-with-region-proposal-networks.pdf
http://doi.acm.org/10.1145/2939672.2939778
http://doi.acm.org/10.1145/2939672.2939778
https://doi.org/10.1145/2939672.2939778
https://www.aclweb.org/anthology/2020.acl-main.442
https://doi.org/10.18653/v1/2020.acl-main.442
https://doi.org/10.18653/v1/2020.acl-main.442
https://doi.org/10.21428/a5d7554f.1b80974b
https://doi.org/10.21428/a5d7554f.1b80974b
http://arxiv.org/abs/1909.13584


258

[325] Gregory Rolan, Glen Humphries, Lisa Je↵rey, Evanthia Samaras, Tatiana

Antsoupova, and Katharine Stuart. More human than human? artificial intelligence

in the archive. Archives and Manuscripts, 47(2):179–203, 2019. arXiv:https://doi.

org/10.1080/01576895.2018.1502088, doi:10.1080/01576895.2018.1502088.

[326] Stephanie L. Rosenthal and Anind K. Dey. Towards maximizing the accuracy of

human-labeled sensor data. In Proceedings of the 15th International Conference on

Intelligent User Interfaces, IUI ’10, page 259–268, New York, NY, USA, 2010. Asso-

ciation for Computing Machinery. doi:10.1145/1719970.1720006.

[327] Andrew Slavin Ross, Michael C. Hughes, and Finale Doshi-Velez. Right for the right

reasons: Training di↵erentiable models by constraining their explanations. In Proceed-

ings of the 26th International Joint Conference on Artificial Intelligence, IJCAI’17,

page 2662–2670. AAAI Press, 2017.

[328] Christian Safka. img2vec, 2019. URL: https://github.com/christiansafka/

img2vec.
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