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ABSTRACT ARTICLE HISTORY
New roles in Al are emerging throughout Industry, Academia, Received April 2025
and Government. From responsible Al management to Al sys- Revised July 2025

tems engineering, these roles require new skills, many of which Accepted July 2025
align closely with librarian competencies. Roles in Al where KEYWORDS

librarian skills are especially relevant include organizing infor- Artificial intelligence;
mation, facilitating documentation, assessing societal impacts, library science education;
and working with communities of both users and developers. skills and competencies;
In this paper, we provide mappings from ALA-defined librarian responsible Al; social

competencies and Library and Information Studies curricula to justice
an inventory of Al competencies. We provide an analysis of five

areas of alignment, as in correspondence, including responsible

Al and social justice and data engineering and evaluation.

Introduction

In the Spring of 2022, Huggingface, the Artificial Intelligence (AI) and
Machine Learning community and platform, posted a job listing for a
Machine Learning Librarian.! The post notes that Huggingface sees “an
increasing need for curating documentation and general knowledge about
all of the many models, datasets, and application contexts for this tech-
nology” They are recognizing the vital nature of librarian skillsets — skill
in information organization, knowledge discovery, and cataloging - in
helping organize and provide access to the rapidly growing resources used
in AI? Since this posting, a growing number of jobs have appeared for
AI Librarians, though the bulk of these are in academic institutions and
are focused on developing and supporting AI driven applications for
scholarly research.’ Recently, organizational consulting firm Korn Ferry
has posited that librarians will increasingly be candidates for various cor-
porate roles helping reframe thinking about AI and create value.* The
Artificial Intelligence Skills Alliance (ARISA) “AI Skills Needs Analysis”
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is a EU co-funded review of AI skills and related roles.” It lists a large
variety of both technical and management and support roles including
NLP engineer, prompt engineer, Al strategist, Al ethics officer, and Al
quality controller. In this paper, we identify skills and capabilities of librar-
ians to support Al based on a review of the literature and on a review
of emerging Al practices. The result is a mapping of existing librarian
skillsets to needs in developing AI systems. We use the American Library
Association Core Competencies (ALACCs) as a reference set of library
skills and produce a mapping of these competencies to skills needed for
developing Al systems.® We supplement the ALACCs with additional skills
from the Professional Competencies for Reference and User Services
Librarians (RUSA), from the Core Competencies for Cataloging and
Metadata Professional Librarians (CCCMPL), and from the curricula of
several leading Library and Information Science Graduate Programs.” We
also identify places to further emphasize or add to skillset development.
We focus on how librarians, and particularly catalogers, can apply their
competencies to Al, but not on whether the library community should
be engaged in AI development. The latter discussion, while interesting
and important, is out of scope for this paper.

The rest of this paper is organized as follows: we first review related
work. We then proceed to describe our methodology and mapping of
competencies. Based on this mapping of competencies, we explore in the
analysis and discussion section AI development needs in five areas: infor-
mation retrieval, model and data cataloging, knowledge engineering,
responsible AI and social justice, and data engineering and evaluation,
looking at each through the lens of librarian and cataloger skills.

Related work

Little has been published on the role of the librarian in improving and
developing AI systems. Most of the literature on AI and libraries has
investigated the impact of Al on academic libraries, the value of AI for
library users, or the implementation of ChatBots in academic libraries.?®
Additionally, many papers delve into the applications of AI in library
operations, including indexing and abstracting, recommendations, and
summarization.’

There has also been much written in the library literature about the
ethical implications of AI. Mannheimer et al. write about responsible Al
practice in libraries and archives and lay out some challenges that libraries
will face in ensuring new Al based services are built with ethics in mind."
Responsible AI involves paying close attention to ethical implications of
AT application. Examples include assessing the impact of an Al application
on individuals, considering societal impacts, and reviewing applications
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for any implicit or inherent biases. Inherent bias is common in AI systems
due to the relaiance on training data, which unintentionally encodes many
human biases. This can lead to harmful or unfair AI outputs and should
be actively mitigated by AI developers. Significantly, Mary Lee Kennedy
reflects on the role of libraries in advocating for Responsible AI and Ethics
more broadly, by actively engaging “in informing the principles and prac-
tices of Al institutionally, in public policy, and in the research and learning
community.”!! The ALACCs address social justice directly with competen-
cies like “Recognize, challenge, and change practices, services, and pro-
grams that have traditionally replicated dominant systems and marginalized
others”!? Librarians are well positioned to play a role in assessing training
and evaluation data for inherent bias, recommending approaches to mit-
igating such bias, and identifying gaps in data and algorithms that could
have negative impacts on under-represented and marginalized groups.

Several resources have been published in recent years that could potentially
be used as sources for an inventory of Al Competencies. The AI Alliance, a
community of Al technology developers and researchers formed by IBM and
Meta in 2023 and comprising over 50 member organizations from academia,
government, and industry, published a “Guide to Essential Competencies for
AT This guide provides specific skills and knowledge needed across a series
of Al Competency areas as well as more general enabling soft skills. “The
Transformational Opportunity of Al on ICT Jobs’, a report of the Al-Enabled
Information and Communication Technology Workforce Consortium, docu-
ments new skills, skills that are increasing in importance, and deprecating
skills.'* This is analyzed from the perspective of existing Information &
Communication Technology job groups, such as Data Scientist, Business and
Management, Cybersecurity, and Software engineering. It does not cover the
capabilities needed for new roles in Al The US Office of Personnel Management
issued a memorandum for Heads of Executive Departments and Agencies in
April 2024 that lays out AI competencies needed at each grade level of US
Government jobs.!”> They address general Al competencies and technical com-
petencies. While their list is fairy exhaustive and contains similar items to
those found in the AI Alliance Guide, they do not provide detailed skill and
knowledge components. ARISA followed the discussion of Al skills and rolls
in the “AI Skills Needs Analysis” with a detailed Core Curriculum mapping
learning objectives in a wide array of skill areas to various technically focused
EU job roles, including Machine Learning Engineer and Data Scientist.®

Methodology: Mapping competencies

We develop a mapping between library skills and core competencies and
the emerging needs of Al development. As a representation of Al com-
petencies, we draw on the AI Alliance “Guide to Essential Competencies
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for AT”'” We select this guide because it centers Responsible AI while also
providing significant detail of the skills needed while extending beyond
purely technical engineering and data science roles.

They identify five primary competency areas:

» Responsible Use discusses the ethical use of Al and mitigation of neg-
ative impacts,

o Identifying Data Limitations discusses understanding the limitations of
AT systems and includes competencies around evaluating AI output,

o Data Analysis focuses on data selection and management,

o Machine Learning covers development of machine learning algorithms
and selection of training data, and

o Al Logic discusses more traditional, logic-based symbolic Al
systems.

Within each of these five areas, they identify knowledge and skills
associated with four competency levels: Fluency, Proficiency, Expertise,
and Mastery. They additionally identify “durable competencies” in areas
including “personal agency”, problem solving, communication, and project
management, as well as a set of foundational competencies in areas like
Machine Learning, Algorithms, and Natural Language Processing. In addi-
tion to these AI competency areas, they also define six “Durable
Competencies’, defined as “Cross-cutting competencies that may be needed
to facilitate learning and application of AI competencies’, and eleven
“Foundations”, defined as “Terms and concepts that are prerequisites to
the acquisition of specific AI competencies.”

We take their five high level competency areas, durable competencies,
and foundational competencies and map them to core competencies drawn
from the American Library Association Core Competencies (ALACC), the
Reference and User Services Association’s Professional Competencies for
Reference and User Services Librarians (RUSA), and the Core Competencies
for Cataloging and Metadata Professional Librarians (CCCMPL) from the
ALA CORE (formerly published by the Association for Library Collections
and Technical Services).!®* Where relevant, we map AI Alliance competen-
cies to individual items drawn from the set of three ALA competency
documents. These mappings are shown in Table 1 in the results section.
Our mapping covers three of the five Al Competency Areas, five of the
six Durable Competencies, and three of the eleven foundations. These
represent the set that have clear analogs in the set of Library Competency
documents we reviewed. We exclude the AI Competency Areas around
AT Logic (Symbolic AI) and Machine Learning, the Project Management
durable competency, and Foundations such as Deep Learning, Supervised
Learning, and Algoritms, because they do not map to the Library
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Table 1. Mapping of Al Alliance’s five Al Competency categories, Foundational competencies,
and Durable competencies to library competencies drawn from ALA's Core Competences of
Librarianship (ALACC), Core Competencies for Cataloging and Metadata Professional Librarians
(CCCMPL), Professional Competencies for Reference and User Services Librarians (RUSA).

High-Level
Category Competencies & References
Responsible + ALACC 1A: Employ the ethics, values, and foundational principles of the library profession.
Use + ALACC 1G: Understand the legal framework in which libraries operate, including laws
relating to copyright and fair use, privacy, freedom of expression, equal rights (e.g.,
the Americans with Disabilities Act), open access, and intellectual property.

« ALACC 7B: Recognize the ethical and appropriate application of key research methods,
techniques, and designs in the field, including the generation, analysis, evaluation,
and presentation of data, and the utilization of research tools.

Identifying + ALACC 2A. Consider the issues related to the lifecycle of recorded knowledge and
Data information, from creation through various stages of use, in relationship to material
Limitations format and genre.

+ RUSA 5A: Accesses relevant and accurate recorded knowledge and information.
» RUSA 5B: Evaluates, collects, retrieves, and synthesizes information from diverse sources.
Data Analysis + CCCMLP: Understands principles behind controlled vocabularies, particularly
international, domain, and community-centric structures.
+  CCCMLP: Understands principles of classification and information organization.
+  CCCMLP: Understands different data structures (flat, hierarchical, graph, relational,
semantic, etc.).
+  CCCMLP: Indexing and database structure.
Durable Competencies
Flexibility +  CCCMLP: Initiative & adaptability — Flexible Thinking.
+  CCCMLP: Initiative & adaptability — Ability to handle ambiguity and changing priorities.
Growth Mindset - ALACC 4E. Employ the concepts behind, issues relating to, and methods of principled,
transformational, and change management leadership, in addition to other leadership
philosophies.
+  CCCMLP: Initiative & adaptability — Commitment to continuous learning.
+ RUSA 5G: Leads a Life as a Learner
Personal Agency - CCCMLP: Initiative & adaptability — Independence in decision making.

Creative + ALACC 1l. Use techniques to identify, codify, and analyze complex problems and
Problem create appropriate and collaborative solutions within library environments.
Solving +  CCCMLP: Problem solving: Implements project management techniques and tools;

collaborates with colleagues to solve problems; evaluates problem solving results and
applies knowledge to future tasks
Communication -« ALACC 1J: Demonstrate effective verbal and written communication techniques,

and including video, live chat, and email.
Collaboration

Foundations + ALACC 9A. Identify appropriate technologies and uses that support access to and
(General) delivery of library services and resources.

+ ALACC 9B. Understand and navigate ethical and cultural considerations and impacts
on library practices and community members when applying technology to library
services and resources.

»  ALACC 9C. Conduct regular evaluation of existing and emerging technologies and
their impact on library services and resources in terms of accessibility, practicality,
sustainability, and effectiveness.

Artificial +  CCCMLP: Understands the impact, limitations, and possible usage of artificial
Intelligence intelligence (Al) applications and large language models (LLM)
Training Data + ALACC 4C. Implement the concepts behind, and methods for, assessment and
evaluation of library services and their outcomes.

» ALACC 5A: Understand the principles, systems, trends, and goals involved in the
organization and representation of recorded knowledge and information.

+ ALACC 5C. Maintain the systems of cataloging, collection, metadata, indexing, and classification
standards and structures, and implement methods used to apply, create, and discover recorded
knowledge and information, and the weaknesses and strengths of these systems.

+ALACC 6A: Employ techniques used to discover, retrieve, evaluate, and synthesize information
from diverse sources for use by varying user populations and information environments.

» ALACC 9C. Conduct regular evaluation of existing and emerging technologies and
their impact on library services and resources in terms of accessibility, practicality,
sustainability, and effectiveness.

(Continued)
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Table 1. Continued.

High-Level
Category Competencies & References
Bias + ALACC 5D: Recognize the ways that cultural biases impact and influence the collection

and description of recorded knowledge and information.

ALACC 8A: Understand one’s own cultural identity including positionality related to
power, privilege, and oppression and how that influences the ways they interact with
the community and among decision makers.

ALACC 8B: Recognize, challenge, and change practices, services, and programs that
have traditionally replicated dominant systems and marginalized others.

ALACC 9B: Understand and navigate ethical and cultural considerations and impacts
on library practices and community members when applying technology to library
services and resources.

CCCMLP: Ethical and transparent data.

RUSA 5F: Assesses and responds to diversity in user needs, user communities, and
user preferences.

Competencies analyzed. Although the Durable Competencies are not spe-
cific to libraries, we include them in our mapping because analogous
entries are included in the set of ALA competencies.

Additionally, we review the curricula of the top three ALA accredited
Library and Information Science programs in the United States per 2021 US
News and World Reports rankings:'’

o University of Illinois Urbana-Champaign (UIUC)*
o University of North Carolina-Chapel Hill (UNC)?!
o University of Washington?*

For each program, we review the full course listings, including descrip-
tions, but not syllabi. For the purpose of the mapping, we focus on UIUC
and UNC because the selection of elective courses offered as part of the
library science curriculum is closely aligned with the emerging needs of
Al The University of Washington also has many relevant classes, including
an entire Al specialization, but it is part of their Master of Science in
Information Management Curriculum rather than the Master of Library
and Information Science. This is contrasted with UIUC and UNC, which
are both iSchools, and while they include a number of courses related to
traditional library skills, they also cover data science and information
science courses as part of the Library and Information Science curriculum.
Our mappings cover both traditional and iSchool curricula, but do not
fully represent all subject areas: there are many additional courses listed
that have less relevance to the AI domain. We review the required courses
and all elective courses - including review of course descriptions and
occasionally syllabi when they are available - and we map specific
“Knowledge” components from each of the Al Alliance’s five AI Competency
areas at each of the four competency levels to course offerings from these
two programs.”® Table 2 in the Results Section contains the mappings from
courses to AI Competency Knowledge. Eight out of 78 courses listed for
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Table 2. Mapping of library courses from University of North Carolina (UNC) and University
of lllinois Urbana Champaign (UIUC) to Al Alliance Competency knowledge.

Course Title

Al Alliance Competency Knowledge

UIUC IS 407 Introduction
to Data Science

UIUC IS 537 Theory &
Practice of Data
Cleaning

UIUC IS 455 Database
Design and
Prototyping

UIUC IS 584 Privacy in
the Internet Age

UIUC IS 530 Collection
Development

UNC INLS 509:
Information Retrieval

UNC INLS 690: Data
Criticism

UNC INLS 690:
Misinformation and
Society

UNC INLS 512:
Applications of
Natural Language
Processing

UNC INLS 541:
Information
Visualization

DA2: Understanding of basic statistical and mathematical concepts,
including means, correlations, and others, that are relevant to data analysis.
DA2: Understanding of data characteristics and differences between
unstructured and structured data.

DA3: Understanding of the strengths and weaknesses of machine learning
libraries appropriate for a given task, mitigating data limitations.

DA3: Understanding of approaches and techniques to evaluate outcomes
and assess models, including computational performance and accuracy.
DA3: Knowledge of data augmentation techniques and handling
imbalanced data sets.

ML1: Understanding of the types of machine learning.

ML3: Understanding of classification and clustering, methods by which data
is organized and labeled.

ML3: Understanding of differences between supervised, unsupervised, and
reinforcement machine learning.

IDL3: Understanding of how to address and mitigate data limitations in
model design, data selection, and evaluation.

DA3: Knowledge of strategies for data collection, cleaning, and
preprocessing to ensure high-quality inputs for training models.

AIL3: Awareness of methods for structuring and organizing information in
ways that can be used by machines.

RU1: “Understanding of the role of personal data in Al systems, and
awareness of basic methods of personal data privacy protection.”

RU1: “Awareness of methods of data and privacy protection required in
one’s work environment.”

RU3: “Awareness of the legal and regulatory requirements of data
protection, consequences of breaches, and actions required in response to
data breaches.”

RU4: “Awareness of the management strategies of teams, projects, and
organizations to maximize data privacy and protection.”

ML3: Understanding of Retrieval-Augmented Generation.

ML3: Understanding of Retrieval-Augmented Generation.

IDL1: Awareness of how human biases impact Al training data, leading to
potentially inaccurate or incomplete results from those models.

IDL1: Understand the implications of misinterpreted or inaccurate results
from Al systems on one’s role and organization.

IDL2: Understanding of how to check or evaluate Al responses for accuracy,
including where one can go to find alternative sources of information.
IDL4: Understanding of how data limitations in Al tools and products may
create negative implications for individuals, enterprises, and societies.

IDL1: “Awareness of the potential for misleading results and “hallucinations”
in Al systems.”

IDL1: “Understand the implications of misinterpreted or inaccurate results
from Al systems on one’s role and organization.”

IDL2: Understanding of how to check or evaluate Al responses for accuracy,
including where one can go to find alternative sources of information.
IDL4: Understanding of opportunities and venues to advocate for tools,
policies, and campaigns that enable end-users to recognize Al data
limitations.

ML3: Understanding of natural language processing, which uses machine
learning to enable computers to understand and communicate with human
language.

DA1: Understanding of basic data visualization tools and approaches,
including simple charts and graphs.

DA3: Understanding of data visualization and interpretation approaches,
enabling effective insights gathering and model transparency.

ML1: Understanding of basic coding concepts.

(Continued)
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Table 2. Continued.

Course Title Al Alliance Competency Knowledge

UNC INLS 560: + ML1: Understanding of basics of low-code and no-code development
Programming for solutions, approaches that reduce the need for manual programming.
Information + ML2: Basic understanding of programming languages for Al Development.

Professionals
UNC INLS 490: The Idea - RU1: “Awareness that applications, products, and tools use Al, and the ways
of Al and reasons Al may be used within those products.”

« RU2: “Understanding how, where, and for what purpose Al tools and
products can be deployed to complement and/or benefit one’s purposes,
and to meet one’s needs.”

+ RU4: “Understanding the potential future opportunities and limitations of Al
methods and tools.”

UNC INLS 690: + RU2: “Awareness of the implications and consequences of Al use, including
Philosophy and Ethics legal, reputational, personal, and professional risks."
of Al + RU3: “Awareness of how the use of Al may complement or disagree with

standards, norms, and requirements for ethics applicable to one’s country,
field, and/or organization.”

« RU4: “Awareness of how project and program structures, including
personnel, incentives, and internal corporate cultures, may contribute to or
mitigate unethical use of Al tools and products.”

Competency categories: DA: Data analysis, ML: Machine Learning, RU: Responsible use, IDL=Identifying data
Limitations, AL=Al logic. Numbers indicate Al Alliance fluency levels.

UNC appear in our table, along with five out of the 122 courses listed
for UIUC.

Results

In mapping the ALA and RUSA competencies to the high-level AI Alliance
categories (Table 1), the most frequently mapped categories are Responsible
Use and Identifying Data Limitations, whereas the CCCMLP competencies
more often map to Data Analysis and to the Durable Competencies. The
curricula (Table 2) of both UIUC and UNC also are very strong in areas
related to Responsible Use of Al, Identifying Data Limitations, Data
Analysis, and Machine Learning. Generally, there is less focus on Al Logic,
which is more likely to be situated with Computer Science departments
and other programs that would focus more on the previous generation of
symbolic Al

The competency mapping in Table 1 is meant to show areas of the set
derived from the ALA documents, and do not include competencies that
are not represented in both sets of sources. Additionally, Table 2 covers
other areas of overlap between Librarian and Al skills that are not rep-
resented in the ALA Competencies, but that can be seen in iSchool
Curricula. The Analysis and Discussion that follows is organized along
the dimensions of information retrieval, model and data cataloging, knowl-
edge engineering, responsible Al and social justice, and data engineering
and evaluation. While these are not directly derived from our mapping
tables, we focus our discussion on these areas because they help to frame
our discussion while highlighting areas such as Responsible AI and
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Information Retrieval that we see as critically important ot Al and deeply
embedded in the library identity.

Analysis and discussion

Using the above mappings, we now discuss how librarian competencies
intersect with key areas of AI systems development and deployment.

Information retrieval

Al application development frequently relies heavily on search.* Initial
work on Retrieval Augmented Generation (RAG) techniques focused on
embedding models and vector databases for text similarity-based retrieval.?®
The idea behind RAG is that, rather than relying exclusively on the mem-
orized information contained in the parameters of AI models, you can
retrieve trustworthy, vetted chunks of “context” based on a user query,
and include that context when prompting AI systems. Increasingly, appli-
cation developers are finding vector-based search to provide sub-optimal
retrieval and are looking to hybrid techniques that combine traditional
lexical and taxonomy-based search with vector search. Vector search
involves calculating embeddings, numerical representions of words in a
vector space, for both content and user queries, and then using similarity
metrics such as cosine similarity and dot product to find pieces of content
that closely match a user’s query. Vector databases are often a significant
part of the information retrieval layer of RAG systems.

Given long-standing traditions in metadata design, search, and infor-
mation retrieval, librarians are again well-positioned to assist in the devel-
opment of robust search frameworks to help feed data to AI systems,
grounding them and mitigating hallucination. Metadata fields in search
systems can be used to filter data, scoping searches to specific subsets of
corpora, much like faceted navigation has been used in retrieval systems
pioneered by the library community. Creation of relevant metadata to
support these kinds of filter and navigation operations is a role that is
closely aligned with the librarian skill set. Additionally, the ALACCs and
RUSA competencies focus heavily on collection development, a skill which
can be applied to designing and structuring the corpora used in RAG
systems. These skills are especially valuable in building domain specific
and even task specific RAG systems, where the development of the corpus
must provide appropriate coverage of the specific use cases and questions
that users are likely to ask.

The collection development, taxonomy development, and classification
work that goes into building good search systems and selecting the
corpora to be indexed relies on heavy domain and subject matter
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expertise. Subject specialization has long been a hallmark of the library
profession, with subject specialists providing reference services and
building collections for specific academic departments. These profes-
sionals often have additional advanced degrees in their subject matter
areas, and many of the top Library Science programs, including both
UIUC and UNC, offer dual degree programs to help develop library
skills and domain expertise in parallel.?

Model and data cataloging

There are other gaps in the AI training and evaluation data ecosystem
that librarian expertise can help to fill. Emerging work on Dataset Nutrition
Labels, Model Cards, the CLeAR Documentation Framework, and Croissant
all lay out metadata and documentation requirements for ensuring that
datasets, machine learning models, and AI systems are fair, accountable,
transparent, and ethical.”” Model Cards are designed to accompany machine
learning models and describe information about a model’s training data,
possible biases, risks, and intended use of the model. CLeAR extends this
beyond models, providing a framework for “Comparable, Legible,
Actionable, and Robust (CLeAR) Documentation” of larger Al systems,
while Croissant provides a data format for Machine Learning datasets that
incorporates metadata and documention directly into the dataset.
Interestingly, the Croissant model builds on W3C standards, such as the
Data Cataloging Vocabulary (DCAT), that are commonly part of librarian
and information science curricula.?® And in general metadata skills are
an important skillset for librarians, e.g., “ALACC 5 C. Maintain the systems
of cataloging, collection, metadata, indexing, and classification standards
and structures, ...”%

Additionally, finding relevant domain specific datasets both for tuning
and evaluating AI systems is increasingly difficult and time consuming.*
Data is scattered across many different repositories, referenced in confer-
ence publications, and tracked on leaderboards. There are no comprehen-
sive repositories of robust and meaningful evaluation data, making the
identification of appropriate datasets challenging. Librarians in both
Corporate and Academic institutions would help identify, catalog, and
provide access to relevant domain specific data, which relate to the ALACCs
in section 5, concerning “Organization of Recorded Knowledge and
Information”*! As AI systems begin to call APIs and use other tools while
helping users undertake complex tasks, API endpoints, tools, and other
modules that will be employed by these systems will also benefit from
the description and access that the library community is so adept at
providing.’?
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Knowledge engineering

An additional, and closely related, area of promising research is in
Knowledge Engineering. This includes taxonomy and ontology develop-
ment, which can assist in the cataloging and metadata creation of the
wealth of resources discussed in the previous section. Taxonomies are
also useful in helping to understand emerging technologies, explain the
way these technologies are related to each other, how they are similar,
and how they are different, and reach consensus around the vocabularies
used when talking about technologies. Many survey papers covering
large categories of Machine Learning or Al topics include taxonomies
and ontologies of the set of techniques covered, often with hierarchies
grouping techniques together based on shared characteristics. For exam-
ple, Lialin et al. provide a taxonomy of Parameter-Efficient Fine-Tuning
methods; Mao et al. offer a taxonomy of Low-Rank Approximation
(LoRA) methods for LLMs; and Xu et al. present a detailed taxonomy
of Knowledge Distillation methods for LLMs.** All three of these exam-
ples build their taxonomy around the plethora of papers they cite for
their review, use the taxonomy to categorize the techniques described
in these papers, and structure the rest of their survey around their
taxonomy.

Another aspect of Knowledge Engineering is research into Knowledge
Graphs (KGs). Knowledge graphs are formal representations of entities
and relationships frequently used in knowledge management and appli-
cation development.** KGs are closely related to, and build on, earlier
W3C Semantic Web and Linked Open Data work that librarians have
historically engaged in.’> Recent research has evaluated both using AI to
create and augment KGs and using KGs to further ground AI applica-
tions.*® Detailed entities and relationships are hard to discover and inter-
pret when working with unstructured text, which can be seen as a
shortcoming when dealing with complex knowledge. Knowledge graphs
can help provide relational structure to improve Al systems. The librarian
skillset includes competencies related to building and populating knowl-
edge bases and knowledge graphs and developing the taxonomies and
ontologies that support knowledge engineering. The librarian’s discipline
specific domain knowledge and subject matter expertise, taken together
with collection management, cataloging, and classification skills, can help
develop KGs for Al systems in specific domains and for specific profes-
sions. Library competencies such as the CCCMLP’s focus on “principles
of identity management and authority control” and “principles behind
controlled vocabularies” and courses such as UIUC’s Database Design and
Prototyping and Bibliographic Metadata and UNC’s Organization of
Information focus on these skills.?”
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Responsible Al and social justice

The ALA competencies highlight the importance of ethics and social
justice, which aligns well with a growing industry focus on the responsible
use of Al, Machine Learning, and Data Science. At the time of this writ-
ing, a search for “Responsible AI” on LinkedIn Jobs yields 111 results.’®

Responsible AT is the first competency category identified in the AI Alliance
report. Similarly, Stanford’s 2024 AI Index Report has a chapter devoted to
Responsible AL** This chapter focuses on evaluation, privacy and data gover-
nance, transparency and explainability, security, and fairness. The fairness aspect
of this directly aligns with Librarian values around social justice as expressed
in the ALA competencies, which in turn aligns closely with the AI Alliance
Foundational Competency concerning Bias. Understanding the impact of Al
applications on individuals and groups of people, especially disenfranchized
and underserved populations, is an essential part of the responsible deployment
of AI applications. Asking questions like:

o Who might be harmed by the rollout of a new application or the
productization of a project?

» Could an application I'm developing be subject to accidental or inten-
tional misuse?

« What potential biases exist in the training data being used by a new
machine learning model or AI application?

o How interpretable, transparent, and understandable are the outcomes
of my data science project or Al application?

These types of questions are an increasingly important part of respon-
sible AT roles, and the importance librarian training places on ethics and
social justice position librarians to undertake these kinds of assessments.
Courses like The Idea of AI and Philosophy and Ethics of AI at UNC
indicate the intention to foster the skills and perspectives necessary to
guide projects through these challenging considerations.

Responsible use of Al also includes legal implications, questions of fair
use, licensing of data and of machine learning models, privacy laws, and
more. These are all things that land squarely in the ALA Core Competencies
Gateway Knowledge category. Example questions that a trained librarian
might be well positioned to help answer include:

« When training a machine learning model - what data should one use
from the open web?

o Is the LLaMA foundation model from Facebook really open source?
What are the implications of the various different licenses used by the
different versions of the model?*°
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o What are the privacy implications of using OpenAl APIs? How do
these compare to the privacy implications of using the DeepSeek
APIs?*! Would it be safer to use a locally hosted version of DeepSeek,
or one from a provider like Amazon Web Services (AWS) or Microsoft
Azure?

o Is this particular Al research allowable under the EU’s Al act?

While specific providers (e.g., Azure and AWS) or models (e.g.,
DeepSeek) are not explicitly mentioned in these curricula, the curricula
provide a framework to train and prepare professionals to answer these
kinds of questions. These questions are applicable whether in corporate,
academic, or government environments. Relevant training can be found
throughout the academic Library Science Curriculum in courses like
Privacy in the Internet Age, Ethics ¢ Policy for Data Science, and Copyright
for Information Professions at UIUC or Data Governance at UNC.

Data engineering and evaluation

Another broad category of Al development work is around data manage-
ment, data engineering, and data preparation. These areas are covered in
part by the AI Alliance competencies under Identifying Data Limitations
as well as the Foundational Competency in Training Data but potentially
have much broader applications than are mentioned in the AI Alliance
documentation.*> Closely connected to the Responsible Al topic is a set
of questions concerning Data Limitations, including suitability of data,
challenges with data sources, biases in training data, and evaluation of Al
outputs. Again, these map well to library functions and library skills. ALA’s
Core Competencies 2A and 2B look at “issues related to the lifecycle of
recorded knowledge and information” and the “concepts, issues, and meth-
ods of collection management”, while multiple RUSA competencies focus
on providing access to information and on evaluation.* Understanding
Data Limitations and working with Training Data both depend on knowl-
edge of storing and maintaining recorded knowledge. The management of
such data, which requires understanding of data structures and formats,
is closely connected to traditional library skills. Courses such as Theory
& Practice of Data Cleaning at UIUC and Data Criticism and Misinformation
and Society at UNC will prepare students to understand how to assess
data quality and evaluate the output of Al systems for inaccuracies, hal-
lucinations, and misinformation. Being able to trace errors back to training
data or application prompts will help AI developers curate better training
data sets and build more trustworthy systems.

This is closely related to the data preparation, analysis, and model
evaluation that is undertaken as part of data science. Over the course of
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the last decade, more and more Library Science programs and Information
Schools have increased their Data Science offerings. While we are primarily
focused on the more traditional librarian skillset and Library Science
curricula in this paper, the mappings presented do include Data Science
electives that are available to Library Science students. Courses like
Introduction to Data Science at UIUC and Applications of Natural Language
Processing, Information Visualization, and Programming for Information
Professionals at UNC align closely to the Data Analysis and Machine
Learning competencies form the AI Alliance. While these skillsets do not
appear in the various ALA competency documents, many librarians are
developing these skills over the course of their academic training. Khan
discusses the role of data science learning objectives in LIS education.**
While the exploration is focused on research data librarians, Khan also
notes that many traditional library roles will increasingly need data science
skills. Zhang et al. and Urs & Minhaj provide much more detail on the
development of Data Science curricula in the context Information Science
education.”

New roles for librarians and implications for library education

AT is an incredibly fast-moving area, and new needs are emerging con-
stantly. Some of these new needs would benefit greatly from the librarian
skillset. Two examples of this are Al Auditing and Agentic Al. Harvard
Business Review defines an Al, or algorithmic audit as “a way of answering
a question about an algorithmic system by analyzing data on how users
and systems interact” ... “to understand whether a system is working as
expected or is harming users”*® Agentic Al refers to trends in AI devel-
opment that give more autonomy, problem solving, and decision-making
responsibility to Al alogirthms and specifically to large language models.

The ALA competencies focus on Social Justice and the courses seen in
both the degree programs we analyzed will help prepare students for roles
in Responsible Al. A related practice, auditing of Al systems, is becoming
an increasingly significant part of Responsible AL* Audits can be per-
formed by either internal or external auditors.*® Librarian competencies
in areas like documentation, organization of information, and data gov-
ernance can support Al auditing. The skills developed in courses like
UNC’s Data Governance align well with the skills taught in Al auditing
courses.*

In 2024 and 2025, more attention has been paid to Agentic Al, where
more and more autonomy is given to Large Language Models and Al to
engage in complex problem solving with less guidance and human inter-
vention.”® While this is in many ways exciting, it is also met with some
trepidation, as many express ethical and safety concerns about increased
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autonomy and even suggest that fully autonomous systems should not be
developed.”! The risks have become even more pronounced as increasingly
independent “reasoning” models such as OpenAI’s ol have demonstrated
poor alignment with both their programmers an users, some even showing
capacity to decieve their users.”” One approach to mitigating these risks
is through “Human in the Loop” Agentic Al systems, where there are
opportunities for end-users as well as other participants in a system’
execution to advise and direct models, perhaps changing query plans or
updating workflows.”> As multi-agent systems become more complex,
including multiple humans, perhaps with different subject matter expertise,
is a potentially valuable solution. As noted previously, many Library and
Information Science programs offer dual degrees so that potential librarians
can develop subject matter expertise. This subject matter expertise, along
with competencies in areas such information verification, misinformation,
resource assessment, and providing reference services, perfectly position
librarians to play an active role in these human-in-the-loop multi-agent
systems.

Limitations and future work

This current exploration is a qualitative analysis of the correspondence between
the AI Competencies developed by the AI Alliance and the librarian skillset,
as represented by ALA Competency documents and LIS Curricula. The meth-
odology of this study is a manual mapping. One possible direction of future
work is to apply this mapping methodology to competencies in other infor-
mation center domains such as Information Management and Human-Computer
Interaction. The Korn Ferry report cited in the introduction notes that insur-
ance actuaries have similar skill sets to librarians around organizing and ana-
lyzing information.> This is an indication that a similar analysis could be
conducted for domains well outside of the scope of traditional information
systems and computer science fields.

An additional area of research could expand on the Implications for
Library Education, conducting a more detailed gap analysis between the
Al competencies identified and iSchool Curricula. This could help inform
recommendations around how to evolve iSchool Curricula to support
new Al roles such as Prompt Engineering, Responsible AI, and Al
Auditing. Additional examples of such roles could be pulled from job
descriptions as well as the discussion of AI roles listed in the EU ARISE
materials.

Finally, additional work could be done to augment this qualitative anal-
ysis with a more quantitative study. An automated analysis of a larger set
of curricula, including more syllabi and job descriptions harvested from
LinkedIn or Indeed could provide statistical insights into the
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correspondence between AI Roles and iSchool Curricula. This could also
have the added benefit of helping to prioritize recommendations about
iSchool curriculum updates based on statistical analysis of the frequency
with which skills are mentioned in job descriptions.

Conclusion

In the coming years, we expect that indexing and abstracting practices
are going to evolve to better meet information retrieval needs of Al sys-
tems. New metadata standards and formats, new indexing techniques, and
new taxonomies and ontologies are going to be critical in the development
of robust Artificial Intelligence systems. Librarians have an opportunity
to play a critical role in defining these new standards, techniques, and
vocabularies. The LIS Education System can help to train professionals
for new roles in Al in a pivot that will resemble the shift toward Information
Science, which trained professionals for roles in Information Architecture
and Information Retrieval outside of library organizations. As we have
shown throughout this analysis, librarians already have a significant set
of competencies that are essential in the successful, responsible, and ethical
development of Al systems.
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