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Formalized literature reviews are crucial in human–computer interaction (HCI) because they synthesize research and identify unsolved
problems. However, current practices lack transparency when reporting details of a literature search. This restricts replicability. This
paper introduces the INSPIRE framework for HCI research. It focuses on the search stage in literature reviews to support a search that
prioritizes transparency and quality-of-fit to a research question. It was developed based on guiding principles for successful searches
and precautions advised by librarian experts in HCI (n=8) for search strategies in (primarily systematic) literature reviews. We discuss
how their advice aligns with the HCI field and their concerns about computational AI tools assisting or automating these reviews. Based
on their advice, the framework outlines pivotal stages in conducting a literature search. These essential stages are: (1) defining research
goals, (2) navigating relevant databases and (3) using searching techniques (like divergent and convergent searching) to identify a set of
relevant studies. The framework also emphasizes the importance of team involvement, transparent reporting, and a flexible, iterative
approach to refining the search terms.

RESEARCH HIGHLIGHTS

• Introduces the INSPIRE framework to enhance transparency and quality-of-fit during the search stage of literature reviews in HCI.
• Developed the framework based on advice from librarian experts (n=8) and guiding principles for effective search strategies.
• Applies the double-diamond approach, emphasizing divergent and convergent searching techniques to identify a comprehensive

and relevant set of studies.
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1 Introduction
One of the key challenges in conducting SLRs within HCI is the
complexity of the search and selection stages. Unlike more homo-
geneous fields such as medicine, where structured methodolo-
gies for SLRs are well established, HCI’s interdisciplinary nature
makes it difficult to develop standardized approaches. The sheer
diversity of topics, methodologies and terminologies can lead to
inconsistent search results, making it harder to ensure thorough
coverage of relevant literature (Romanelli et al., 2021). Unlike
the homogeneous medical field, HCI’s heterogeneity complicates
search and selection. Although SLRs often provide the final search
string used, they neglect to document the process of how they
created the search terminology (keystring) and selected the final
corpus (Bannigan & Watson, 2009, Chetwynd, 2022). This lack of
transparency constrains the replicability of research in the search
and selection stages of literature reviews. Thus, we need clear
methods to direct our search and provide sound advice to guide
researchers through a systematic and replicable search process
for HCI research papers.

For a long time, researchers have explored methods for
computationally supporting or augmenting the time-consuming

literature review process. This research interest is now driven at
a faster pace, owing to the increased interest in AI technologies.
Although some tools claim to have a fully automatic process,
studies have shown that human validation is required (Felizardo
& Carver, 2020, Monarch, 2021, O’Mara-Eves et al., 2015, Van
Dinter et al., 2021a). As Marshall & Wallace (2019) stated, for
review stages that involve degrees of subjectivity (e.g. critically
assessing a paper’s reported study), practitioners may prefer
extensive involvement of or full control via an expert human over
a machine. For instance, the search and selection stages require
careful consideration of the choice of key papers for pre-testing
a search strategy, in the critical assessment of screening criteria
for a specific research question and in the nuanced assessment
of the fit of specific papers to defined selection criteria (described
in Section 5). Although computational tools can assist in these
tasks, their effectiveness and limitations within the diverse
HCI domain remain unclear. An initial framework is needed
to guide researchers in a systematic and replicable manner to
selecting HCI research papers; balancing human expertise with
computational capabilities. Understanding where, when and to
what extent human expertise and subjective appraisal should be
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valued over computational tools in this process is a challenging
open question that reflects the pervasive predicament pulsing at
the heart of HCI.

As a first step towards supporting researchers in these stages
of search and selection, we draw on established HCI methods
to gather and formalize the knowledge of experts through an
in-depth interview study with (n = 8) librarians at academic
institutions with specialized expertise in conducting and guiding
formalized literature reviews.

Based on this work, we contribute the initial INSPIRE frame-
work, designed to supplement methodological best practices for
the search stage in formalized literature reviews (including SLRs)
within HCI. Thus, the framework is grounded in librarians’ spe-
cialized knowledge and skills, including information retrieval,
database searching and literature organization expertise (Meert
et al., 2016, Spencer & Eldredge, 2018).

The research questions were as follows:

• RQ1a: What are experts’ recommended best practices for the
search and selection stages in formalized literature reviews
to aim for rigorous results?

• RQ1b: What are experts’ perspectives regarding the role of
computational tools in the search and selection stages of
formalized literature reviews?

Our study contributes to the field of human–computer interac-
tion (HCI) by developing and presenting the initial INSPIRE frame-
work, a structured approach specifically for the search in HCI-
based formalized literature reviews. This framework addresses
the critical stages of search and selection in a formalized liter-
ature review process. These areas have been identified as particu-
larly challenging in existing methodologies (Rogers et al., 2024) and
outline key segments1 for conducting search and selection. These
segments include: defining research goals, navigating relevant
databases and using complementary search techniques, such as
divergent and convergent searching, to ensure a set of relevant
studies is identified. Additionally, the framework emphasizes the
importance of team involvement, transparent reporting and the
regular revisiting of search terms to maintain a thorough scope
throughout the process.

2 Related Work
Research synthesis is a major challenge in scholarly work and one
in which a more formalized methodological revolution is over-
due in our field of human–computer interaction (HCI) (Rogers &
Seaborn, 2023). Formalized literature reviews2 hold an important
role across various research domains, including HCI, to provide
synopses of the current state of the literature but also to help
identify gaps, trends, challenges and emerging themes, as well as
new knowledge that can inform the development of future tech-
nologies and interaction forms (Rogers & Seaborn, 2023, Stefanidi
et al., 2023).

For example, a systematic literature review (SLR) can summa-
rize existing scholarly works and publications relevant to a spe-
cific topic to provide a more accurate, robust answer to a targeted
research question using all available evidence (Uman, 2011). Work
done by Stefanidi et al. (2023) suggested that many SLRs refer to

1 These segments are not intended to follow a rigid, sequential order;
rather, they represent an iterative and often parallel process, where stages may
overlap, pause or require revisiting.

2 With this, we distinguish standalone pieces of research synthesis from the
kinds of literature reviews one finds in the related work or background section
of research papers that primarily present other contributions.

reporting standards like Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) protocol3 (Page et al., 2021a,
Page, 2021b) or Quality of Reporting of Meta-analyses (QUOROM)4

(Moher et al., 1999) or provide a flowchart to depict the selection
process. However, by virtue of these traits, SLRs in HCI would
benefit from a detailed analysis of reporting quality and may need
to be adapted to their own reporting guidelines (Rogers et al., 2024).

Traditional methods involve manual searches and selection
processes. However, the ever-growing volume of research publi-
cations has prompted the exploration of alternative automated
approaches (Chai et al., 2021, Reis et al., 2023, Van Dinter et al.,
2021a, b, Zhang et al., 2022). For example, Ros et al. (2017) addressed
the challenges of manual search and selection in SLRs by propos-
ing a semiautomated approach using machine learning. Their
method involves training a classifier on an initial set of relevant
studies, and then using that classifier to search for and select
additional studies iteratively. A researcher validates the top selec-
tions using the classifier, and the process continues until a stop-
ping point is reached. This approach has the potential to signifi-
cantly reduce the manual workload associated with SLR searches,
while also improving replicability through a more standardized
process. A similar process is followed by ASReview (Van den Brand
& van de Schoot), which reorders the stack of corpus papers to be
screened based on relevancy, which is informed by a set of human-
labelled papers. Manual screening can then be applied; after a
specific (pre-defined) number of papers are considered irrelevant,
the researchers can then ignore the remaining papers in the stack
without viewing them.

Other approaches focus on more specific aspects of searching
for papers, such as reference chaining. Chapman et al. (2010)
introduced a new method to efficiently gather relevant citations
by utilizing Scopus’ reference list export feature. This approach
saves time by automatically extracting citations from articles
identified for manual search, eliminating the need for manual
identification of new references.

Despite these and similar solutions, the unique characteristics
of HCI research pose challenges for traditional review methods.
HCI research draws from a wide range of disciplines, including
psychology, computer science, design and social sciences (Rogers
et al., 2024). However, there is a plethora of research employed,
where some studies use surveys, others conduct interviews and so
on, and thus creating one search strategy to capture the relevant
articles becomes extremely difficult.

Unlike medical research, where randomized clinical trials are
the norm or at least much more common (Friedman et al., 2015),
HCI research includes unique design applications and methods
or study designs informed by a variety of fields, making the
replication of results (and indeed the definition of what consti-
tutes a result) particularly challenging (Echtler & Häußler, 2018,
Feger et al., 2019, Hornbæk et al., 2014). This contributes to the
broader scientific challenge known as the ‘reproducibility crisis’
the inability to replicate the results of experiments. Further, the
field moves so quickly that even a well-conducted review can
quickly become outdated (Elliott et al., 2014, Shojania et al., 2007).
This is particularly problematic because systematic reviews are
intended to be a comprehensive and reliable source of evidence to
inform decision-making (e.g. for the design of future technology).

3 PRISMA provides a checklist and a flow diagram that authors can use to
ensure they include all the essential elements of a systematic review, such as
how studies were identified, selected and synthesized.

4 QUOROM is a set of guidelines for improving the quality and transparency
of reporting in meta-analyses.
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In fields like medicine, a literature review that is out-of-date risks
overlooking critical new findings (Shojania et al., 2007).

2.1 Automated Approaches With Computational
Tools
Recent advances in AI have led to the development of tools that
can assist with various stages of the systematic review process
(Blaizot et al., 2022, Khraisha et al., 2024, Mahmoudi et al., 2024,
Van Dijk et al., 2023). These tools can be helpful for tasks such
as developing search strategies, locating relevant articles, screen-
ing and extracting data and even drafting plain-language sum-
maries. However, it is not clear what the tools classify as ‘relevant
searching’ when locating articles (Khalil et al., 2022). Researchers
generally agree that AI tools offer significant potential to improve
the efficiency and effectiveness of systematic reviews (Allot et al.,
2021, Alshami et al., 2023, Brown et al., 2014, Gates et al., 2018, Mar-
shall & Wallace, 2019, Przybyła et al., 2018). However, it is impor-
tant to acknowledge the potential limitations of these tools when
applied at various stages of a formalized literature review (Beller,
2018, Khalil et al., 2022, Tsafnat et al., 2014). For example, Alshami
et al. (2023) investigated ChatGPT’s capabilities across several
tasks, including search strategy development, article screening,
information extraction and content analysis. Their work suggests
that AI can potentially expedite these activities, leading to faster
review completion and quicker access to synthesized evidence, in
which they achieved 88% accuracy for article screening compared
to expert assessment—how much accuracy we should require as
a field, however, is unclear. Work by Khalil et al. (2022) identified
promising tools like LitSuggest (Allot et al., 2021) and Rayyan
(Ouzzani et al., 2016) for automating systematic reviews, offering
user-friendly support for various review stages, though it should
be noted that this was based on self-reporting by authors of review
papers rather than systematic comparisons of how well these
tools work compared to traditional or manual review methods
(Valizadeh et al., 2022).

Limitations exist at various stages and likely to different
degrees (Rogers et al., 2024), and may be particularly pronounced
with newer tools that still lack established validation and risk
assessment (Armijo-Olivo et al., 2020, Cleo et al., 2019, Marshall &
Wallace, 2019). In addition, database limitations further restrict
access to the full range of relevant sources for specific fields
like HCI research, particularly when HCI-relevant work may be
scattered across many different disciplines and databases (Allot
et al., 2021, Choong et al., 2014). Perhaps most concerning is the
bias inherent in some AI tools, often geared towards medical
research, which raises concerns about overlooking relevant HCI
studies (Brown et al., 2014, Cierco Jimenez et al., 2022, Gates
et al., 2018, Marshall & Wallace, 2019, Przybyła et al., 2018). This
focus on health-related fields limits generalizability, making AI
recommendations less applicable to HCI research questions and
design-related interactions (Chai et al., 2021, Clark et al., 2020,
Gartlehner et al., 2019, Gates et al., 2020, Pham, 2021).

2.2 Guidelines, Protocols, Handbooks for
Searching
Many HCI SLRs refer to protocols developed in the medical con-
text for reporting SLRs, most commonly the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA) pro-
tocol (Page et al., 2021a, Page, 2021b), while PRISMA provides a
valuable framework for transparent reporting, its primary focus
on intervention-focused studies may limit its applicability to the
unique characteristics of HCI SLRs (Stefanidi et al., 2023), though
its checklist and flow diagram can still offer a useful foundation

for structuring and reporting HCI reviews by outlining essential
elements such as study identification, selection and synthesis.
However, also guidance specifically for search-related aspects of
SLRs. For example, the PRISMA-S extension to PRISMA, which
provides a checklist for reporting the search that was conducted
(Rethlefsen, 2021), though in our experience, this is only rarely
referenced in HCI literature.

Similarly rarely seen in HCI, there are protocols that provide
structure not only for reporting but also for the search process
itself, such as the Population, Intervention, Comparator, Outcome
(PICO) method5 (Schardt et al., 2007). This contrasts with other
approaches like the National Institute for Health and Care Excel-
lence (NICE)6 (Martinez Garcia et al., 2014); Sample, Phenomenon
of Interest, Design, Evaluation, Research type (SPIDER)7 (Cooke
et al., 2012); the Joanna Briggs Institute (JBI)8 (Jordan et al., 2019,
Munn, 2019); and Peer Review of Electronic Search Strategies
(PRESS)9 (McGowan et al., 2016), which provide guidance on the
selection of key search terms, synonyms, boolean operators and
the combination of search terms. However, none of these guide-
lines explicitly illustrate the process of ‘creating the search key-
words for the keystring’. Instead, they often recommend that the
primary search be conducted by a librarian and peer-reviewed by
another person (McGowan et al., 2016), which is, to our knowledge,
very rare in HCI. To bridge the current gap in the literature
on automated search strategies, understanding how librarians
generate search keywords from key concepts is important; this
knowledge is valuable both for researchers conducting the them-
selves, and for those developing automated tools for this purpose.

2.2.1 Guidelines for the Use of AI Assistance
Existing guidelines in general contexts recommend caution
and transparency when using AI-assisted tools, for instance,
Lo (Lo, 2023) introduces the Concise, Logical, Explicit, Adaptive
Reflective (CLEAR) Framework. This framework helps educators
guide students in creating effective prompts for AI language
models like ChatGPT. By following CLEAR’s principles, students
can become more critical thinkers, better understand AI-
generated content and leverage AI for research tasks. On the
contrary, Acar (2024) proposed the PAIR framework to empower
educators in proactively integrating generative AI tools into their
curriculums. This framework centers on cultivating five key
skills for responsible AI use: problem formulation, exploration
of the AI tool, interaction through critical thinking and reflection.
Students mainly follow a problem-solving framework where
they define a challenge, select an AI tool, interact with it
through prompts and evaluation and then reflect on their
experience, similar to work proposed by Zheng et al. (Zheng
et al., 2024). However, there is a lack of specific guidance for
researchers conducting literature reviews using computational
tools (including AI) within the HCI field—much less for doing
so in an ethical, comprehensive and replicable way. There is a
need for guidance that addresses ethical considerations, potential
biases within AI tools and the unique challenges of navigating
the vast and nuanced body of academic literature, as advocated

5 Systematic literature reviews use PICO to formulate research questions
by identifying key elements for searching and evaluating studies effectively.

6 NICE offers evidence-based guidelines and tools for conducting system-
atic reviews.

7 SPIDER is an alternative to PICO suited for qualitative and mixed-methods
research with a focus on study design and evaluation criteria.

8 JBI is an international research organization providing comprehensive
resources for healthcare reviews.

9 PRESS is a guideline for enhancing the quality of literature search strate-
gies through peer review to ensure thoroughness and accuracy.
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by many authors (Bommasani et al., 2021, Hancock et al., 2020,
Lund et al., 2023, Safdar et al., 2020, Stahl et al., 2021)—we echo
this for the context of HCI and HCI SLRs, specifically.

Traditional manual search methods are time-consuming, mak-
ing the promise of automation through AI assistance tempting.
This leads to an important question: what are the practical con-
siderations when incorporating AI tools without established HCI-
specific guidelines? While AI offers powerful assistance, a gap
exists between its capabilities (which also still need to be more
clearly established) and the specific needs of HCI research. This
gap is further amplified by potential biases within some AI tools,
often geared towards medical research. HCI researchers can ben-
efit from the expertise of librarians who are well acquainted with
HCI research methods. These librarians possess a deep under-
standing of best practices for conducting formalized literature
reviews. Their information literacy skills and vast knowledge of
information resources empower them to ensure a comprehensive
search that encompasses all relevant sources, not just those
readily accessible by AI tools (Corrall, 2012, Meert et al., 2016,
Spencer & Eldredge, 2018, Wagner et al., 2022).

3 Methods
To understand current best practices for the search and selection
stages in formalized literature reviews (RQ1a) and explore experts’
perspectives on the role of computational tools in the search
and selection stages (RQ1b), we recruited a purposive sample of
eight librarians with expertise in systematic reviews and primarily
those who have knowledge in HCI literature. Their knowledge
of information science, search strategies and information liter-
acy allows them to guide researchers in crafting comprehensive
searches and critically evaluating sources, leading to rigorous and
reliable results (Corrall, 2012). In addition, most librarians must
stay updated on the latest information retrieval trends, which
include computational tools for systematic reviews. They can
offer valuable insights into the potential and limitations of these
tools for the search and selection stages (Meert et al., 2016). Thus,
librarians’ expertise positions them to provide guidance on both
best practices for conducting rigorous reviews (RQ1a) and the role
of computational tools within that process (RQ1b).

In-depth semi-structured interviews were conducted by the
first author, with open-ended questions asked to explore the
participants’ thoughts, common workflows, understanding and
concerns relating to formalized literature reviews, as well as the
use of computational tools in this context. We chose interviews
as they provide a flexible structure with predefined questions

but also the exploration of emergent themes, facilitating in-depth
insights and a nuanced understanding of librarians’ perspectives.
Our interview questions target the librarians’ recommendations
for conducting transparent and reliable multi-database searches,
suggested criteria for screening the initially found papers for
selection in the final corpus, and their thoughts on computational
tools in these review stages. This study was approved by the
Research Ethics Board at the University of Waterloo to follow
ethical research guidelines. At the end of the study, participants
were given a thank-you letter.

3.1 Recruitment and Participants
We initially recruited librarians through e-mails and social media
posts. Librarians with expertise in systematic reviews can be
a difficult demographic to locate, especially with experience in
the HCI domain specifically. We also used snowball sampling
to expand our reach and access a broader pool of qualified
participants (Naderifar et al., 2017) by asking initial participants
to recommend colleagues with relevant experience in system-
atic reviews. Following up on these recommendations helped us
recruit a more representative sample of librarians with the desired
expertise. In total, eight librarians were recruited who possess
a Master’s degree in Library and Information Science (MLIS) or
equivalent qualification and have published at least one system-
atic review and/or meta-analysis in the field of Human–Computer
Interaction (HCI) in the past five years OR have experience with
conducting systematic reviews and meta-analyses in HCI, either
as a researcher, reviewer or editor. All have substantive expertise
in the formalized literature review process (primarily SLRs). The
interviews were expected to last 30 minutes; all participants vol-
untarily continued the interview for longer, leading to an average
duration of 48:51 minutes Table 1.

3.2 Analysis Approach
The interview data was analyzed using the thematic analysis (TA)
approach (Braun & Clarke, 2021). This was conducted primarily
by the first author in consultation and discussion with the other
authors. All authors are well-versed in SLRs within HCI, having
conducted multiple SLRs. All authors were involved in developing
the themes in multiple iterations using affinity clustering. The
audio recordings were transcribed in Dovetail10 and were edited
by the first author to check for potential errors.

10 Dovetail is an online software that enables users to extract valuable
insights from interviews, surveys and feedback. By applying tags and codes
to transcribed data, users can efficiently analyze information and generate
comprehensive summaries.

Table 1. This table presents demographic information about the participants and their areas of specialization according to the CHI
Subcommittee. Additionally, we note that librarians also provide instruction on conducting literature reviews and possess expertise in
fields beyond HCI at their respective institutions.

Participant Gender Years of Experience1 Specialization in HCI2 Interview Time

LIB1 Male 10+ Information Visualization 84:44 minutes
LIB2 Male 10+ Computational Interaction 57:36 minutes
LIB3 Female 20+ Engineering Interactive Systems 42:16 minutes
LIB4 Female 20+ Health 40:06 minutes
LIB5 Female 20+ Health 39:13 minutes
LIB6 Female 10+ Education, Health 36:40 minutes
LIB7 Female 10+ Engineering Interactive Systems 41:22 minutes
LIB8 Female 20+ Accessibility Design 48:51 minutes

1 Years of experience are categorized into buckets: ‘10+’ represents 10 to 19 years, while ‘20+’ indicates over 20 years. This categorization is used to maintain
anonymity. 2 Specialization is based on the categories identified by the CHI Subcommittee, as self-reported by the librarians.
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Table 2. A summary of our findings related to the research questions (RQs). We create the suffix at the end of each theme: ‘a’ in
relation to RQ1a and ‘b’ in relation to RQ1b.

Findings Description

Theme 1 (T1a) Finding Your Anchor To Fish For Corpus Papers
Theme 2 (T2a) Hooking The Right Keywords

Theme 3 (T3a) Casting Your Keywords In The Right Database
Theme 4 (T4a) What Goes Into The Net (Corpus) And Knowing When to Stop Searching
Theme 5 (T5b) Involvement with Computational Tools for Pre-Literature Review Brainstorming

Theme 6 (T6b) Transparency in AI Relevancy Ranking
Theme 7 (T7b) Foundational Knowledge: Prerequisite for Rigorous Research
Unexpected1 Issues Revolving Around HCI Aspects

1 This was an unexpected finding that was not the focus of our research question.

We applied open coding to the transcripts. Any new relevant
codes were merged when possible while keeping new entries
open to interpretation under both flat coding and hierarchical
coding framework models. Any codes irrelevant to the research
question were labelled as miscellaneous. To capture the essence
of each theme, affinity clustering of codes was conducted on
a Miro board.11 To generate these themes, we ensured they fit
thematically (i.e. no contradictions). The themes were refined
through multiple iterations; the final themes are presented in the
findings below.

Our theme development focused on data directly related to
the research question. The first level of clusters (not themes) was
derived from the interview questions: Experience As A Librarian,
Understanding The RQ, Researcher Involvement, Databases and
Corpus, Search String, Criterion, Recommendations and Assisted
Tools. A second level of categorical clusters (not themes) was
derived from the process of conducting a formalized literature
review, broken down into various stages. Focusing on the search
and selection stages, we then created themes over several itera-
tions based on short, self-explanatory sentences relevant to the
research question that reflected the content captured in the dif-
ferent clusters (see Appendix for the full set of interview questions
and an example of line-by-line coding).

4 Findings
In the first section, we present themes about what our experts
(librarians) recommend for the search and selection stages in for-
malized literature reviews (RQ1a). This includes how this process
is affected when focusing specifically on HCI-relevant databases.
In the next section, we share themes relating to perspectives
on computational tools within the search and selection stages
of formalized literature reviews (RQ1b), including the feasibility
of AI-assisted tools and concerns. We support each theme with
participant quotes, using an abbreviation system where ‘LIBX’
stands for ‘Expert HCI Librarian X’ (e.g. ‘ LIB1’) to indicate the
source of a quote. A summary of our findings can be found in
Table 2.

4.1 Build a Strong Foundation for Formalized
Literature Reviews
Our experts consistently highlight the critical role of corpus acqui-
sition in formalized literature review quality; strategies for this
directly impact the representativeness and overall quality of the
studies included in a review:

11 Miro is a digital collaboration platform designed to facilitate remote
and distributed team communication and project management through white-
boarding.

‘The search is kind of the first thing, and I’ve always felt that the

quality of your systematic review, or your lit search, really hinges on

the quality of the lit search... you need to know that you’ve got all the

literature out there’ ( LIB3)

4.1.1 Theme 1 (T1a): Finding Your Anchor To Fish For
Corpus Papers
Our experts noted that the process generally begins by identi-
fying foundational work (seminal articles, seed papers or white
papers)12 relevant to the research topic. Ideally, the researchers’
own background knowledge can guide review teams in selecting a
suitable seed paper; alternatively this can draw on the expertise
of working scholars or librarians, if the researchers are new to the
research topic. However, it is important to consider potential back-
ground knowledge bias during this selection. Our experts empha-
size that the purpose here is to establish a search strategy, not
define inclusion and exclusion criteria for the literature review.

‘one of the first steps I would encourage someone to do [is] the seed

paper [...] , usually people or hopefully [people] have a sense of what

databases they would like to search’ ( LIB4)

Our experts highlighted the importance of not only extracting
references cited in those seed papers, but also exploring the cited
by data. These two steps are known as backward and forward
citation chasing or chaining, respectively (Hirt et al., 2021). This
can be particularly valuable if the seed paper is older, as it is likely
to have been referenced more extensively:

‘also look at the cited by data who has been citing that article because

that might be really useful. Particularly if your seed article has been

around for a while.’ ( LIB4)

One particular librarian stated that in HCI research, seed
papers are particularly important because the field often
produces less repetitive studies than other disciplines. This
characteristic makes seed papers even more valuable as anchor
points for the search strategy. By treating the seed paper as a
guaranteed relevant result (a known ‘hit’), researchers can fine-
tune their search terms. This iterative process helps them develop
a search string that consistently retrieves valuable studies:

12 Seminal sources (also known as seed papers) are those that are first to
present an idea of great importance or influence within a particular discipline,
generally prompting many citations. A white paper is an informational docu-
ment (generally issued by a company or not-for-profit organization) to reports
on a particular topic, for example to promote or highlight the features of a
solution, product or service.
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‘If those articles don’t come back, then you’ve done your search wrong.’

( LIB7)

4.1.2 Theme 2 (T2a): Hooking The Right Keywords
Librarians recommended that the first step after identifying your
seminal paper(s) is to analyze their content and abstracts. This
involves extracting key terms and the indexing vocabulary used
by the authors. These terms will be the foundation of the search
strategy. The focus on abstracts is because they typically provide
a concise overview of the research and often serve as the first
point of contact during the initial screening stage. Our experts
explain that abstracts are also usually publicly available and not
restricted by paywalls, making them a valuable and accessible
resource for keyword extraction:

‘So you take your one (seed paper), normally you start the one that

you do your search on is your primary database. The one that you

think you’re gonna get the most and best results from, and then you

move along from that one, and you’re always searching title, abstract,

subjects and keywords.’ ( LIB5)

Our experts noted that having experience in the field can pro-
vide valuable insights into relevant indexing terms. For instance,
keywords chosen by HCI authors for their papers can be inconsis-
tent across databases, which can pose challenges for a formalized
systematic review.

To address this inconsistency and broaden the search, our
experts suggest leveraging previously published papers related
to the targeted topic specifically as rich sources of additional
keywords and relevant citations. As LIB4 comments, ‘maybe they
have a couple of papers already, and now you can mine those papers for
keywords, or look at citations cited by citations.’

Our experts recommend a ‘cited-by/cited-in’ search to refine
the search strategy further. This involves analyzing the papers you
find for keywords and then exploring the references those papers
cite, and who cites them. By following this chain of citations,
you can learn more about the foundational works that could be
missed. However, the focus is to identify new keywords to expand
the search.

Further, our experts highlight the importance of considering
subject headings,13 which are consistent tags or labels that
describe what the item (book, article, etc.) refers to when
searching databases relevant to HCI research. These standardized
terms function as a controlled vocabulary, facilitating the retrieval
of relevant information through precise categorization and
organization of content. Unlike searches with keywords, subject
headings eliminate ambiguity and allow for precise targeting.
They are often organized hierarchically, enabling researchers
to narrow down their search to specific subcategories within
their research topic. This improved specificity translates to more
relevant and efficient search results. For example, if this were
more extensively implemented in HCI databases, a researcher
could search under ‘Game User Interfaces—Usability Testing’ and
reliably find all papers conducting or addressing usability testing
in game user interfaces, instead of searching by those keywords
and potentially missing results that talk about a specific game
user interface without using the term ‘game user interface’:

13 In the ACM Digital Library, this would consist of the ACM Computing
Classification System (CCS): https://dl.acm.org/ccs.

‘Assigned subject headings are something you should keep track of.

You, of course, can look at the author-supplied keywords that are often

provided.’ ( LIB4)

‘Subject headings can be quite powerful if you tap into the right ones’

( LIB8)

As one expert aptly noted, although online searching has
replaced physical card catalogs, the core principles of subject
headings remain unchanged. Some researchers still resort to
manual searching, as not all digital resources are accessible
online. Modern library and database services platforms pull
metadata from various sources, including traditional high-quality
library cataloging, publisher data and open-linked data (linked
within the term subject heading). While the dominance of subject
headings might have lessened with the influx of diverse metadata
sources, they still play a significant role in influencing search
results:

‘Our metadata, that we create is based on basically a card catalog,

that’s how it develops. So before online searching, there were these

big cabinets and cards were typed out. I know it sounds like ancient

history, but that is how our encoding scheme developed because that

just got moved on to a record author title, publisher, and extent of the

item subject headings just got moved into a mark record. So it does

affect the way that you search, I mean a keyword search can pick up

in any field, but a more precise search would be author, title, subject

heading’ ( LIB8)

Lastly, our experts recommend conducting iterative searches
with various keywords, including names and synonyms, to ensure
comprehensive results:

‘You can’t just do one search and forget about it. You’ve got to try like

multiple times with multiple different terms, using keywords, using

names, using different words. You’re just not gonna find everything in

the first search.’ ( LIB8)

4.1.3 Theme 3 (T3a): Casting Your Keywords In The
Right Database
Our experts emphasize that formalized reviews generally rely on
peer-reviewed articles as gathered in various databases, although
some researchers might resort to a quick Google Scholar search
initially:

‘So in Google Scholar, there are no magical things. So it would be a

very general search... Where some of the other databases you might

have to tweak them because you don’t wanna have 50,000 hits and

have to go through 50,000 things when a lot of them are not as good

as potentially other things.’ ( LIB1)

Experts recommend choosing a database that aligns with the
appropriate field’s research practices. In the case of HCI, they
mention ACM Digital Library (ACM DL)14 , Scopus15 , IEEE Xplore16

and more. However, other databases may be more important
when specific topics are covered by different disciplines.

14 The Association for Computing Machinery (ACM)’s Digital Library
includes conference proceedings, journals, magazines and technical reports.
It offers a strong selection of HCI research papers.

15 A large citation database published by Elsevier that indexes a wide range
of academic journals, conference proceedings and books.

16 The Institute of Electrical and Electronics Engineers (IEEE) is a large
organization for professionals in engineering, computer science and related
fields. Its library offers access to a vast database of research papers, standards
and other technical information.

https://dl.acm.org/ccs
https://dl.acm.org/ccs
https://dl.acm.org/ccs
https://dl.acm.org/ccs
https://dl.acm.org/ccs
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In addition, databases can have inconsistencies with the search
queries, as LIB1 notes: ‘You can kind of fire out your search today
and fire your search tomorrow and get potentially different numbers of
hits and potentially different orders of hits.’

Using an example provided by LIB6, when an HCI student
approaches a librarian with a biology-related topic, the librarian
would likely prioritize identifying relevant ‘primary databases’ in
the field of biology-focused HCI (BioHCI). While multidisciplinary
resources like Google Scholar can provide a valuable foundation,
there are also specialized biology databases that would offer
significantly more focused and relevant results for the student’s
research:

‘If like a biology student were asking me a question and that’s not my

area of comfort. Usually, my mind would kind of go right to OK, this is

a biology question. What are some of the key databases in biology?

Like I’ve got these multidisciplinary resources that I know for sure

are probably gonna be good; something like Google Scholar, Academic

Search Premier, but then there’s also biology specific databases that

the student would need to know about. And that’s the case for really

any subject’ ( LIB6)

Experts suggested using Boolean operators strategically:
combining keywords with AND to ensure all terms appear in the
results, broadening the search via OR and excluding irrelevant
terms via NOT. However, in HCI reviews, multiple different
databases may be relevant, and string operators might not be
directly transferable across multiple databases due to variations
in syntax. These seemingly minor changes can significantly affect
the size of the corpus. Our experts suggest always testing the
search string with the seminal paper(s) again to ensure it captures
the right materials. While basic functions like quotations and
asterisks tend to function similarly, some platforms have their
own unique syntax:

‘So you have to kind of make sure that as you’re switching, especially

between like the host of the database... you just kind of translate over

the phrases as closely as you can... a little bit of testing usually too...

because it’s sometimes the databases might have different pools of

literature they’re pulling from.’ ( LIB3)

Our experts emphasize that different types of literature serve
different purposes, for example books usually offer foundational
knowledge and definitions, while journal articles and conference
papers provide current and in-depth research. Our experts noted
that depending on the nature of the study, you might also need
statistics, patents, standards, reports, theses, etc. It is important to
understand that different databases specialize in different types
of literature within HCI. For instance, some databases provide a
list of indexed journals, allowing researchers to ensure coverage of
specific papers. In addition, our experts recommend checking for
adjacency operators when translating across databases, because
these operators allow researchers to specify the proximity of
terms within a search query:

‘So you always have to change your subject terms because those

are never the same across and then you have to look at what their

adjacency operators are and that kind of thing and just make an

equivalency.’ ( LIB5)

It’s important to acknowledge that not all databases have
the same indexing capabilities as medical databases. Every large
database search engine has its own quirks in interpreting queries.

Further, even when two different individuals conduct research
on the same topic, the approaches and resources they utilize can
vary significantly. This causes search strategies to diverge:

‘So if you’re doing your research versus me doing your research, you

might know about some grey literature bits and search there where I

might not. So that’s where our reviews themselves start to diverge. ’

( LIB1)

4.1.4 Theme 4 (T4a): What Goes Into The Net (Corpus)
And Knowing When to Stop Searching
Our experts caution against potential bias in HCI research that
heavily favours Western literature. While systematic reviews
often prioritize English-language sources for practicality, this
approach can unintentionally exclude valuable research from
other regions. Our experts note that HCI flourishes on diverse
perspectives, and neglecting non-Western literature could lead
to overlooking innovative approaches and insights. To combat
this bias, our experts recommend incorporating multilingual
search techniques, collaborating with international researchers
and utilizing citation mining tools. These strategies can broaden
the resource pool, offer access to local publications and reveal
research across languages, ultimately leading to more inclusive
reviews and a richer understanding of HCI on a global scale. While
machine translation may not be perfect, existing translation tools
can already be leveraged to some extent to aid in incorporating
research from other languages:

‘Another fun thing that comes into play is languages. So if we’re doing

a search in Scopus, all the materials, all of the abstracts are probably

going to be in English. But there’s a chance that the publication itself

is not in English. So what do you do? So there are some transcription

services available.’ ( LIB1)

‘We tend to favour Western literature. So having some of that interna-

tional access is good.... So they also have controls or index words that

you can kind of like compare, like I would just kind of like be searching

for the same words that I used in the initial search to translate over.’

( LIB3)

Our experts also noted that the increase in size to the tentative
corpus with each search iteration will vary. Once you reach a point
of diminishing returns with your refined search terms, you’re
likely capturing the most relevant studies. Our experts often refer
to this as a ‘point of saturation’.

‘the point of saturation is when you’re not finding anything new; you

just keep finding the same old things, no matter what you do, things

you’ve already seen’ ( LIB7)

Systematic reviews—particularly in the medical field—are
intended to be comprehensive, exhaustive and rigorous, but they
can be time-consuming to complete. As LIB1 mentions, ‘you’re
looking at probably a year plus to actually finish it.’ According to our
experts, reviews conducted in less than one year typically fall
under the category of rapid literature reviews, and may not be
considered formal SLRs due to the time constraints involved
in comprehensive searching and analysis. Additionally, if not
published promptly, the findings may become outdated. To
address this, our experts recommend updating your search before
attempting to publish. By revisiting the literature periodically, you
can ensure that your review remains current and relevant:
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‘then obviously you have to write it all up and you have to update your

search before you try and publish because if this is the whole process

is taking you a year, you have to update it to see if there’s anything

new that you need to add, which usually isn’t as bad as, you know, the

first ground searching and stuff, but it’s still kind of an expectation

that you have to do as well.’ ( LIB1)

As one final step before publication, they emphasize transpar-
ent reporting to ensure the same corpus resulting from replica-
tion:

‘And as long as you describe each of your processes in sufficient detail,

someone else should be able to do the same thing with the same

information and get similar results, which is how we go from literature,

which is light and fluffy to our scientific process..... If you go through

the same stuff and follow the same procedures, you should have the

same results.’ ( LIB1)

4.2 Impact of Automating Formalized Literature
Reviews
In this section, we present the perspectives of our librarian experts
on computational tools used for literature reviews.

4.2.1 Theme 5 (T5b): Involvement with Computational
Tools for Pre-Literature Review Brainstorming
Our experts think that computational tools can help brainstorm
ideas for exploring interesting topics before the literature review
process, to help the researcher learn more about their research
area prior to the actual review process, e.g.:

‘I think that maybe there is like that potential for you to get new ideas

of what other questions you could be asking, that may or may not

match what you initially had thought would be the most interesting

thing about the topic that you’re exploring.’ ( LIB2)

For example, by generating potential research directions and
uncovering emerging themes, these tools guide researchers
toward relevant topics that may not have been initially consid-
ered. This capability streamlines the search process by narrowing
down key areas of interest, making it easier for researchers to
focus on specific topics. Our expert notes that insights into the
most pertinent literature, these tools can help researchers to
explore and evaluate the most relevant sources with respect to
their research goals.

However, in the context of exploration, researchers may use
AI tools that require them to upload papers downloaded from
their university library. Our experts advise caution when using
documents obtained through the university’s VPN access in this
way. These Portable Document Format (PDF) often come with dig-
ital rights management (DRM) or contain a university watermark
that can violate the interlibrary loan (ILL) policies.17 Our LIB8
notes, ‘many are unaware; while laws are not in place yet, they have
serious issues down the road’. Our expert notes these measures are
designed to prevent unauthorized distribution and sharing.

4.2.2 Theme 6 (T6b): Transparency in AI Relevancy
Ranking
Our experts raised strong concerns about the ‘AI blackbox’ phe-
nomenon and how it applies to search algorithms. This lack

17 ILL is a cooperative arrangement between libraries by which they agree
to share their collections with each other.

of transparency makes it difficult to assess the relevance and
reliability of retrieved information. Since the factors influencing
search results remain unclear, automating tasks like literature
review searches with these tools can be problematic:

‘But there’s always been this black box, at least for me, I don’t think

that any company is 100 percent transparent when it comes to the

way that your results are outputted. When you start with relevant,

what relevance means is a mystery. So when you sort by title, it’s

alphabetical. When you sort by author, it’s alphabetical. When you sort

by subject, it’s alphabetical, it’s not unbiased, but there is a method to

the madness when it comes to relevance ranking and even in traditional

database searches.’ ( LIB2)

4.2.3 Theme 7 (T7b): Foundational Knowledge:
Prerequisite for Rigorous Research

‘You get that from understanding your field and from working in your

field for many, many, many years, because you wouldn’t be able to

know that as an undergraduate student.’ ( LIB2)

Our experts have observed a delicate balance between the
desire for rapid solutions, especially among undergraduate
researchers, and the necessity for a nuanced comprehension of
the research question. They emphasize that relying solely on AI
tools without critical evaluation can result in superficial searches,
potentially missing relevant or unbiased sources. Even when the
inner workings of an AI system are transparent, researchers
with substantial background knowledge can contextualize
search results more effectively and critically assess any biases
introduced by the search tool or their own prompt formulation. In
cases where transparency is lacking, experts recommend human
validation to verify results:

‘you still need to go in there and make that final decision.’ ( LIB1)

As one librarian expressed, while undergraduate students may
not possess the experience needed to contextualize AI-generated
results fully, seasoned researchers (including senior PhDs and
professors) often develop an intuitive understanding of their field.
Even when faced with results from AI black boxes, this expertise
allows them to gauge whether the outcomes align well with the
current state of knowledge:

‘So not when you’re an undergraduate, but maybe you’re a PhD, you’re

a professor, even if you don’t know what the black box is throwing

at you, you have a sense for this is where my field is at. And so, I

think that we will need a lot more of that. And you don’t get that from

using the AI tools. You get that from understanding your field and

from working in your field for many, many, many years, because you

wouldn’t be able to know that as an undergraduate student.’ ( LIB2)

‘There’s a process that we call the “reference interview” which begins

kind of when somebody asks you a reference question. Rather than just

kind of taking that question at face value, you wanna ask more follow-

up questions to get more details and to figure out, like, what exactly is

this person looking for?’ ( LIB6)

Our experts emphasize the importance of a process known as
the reference interview. This interview goes beyond simply respond-
ing to a researcher’s initial question at face value. Instead, librar-
ians engage in a focused dialogue by asking clarifying ques-
tions. This deeper exploration helps to uncover the researcher’s
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specific needs and research goals. By understanding the research-
er’s intent, the librarian can tailor their support and provide the
most relevant information resources. However, LIB1 articulates:
‘Undergrads and librarians don’t talk; however, when you go for your
master’s or your PhD, you might be able to talk to a librarian.’

Lastly, our experts highlight the possibility that existing biases
in the information landscape could be significantly amplified
when AI automation in reviews is used increasingly. In certain
conversations, relevant voices may remain hidden because they
did not use the specific keywords that algorithms seek or originate
from sources outside databases used for training. Thus, these
technologies can create an illusion of objectivity:

‘The algorithm is looking for, or they don’t come from, the publications

that are within the databases that are being trained. And so, some-

times, these technologies can give the appearance of objectivity.’ (

LIB2)

4.3 Issues Revolving Around HCI Aspects
Our research question focused on understanding the factors
influencing student satisfaction with online courses. While
analyzing our data, we unexpectedly discovered a recurring
pattern related to database inconsistencies and issues within
HCI-formalized literature reviews.

To further iterate transparency, we report the questions that
revolved around this unexpected pattern; ‘How do you determine
that the searches are comparable across all databases you are using in the
specific review?’ and ‘What do you recommend for researchers about how
to maintain consistency and reliability in the screening process, especially
with multiple reviewers?’

‘We did a search one day, and the exact same search, even a couple of

hours later, was returning different numbers of hits, which in my mind

says it’s a crap database (ACM). I don’t know if they weren’t able to

access the same items the second time or what was going on. But I

know the search was the same because I copied and pasted it from the

same document and put it into the same search areas, and the results

were not consistent, which would make it very difficult for someone

else to replicate it.’ ( LIB1)

Our experts point out that the ACM database showed signifi-
cant inconsistencies, giving different search results for the same
queries within a short time. This makes research less reliable
and harder to replicate. Also, the absence of a feature to save
searches complicates managing research and tracking progress.
These problems suggest the database should be improved for
consistent search outputs.

‘The problem, (heavy sigh), journal articles, right? That you have a

limit, you can’t go beyond it these days. Sometimes you’re able to have

more like supplements and stuff on, on the website. But yeah, it’s hard

to like condense the search, and so often, like, that’s not the part people

are interested in either. So it’s not, it’s often not pushed to be like,

published fully.’ ( LIB6)

Our experts note that journal articles often have strict word
limits, forcing researchers to condense their search strategies
for publication. Although supplementary materials and external
websites provide options for sharing more detailed search infor-
mation, these additional resources may not be widely accessed
by readers or have the same level of importance as the main text.
As a result, the important process of developing search strategies
is frequently underrepresented in published research.

5 Discussion
In this section, we discuss the implications surrounding our
experts’ responses. We use librarians’ expertise to find challenges
they see with HCI databases, potential mismatches between their
recommended best practices and what they and we (anecdotally)
observe in HCI reviews, and the role of computational tools.

5.1 Librarian Recommendations vs. Common
HCI Practice
As also noted by our experts, and observed in our own experience,
there appears to be a gap between the best practices recom-
mended by librarians and other guidance, and what is actually
reported in HCI review papers. For instance, few SLRs in HCI
mention a step in which they identify foundational work as seed
or anchor papers (Rogers et al., 2024). However, it is certainly
possible that this step is being done and simply omitted due to
length constraints.

Similarly, the truly expansive search expected from SLRs in
other fields—including preprints, grey literature and sources in
other languages—is quite rare in HCI (Benzies et al., 2006, Paez,
2017). Limited resources, of course, play a substantive role in these
issues, e.g. (Neimann Rasmussen & Montgomery, 2018) suggest
that this factor might hinder the inclusion of research in other
languages. Additionally, the push to publish quickly and often in
HCI is strong. However, we also note that given the diversity of HCI
research, there is also simply a lot of secondary research being
done that does not have the goal of being exhaustive, but rather aims
for purposeful, representative sampling, and this can also be a
valid approach to SLRs.

Interestingly, in HCI we may want to additionally consider
adding artefacts or novel systems and any documentation of
design decisions, design rationale and how the artefact is being
used (e.g. in the form of websites or videos). We have not seen this
kind of record being added to an HCI SLR yet, and it is unclear how
this kind of knowledge should be synthesized, but this is likely
something our field is well positioned to explore.

Finally, we note a mismatch in the recommendation for we note
a mismatch in the recommendation of using subject headings;
this currently has limitations in HCI. For example, in the ACM
Digital Library, the current system consists of the 2012 ACM
Computing Classification System (CCS), which is both rather old
and also consists of broad categories. For example, the classifier
‘CCS → Human-centered computing → Interaction design → Interaction
design process and methods → User interface design’ might group
together studies on very specific user interface elements like
website buttons, but also papers discussing the design rationale
behind tangible design artefacts, as well as papers broadly dis-
cussing design methods for interactive systems.

5.2 Varying Expectations of Time(liness)
There appears to be a discrepancy between commonly reported
and observed durations of SLRs in HCI and what our experts con-
sider the standard timeframe for such a rigorous process (mini-
mum one year). It must be considered that this could indicate that
parts of the expected steps or practices are not been completed or
not being completed fully. It could also mean that many SLRs in
HCI may actually be closer in form to a rapid review. Rapid reviews
are marked by an accelerated process based on completing SLR
steps with variations that take less time (e.g. omitting critical
appraisal or conducting single rather than dual screening) (Hamel
et al., 2021). In our experience, such characteristics are quite
common in HCI.
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In line with Hamel et al. (Hamel et al., 2021) suggestion, we
recommend clear differentiation between systematic and rapid
reviews—this first necessitates a community-led agreement on
developing or choosing clearer definitions or criteria for these
different types of reviews. In addition to expectations about dura-
tion, the interviews with the librarians suggest that HCI as a
field may harbour different (and likely a variety of) expectations
regarding the timeliness of reviews, specifically when or how
quickly reviews become outdated. In fields where meta-analyses
(which calculate an overall effect size for interventional research
questions across all available studies), missing a very recent study
can have a big impact on the final outcome, as it can change the
primary desired outcome (the overall effect size). In HCI, the pace
of research publication is similarly fast. But if the review does not
focus on an interventional research question but rather is of a
broader nature, then missing a single (or a few) papers is unlikely
to change the answer to the research question substantially.18

An alternative solution to the potential issue of timeliness
could be living systematic reviews, which aim to provide contin-
uously updated summaries of the evidence (Elliott et al., 2014).
HCI, in particular, may be well positioned to develop such living
reviews as interactive systems (Rogers & Seaborn, 2023), though
it, of course, entails maintenance challenges.

5.3 Who Should Be Conducting HCI Reviews?
Current research suggests that systematic review teams benefit
from including members with extensive expertise in the reviewed
topic area (Cooper et al., 2018), which may be less pronounced
in very junior researchers. Weber et al. (2019) also point out that
strong information literacy skills are lacking in undergraduates.
Librarians may thus be a valuable resource for helping more
junior researchers develop their search strategies. Unfortunately,
our experts point out that undergraduate students rarely seek
librarian assistance, and even graduate students are hesitant to
do so. Anecdotally, we have observed that young PhD students
in HCI often begin review papers as a first (or early) research
project. Yet we have only rarely heard of them looking for help
from librarians or information specialists, or being given method-
ological guidance from more experienced researchers with both
domain knowledge and formal training in review methods (for
example, to advise the student on appropriate methods, e.g. the
choice between a systematic review and a rapid review). For the
students, it can be a very valuable learning experience, but we do
think it is worth discussing as a field whether our knowledge base
would change if reviews were increasingly conducted with heavy
involvement from more experienced researchers.

5.3.1 Saturation: Depth vs. Breadth
Librarians particularly excel at achieving comprehensive breadth
because they are accustomed to navigating a wide range of topics
and sources. Their expertise in search strategies can comple-
ment researchers’ domain knowledge, hopefully leading to more
focused and efficient searches that capture the most relevant
studies, and can also help researchers identify studies outside
their usual search patterns that might otherwise be missed.

We note that the librarians in our interviews conduct col-
laborative ‘reference interviews’ with researchers who reach out
for advice. These are meant for librarians to gain insight into

18 Consider a question of ‘What are the most common factors causing
accessibility challenges in interactive systems?’ An answer describing the most
commonly mentioned factors is unlikely to change dramatically when the
corpus changes by one paper.

researchers’ specific needs and research goals. While (our) librar-
ians may be more used to breadth-focused approaches, such
interviews could be used to indicate a review’s focus on depth,
instead, in which case the librarians can tailor their support for
that purpose.

5.4 Benefits and Dangers of Automation &
Assistance
Our interviews reflect a great deal of caution on the part of the
librarians when it comes to computational tools in SLRs. For most
of them, AI tools are only useful and reliable when it comes to
brainstorming relevant keywords, rather than for actual search.
The HCI and AI fields would likely generally agree that trans-
parency, explainability and replicability are important factors in
AI applications (and their impact and adoption) (Gundersen &
Kjensmo, 2018, Samek & Müller, 2019, Tsafnat et al., 2013, 2014).
A similar note of caution is also reflected in interview results
reported by Wu et al. (Wu et al., 2024) based on PhD students from
several fields regarding other aspects of academic search, e.g. AI-
provided scores on papers’ study replicability. However, this has
not been extensively explored for the search results themselves—
this is particularly important in HCI, given the issues described in
our main databases.

Finally, as mentioned in our findings (T1b), some institutions
have watermarks embedded on articles when they are accessed
through a university’s virtual private network (VPN), which can
be problematic when using computational tools for search explo-
ration (e.g. uploading the paper to extract suggested similar key-
words). These watermarks serve as a form of digital rights man-
agement, indicating that the article was accessed through a spe-
cific institution. Watermarked articles in the cloud could raise
privacy and data security concerns and could be a complex future
issue for policymakers as they touch on issues of intellectual
property rights, data privacy and academic integrity. Policymak-
ers would need to navigate these concerns while ensuring the
advancement of academic research and technological innova-
tion. This includes the need for institutions to consider open
research practices to facilitate literature searches and address
the challenges identified above, such as watermarked articles. We
argue that computational tools should prioritize the development
of transparently explaining their decision-making processes to
address the ‘AI Blackbox’ mentioned in T2b.

In addition, to mitigate biases arising from unequal access to
literature, these tools should incorporate strategies to address
the challenges posed by proprietary databases and watermarked
content. Promoting open research practices and ensuring fair
use of training data is important for developing equitable and
effective AI-driven computational tools.

5.5 Concerns with HCI-Related Databases
Formalized literature reviews face a significant challenge when
there are inconsistencies in how databases handle search queries
(for example, whether they allow wild card search functionality),
especially when the goals include replicability of the search.
For example, the ACM Digital Library does not support adja-
cency operators (such as NEAR, WITH, etc.) that would allow
researchers to search for keywords in specified proximity to each
other. Changes to databases’ functionality could improve the
search power (allowing more fine-tuned searches) and better
generalizability across databases. Bailey et al. (2007) have similarly
highlighted a lack of overlap and many inconsistencies between
key database search engines (including ACM Digital Library and
IEEE Xplore). They also suggest researchers cannot rely on a single
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Table 3. The initial INSPIRE Framework describes and discusses key segments of the search process for literature reviews in HCI.

Segment Relevant Theme Description

[I]nquiry Theme 2 (T2a), Inquiry about the intended research, assembling a team with complementary expertise
Theme 6 (T6b) and formulating clear research goals.
Theme 7 (T7b)

[N]avigation Theme 1 (T1a) Navigating the most appropriate databases and other resources to search for relevant
Theme 3 (T3a) literature, based on the identification of seed or anchor papers.
Theme 6 (T6b)

[S]earch Theme 2 (T2a) Using a combination of convergence searching and divergent searching to identify
Theme 3 (T3a) relevant studies.

[P]oint of Saturation Theme 4 (T4a) Find the point of saturation in the large volume of the literature
Theme 6 (T6b) identified in the search stage for relevance and quality.

[I]nvolvement Theme 1 (T1a), Involving multiple researchers in the process to minimize bias and enhance the reliability
Theme 5 (T5b) of the review findings, and cautiously consider computational (including AI) tools.

[R]eporting Theme 2 (T2a) Reporting the search stage to ensure the methodology can be replicated.
Theme 4 (T4a),
Theme 6 (T6b)

[E]xhaustion Theme 2 (T2a), Making sure the search remains as exhaustive as possible by scheduling periodic revisits
Theme 4 (T4a) to the search terms.

search database, but rather must use multiple for coverage. (We
note that this may depend on the reviews’ goal, i.e. breadth vs.
depth, which we discuss further below.)

Liang et al. (2020) identified personalized search as a key desired
feature for the ACM Digital Library in a survey of 157 users. The
respondents (42–54%) wanted rankings of search results to be
personalized based on their browsing, search history, click history
or research interests. Yet this kind of personalization could hinder
comparability in SLRs, and so we propose that databases like the
ACM Digital Library should offer both standardized search options
(for reliable, repeatable results) as well as personalized options
for informal browsing or for exploring the field in non-formalized
contexts.

Another potential feature that could address inconsistencies
and support the rigorous documentation the librarians advo-
cate for would be a time-stamped corpus system. This would
allow researchers to download snapshots of search results for a
database at specific times, allowing researchers to easily retrieve
and compare past searches even when database content changes.
In summary, quoting Wu et al. (2024): ‘there is a growing need for
more sophisticated, flexible, and intelligent tools’ in the context
of academic search.

6 INSPIRE Framework
Based on the interviews with the expert librarians, we developed
an initial framework designed to optimize search and selection in
formalized literature reviews by strategically integrating human
expertise and digital tools. It contains seven segments: Inquiry,
Navigation, Search, Point of Saturation, Involvement, Reporting,
Exhaustion (and is thus named INSPIRE). The segments are
not intended to follow a clean-cut sequential order; rather,
they should be understood as an iterative and often parallel
process in which the segments may overlap, as well as be paused
and be returned to. Table 3 describes how each of the seven
segments in the INSPIRE framework is derived from the themes
developed in our interview analysis while Appendix–Fig. A4
visually represents the framework’s application and evolution
over time.

This framework is ideal for use during the planning and
execution stages, where researchers need to develop and

document transparent, rigorous and reproducible search and
selection strategies. However, it may not be suitable for reviews
requiring strict adherence to standardized protocols from other
disciplines, such as medical research. The framework supports
repeated cycles of searching, validation and refinement and
therefore enables researchers to improve the depth and relevance
of their search process iteratively.

Why Is There A Need For This Framework? When conduct-
ing a formalized literature review, the best practice is to clearly
document the process (T1a). However, within HCI, the specific
processes for conducting such searches remain unclear for liter-
ature reviews (Rogers & Seaborn, 2023, Stefanidi et al., 2023). Most
often, HCI researchers implicitly rely on methodologies derived
from medical literature searches (e.g. PRISMA), which may not
fully encompass the diverse range of research strategies employed
within HCI papers, and cannot draw on attempts of standardized
terminology such as through subject headings.

While work by Gusenbauer (2022) has explored disciplinary
coverage—the extent to which literature of different fields is
prevalent—in common databases, the coverage of HCI topics
remains an open question. Further, the ACM Digital Library (as our
field’s likely most relevant database) has noted search reliability
issues and is poorly documented (Rogers & Seaborn, 2023). This
demonstrates a knowledge gap in how existing databases and
computational tools can or should be used in the search and
selection stages of formalized literature reviews. However, we
do not see databases making drastic changes immediately. The
lack of formalized guidance can hinder transparency and rigour,
thereby limiting the reproducibility of search and selection stages.
Often, HCI researchers implicitly rely on methods and strategies
designed for medical literature searches (Atkinson & Cipriani,
2018), which may not fully capture the interdisciplinary nature
of HCI research (Rogers & Seaborn, 2023, Stefanidi et al., 2023).
Furthermore, while AI holds promise as an assistive tool in the
literature review process (Khraisha et al., 2024, Mahmoudi et al.,
2024, Van Dijk et al., 2023), there is a lack of clear guidelines on
how to adapt search strategies to leverage AI for both search
and selection stages effectively but also cautiously. Thus, estab-
lishing standardized approaches specific to HCI research could
significantly enhance transparency and facilitate the replication
of research findings.
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6.1 Inquiry: Learn About The Research Space
The first segment involves inquiring about the intended research.
The literature review team should ideally determine whether
they possess relevant background knowledge or expertise in the
field. This aligns with best practices in systematic reviews, as
highlighted by (Kugley et al., 2016, Lefebvre et al., 2008, Petticrew
& Roberts, 2008), because HCI encompasses various research
domains.

For a well-conducted systematic literature review, assembling
a team with complementary expertise is optimal, as noted in our
findings. Researcher familiarity with the specific HCI topic allows
for the development of more targeted search strings and terminol-
ogy, improving the efficiency of the search and selection phase, as
noted in T2b. Ideally, the team should comprise researchers with
relevant subject matter knowledge and an information specialist
(such as a librarian) (Reviews, 2009, Meert et al., 2016, Okoli,
2015, Spencer & Eldredge, 2018). Information specialists bring
valuable experience in knowledge synthesis and information
retrieval, which are critical for executing comprehensive and
efficient searches to support the inquiry process (Desmeules et al.,
2016, Spencer & Eldredge, 2018). Additionally, post-secondary
institutions typically participate in ILL networks, providing access
to a wider range of databases. Limited access to ILL networks
in specific universities can hinder review conduct and replication
(Boucher, 1997). For some databases, researchers may have access
to abstracts and titles, but not to the full articles, leading to
article exclusions in systematic reviews. An information specialist
can assist researchers in navigating ILL procedures to identify
alternative access options, minimizing article exclusions.

Further, this segment involves formulating clear and concise
research goals that the review aims to answer (Meert et al., 2016).
These research goals serve as the foundation for the subsequent
stages of the review process, influencing the search strategy,
selection criteria and data extraction methods in line with other
search and selection strategies (Cooper et al., 2018, 2019). For
instance, Cooper et al. (2018) highlighted preparation as one of the
eight key stages in literature searching in SLRs in medical fields.
This includes determining if there are any existing or ongoing
reviews or if a new review is in progress, which is not always
transparent in HCI. One can view this as a pre-requisite segment
prior to conducting a formalized literature review.

6.2 Navigation: Find the Seed / Anchor Papers
The second segment titled navigation, should commence with
the identification of foundational work (Herrmannova et al., 2018).
These works are relevant to the research topic and can act as the
starting point (anchor or seed) for the literature review.

In this phase, researchers should take on the role of navigators,
who map out the space of relevant research. The success of
this segment heavily depends on the identification of the most
fitting databases for further pertinent literature (Jalali & Wohlin,
2012, Smucker & Allan, 2006). Researchers must leverage their
expertise to target the databases and resources most likely to
yield relevant catches. For instance, if an identified seed article
originates from IEEE, then including IEEE as a primary database
would be prudent. Furthermore, considering where the article is
indexed is important for comprehensive searching, as it might
be cross-referenced on other platforms. In line with our findings,
work by Brocke et al. (2009) suggests the selection of databases
should include a thorough review of each considered database’s
search functionalities and coverage.

Both research above (Brocke et al., 2009, Jalali & Wohlin, 2012)
highlight the importance of these activities in the navigation

segment of the literature review search process, the need for
understanding the research domain and the significance of mak-
ing informed decisions in this process. Our experts similarly
highlight the iterative nature of the process, emphasizing the need
for multiple rounds of refinement and exploration (T1c). While
finding a good starting point (seed paper) helps to build a search
strategy, it is important not to confuse this with setting strict rules
for what studies to include or exclude in the review. The seed
paper is a way to get the search rolling, not a way to decide what
makes the final cut. Lastly, the searches for seed papers may turn
up new potential seed papers, including potential ones published
before the initial set. In this case, the new paper can be added to
the seed paper set to refine the seed paper selection.

6.3 Searching: Different Approaches Of Finding
Your Papers
The third segment comprises search, in which researchers should
employ both manual and automated search strategies to locate
potential studies for inclusion in the review. This necessitates the
development of the actual search strings. This process in turn
begins with the analysis of seed papers’ content and particularly
their abstracts, extracting key terms and indexing vocabulary
used by the authors. As mentioned, our experts noted that these
terms form the foundation of the search strategy.

This process always consists of iterative searches and checking
whether the seed papers turn up. However, based on the experts’
descriptions, this can be done with two different search moti-
vations in mind, which we call convergent searching and divergent
searching. We argue that a combination and careful but flexible
iteration of keyword and keystring refinement via divergent and
convergent searching is particularly relevant for literature reviews
within HCI because HCI research is conducted by people from
many different disciplines who use different terminology and
publish in many different publication venues/databases.

6.3.1 Divergent Searching
When searching with this motivation in mind, the goal is to
broaden the search and identify and explore new keywords,
keystrings and databases for relevant research. Researchers
use the initial research question and seed papers to identify
additional related concepts, synonyms and alternative keywords
that might lead to additional studies they might have missed.
Other researchers like Ibrahim et al. (2024) even suggest to
‘seek feedback from other researchers to help select unique,
community-supported search terms’. If no or only a few seed
papers exist, then divergent searching can help assist in finding
some or more. It may even help to refine and iterate on the
research question, as new approaches to a particular topic are
found in unexpected papers. It ensures that the review does
not overlook potentially relevant studies that might fall outside
the immediate focus. Based on existing research, this process
aims to broadly comprehend and explore a specific concept or
body of scholarly work, considering its defining features (such as
terminology, volume of evidence and research types) (Athukorala
et al., 2016, Gusenbauer & Haddaway, 2021, Marchionini, 2006,
White & Roth, 2009).
Example case: Let us consider a researcher who is conducting
an SLR on the topic of physiological measures in gaming. With
divergent searching in mind, the researcher would start with the
seed papers (perhaps a key study in the field that investigates
how physiological measures like heart rate or skin conductance
are used to evaluate player experience in video games). From this
seed paper, they would extract potential new key terms, concepts
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and methodologies used in the study. These might include specific
physiological measures (e.g. heart rate variability, galvanic skin
response), types of games studied (e.g. mobile games, virtual
reality games) and any specific theories or models referenced
(e.g. flow theory, player experience of need satisfaction model).
They would then use these terms to refine the search, focusing
on databases and journals where such studies are likely to be
published. For instance, if the seed paper were published in the
‘International Journal of Human–Computer Studies’, it would be
prudent to search this journal for more relevant studies. Using
the newly identified keywords, they can test new searches to
find more papers, allowing them to refine and add to the search
terms and keystrings based on the new information gathered.
For example, they might discover that some researchers used
the term ‘biometrics’ instead of ‘physiological measures’, so they
would add this to their list of search keywords and keystrings.

6.3.2 Convergent Searching
This approach focuses on narrowing down the search strategy to
maximize highly relevant papers and minimize irrelevant ones.
With convergent searching as the motivation, researchers still
leverage the research question, seed papers (previously identified
above), initial keywords and keystrings to refine your search
terms. However, the goal now is to determine which new keywords
or aspects of the keystring are irrelevant (and can be omitted) or
lead to not finding seed papers or finding overly large amounts of
irrelevant papers.

Convergent searching aligns with Kraus et al. (2022) concept
of ‘focus’ in literature reviews. By focusing on studies with
high relevancy (resulting from a search with high convergence),
researchers can gain a clearer picture of the established
knowledge in the field.
Example case: Returning to the example of searching for papers
on physiological measures in gaming. With the goal of convergent
searching, researchers would still check for the inclusion of seed
papers, but attempt to determine which keywords are actually
unnecessary or add too much noise to the results. For example,
the keyword heart rate variability might have seemed relevant at
first, yet on further examination, the researchers might find that
this keyword leads to many irrelevant results, while relevant ones
seem to be covered by the already included umbrella keywords
of physiological measures and biometrics. Alternatively, perhaps
new keywords or different keystring operators need to be added
to narrow down the result further.

6.3.3 Applying this to the Double Diamond Approach
Iterative searching is particularly valuable in the field because
it allows for continuous refinement and expansion of the search
strategy across multiple rounds. Work by Allen (2000) highlights
the complexities of applying individual differences research to
user-centred design in information systems, particularly in the
context of search-related tasks. Therefore, the literature review
process can be conceptualized using the double diamond frame-
work, a design thinking approach commonly used to structure
problem-solving processes (Banathy, 1996). The double diamond
reflects the iterative nature of the literature review, with con-
vergent searching and divergent searching phases flexibly and
iteratively occurring in each diamond, see Fig. 1. The first diamond
focuses on ‘designing the right keywords’ and the second
diamond focuses on ‘designing the keystring right’.

We further borrow design thinking’s discover, define, develop
and deliver phases. In the Discover phase, the focus is on broad-
ening the search (diverging) to identify a wide range of potentially

relevant studies and, in particular, potentially relevant keywords.
Researchers can achieve this by starting with the research ques-
tion and (if available) seed papers to explore synonyms, related
concepts and alternative keywords.

The Define phase centers on refining the search strategy based
on the initial findings from the Discover phase. Here, researchers
can analyze their initial results to identify and exclude irrelevant
or overly broad keywords and concepts. This allows for narrowing
down (converging) to a more focused set of relevant keywords.
These two steps of the first diamond should be iterated flexibly
multiple times until the researchers are satisfied with the search
results.

In the Develop phase, the researchers can use the refined
keywords identified in the Define phase to construct precise
keystrings by combining the keywords with suitable operators.
The keywords are combined with Boolean operators (AND, OR,
NOT) and other search filters offered by the chosen databases
(as mentioned above) to create a keystring. The results of the
tested keystring that is the most promising at any time act as the
baseline for the search query; it should be documented, and the
results of new keystrings should be compared to it.

In the Deliver phase, researchers refine the keystring in the
chosen academic databases, with the objective of retrieving the
most relevant studies through comparable searches that form the
foundation for the literature review.

We advocate that researchers should generously refine their
approach. Tested keystrings should be documented to see how
variations impact the retrieved literature (which eventually forms
the corpus). Tracking the number of articles retrieved after each
modification, and whether seed papers were found, helps visu-
alize the effectiveness of the search strategy and identify if it is
becoming too narrow or overly broad. Finfgeld-Connett & Johnson
(2013) similarly highlight the importance of carefully iterating on
concepts and their relationships in knowledge-building qualita-
tive reviews, which aligns well with our own approach.

6.3.4 Citation Chasing or Chaining
Our experts recommend a ‘cited-by/cited-in’ search to ensure
a comprehensive review. We argue that this should be used to
find an appropriate set of keywords using the double-diamond
approach. This involves analyzing the papers you find for key-
words and then exploring the references those papers cite and
who cited them for the same purpose. By following the chain of
citations, researchers can uncover foundational works they may
otherwise miss. Tools like CoCites developed by Janssens et al.
(2020) offer an efficient and reportedly reliable way to identify
relevant and connected articles, though to our knowledge this has
not been tested.

6.4 Point of Saturation
The fourth segment aims to determine a point of saturation;
determining when enough papers have been found to finalize
the search strategy and the corpus. The librarians clearly tend
towards aiming for highly comprehensive searches. However, this
may not suit all types of reviews (depth-focused reviews may
instead use purposive sampling). Nevertheless, the iterative pro-
cess of refining the search string requires weighing the papers
found in terms of their overall fit and comprehensiveness in
answering the research question.

Furthermore, database selection requires considerations of
coverage, particularly for recently launched journals or those
undergoing transitions. These factors can lead to missing
valuable studies, especially in fast-moving fields like AI. Research
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Fig. 1. This double diamond diagram illustrates the envisioned flexible and iterative search process in the INSPIRE framework.

by Wohlin et al. (2022) supports our recommendation that
researchers conducting SLRs should give preference to databases
with wide-ranging coverage. They also recommend incorporating
multiple databases to lessen the potential for bias and guarantee
a strong foundation of literature, which we echo. Our experts
recommend refining the search terms iteratively until reaching
a point of diminishing returns, also known as the ‘point of
saturation.’ This indicates that the most relevant studies based
on your initial focus have likely been found. Our experts noted
that there is no definitive number of iterations to reach this point.
Researchers sometimes reduce the scope of the years searched
to make the corpus more manageable. While this can be a valid
strategy, it should not be done solely for the sake of saving time.

6.5 Involvement: Inclusive Research
Participation
Our interviews demonstrate that librarians specialized in HCI
and information science can aid literature reviews by helping
researchers identify pertinent databases and terminology (Rubin
& Rubin, 2020). This resource should be considered by HCI
researchers conducting SLRs. The involvement of librarians
and information specialists becomes even more important
when SLRs are conducted by novices, e.g. (under-)graduate
students or junior students, as they can draw on their experience
in information retrieval. This should be supplemented with
experienced researchers from the specific review topic whenever
possible. The segment suggests that novice reviewers should
ideally work alongside experienced researchers and information
specialists to benefit from their expertise in information retrieval.

6.5.1 Using Computational Tools
AI tools can search across numerous databases, repositories, jour-
nals and other sources simultaneously, ensuring a more compre-
hensive review of relevant literature than may be possible via
manual searches alone (Khraisha et al., 2024, Mahmoudi et al.,
2024, Van Dijk et al., 2023). However, it is evident that the involve-
ment of AI tools is not transparent (Beller, 2018, Khalil et al., 2022,

Tsafnat et al., 2014, Schoot, 2021). At the current state of these
tools, our experts suggest these tools should only be used for
brainstorming until the AI Blackbox is transparent enough to
allow replication. Many of these automated tools pull from public
application programming interface (API) sources such as Seman-
tic Scholar and Scholarly Py; these APIs allow tools to access
scholarly databases for the purposes of automating searches or
compiling custom datasets. This limits the documents that can
be found.

6.6 Reporting: Document The Process
The reporting component is critical to the search process, as
also suggested by others (Finfgeld-Connett & Johnson, 2013). It
involves meticulously documenting the iterative search process
and findings in a manner that is both clear and comprehensive.

Researchers should include their documentation of how they
developed the search strategy in the supplementary material (to
mitigate issues with page or word limits). This not only ensures the
replicability of the literature review but also allows reviewers to
follow the process in depth. The rationale behind the choice of key
terminology should also be clearly explained. This is important
because it provides context and justification for the chosen search
strings, which are often ‘locked’ at the beginning of the project.
This level of transparency is essential for maintaining the rigour of
the literature review process and allows for constructive feedback
and critique. It underscores the importance of justification in
the search. It is highly recommended that researchers provide
clear documentation of how the seed paper selection, keyword
set and keystring variations evolved over time (Gross & Taylor,
2005). We also recommend summarizing how many papers were
found for any main keystring milestones in the iterative process.
Of course, the final corpus should be summarized in detail in
the supplementary data. Such transparency not only enhances
the replicability of the study but also allows for a more thor-
ough review and critique of the research process. We recom-
mend a flexible but careful cycling through the double-diamond
approach with both divergent and convergent searching.
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6.6.1 Reporting the Use of Computational Tools
When researchers use computational AI tools in their SLR search,
it is important that they document a clear understanding of how
these tools function. This includes knowledge of the algorithms
used, the data sources accessed and the criteria for ranking and
sorting results. Without this understanding, other researchers
may not be able to evaluate the effectiveness and reliability of
the tool fully (resulting in the AI black box described by our expert
librarians).

6.7 Exhaustion: Re-Search and Update
The final search should be conducted multiple times over the
course of a few days to ensure that the resulting corpus size is
stable. Further, new publications may appear during the process
of selection, extraction and analysis. Although we disagree that
any new publication automatically makes an SLR in HCI outdated,
we nevertheless recommend that researchers at least consider
doing a final update to their search prior to submission and
publication. Depending on the review synthesis method, it may
be possible to update the content somewhat easily. This approach,
combined with the practice of reapplying the search strategy and
noting any changes in the databases used, ensures the robustness
and currency of the systematic review.

6.8 Limitations
The findings and the initial INSPIRE framework are grounded in
the specialized knowledge of expert librarians. However, recruit-
ing librarians who meet these criteria can be challenging. Our
study was limited by a small sample size (n=8) due to the difficulty
of finding librarians with both HCI experience and availabil-
ity across time zones. We attempted to mitigate the effects of
this by ensuring that the interviews were in-depth and allowing
the interview conversations to continue freely and over the ini-
tially expected time (with the participant’s explicit permission).
The consistency of responses from these experts suggests poten-
tial saturation of the data, indicating that a larger sample may
not have significantly altered the framework’s core components.
Additionally, due to the relatively small pool of librarians who fit
these criteria, we are unable to disclose their locations/affiliations
to protect their anonymity. We also acknowledge that all librari-
ans are from the North American continent. This limits the gen-
eralizability of the framework within sub-domains of HCI. Results
may differ, particularly for researchers at institutions with differ-
ent access to library resources or support. Future research could
also explore rigorous benchmarking methodologies essential to
evaluate the performance of AI-powered search and selection.

While the INSPIRE framework for search is based on interviews,
further studies involving researchers applying the framework and
evaluating its impact on search comprehensiveness and review
quality would strengthen the evidence base for its usefulness.
As this is an initial framework, we will validate its utility for
enhancing search comprehensiveness and review quality through
future studies involving HCI practitioners and librarians.

7 Conclusion
In conclusion, the field of HCI currently faces challenges in con-
ducting systematic literature searches due to the lack of a for-
malized framework and the diverse range of research strategies
employed within the field. The reliance on methods derived from
medical literature searches may not fully capture the nuances of
HCI research or its common databases. In this context, we report

on interviews with experts in accessing academic databases in
the form of academic librarians and information specialists. Our
analysis focuses on their recommendations for best practice,
observations from conducting reviews in HCI and their views
on computational tools in supporting the review search process.
Based on this, we developed the INSPIRE framework as a tool to
structure and support the search in literature reviews. Covering
the stages of Inquiry, Navigation, Search, Point of Saturation,
Involvement, Reporting and Exhaustion, the framework can guide
HCI researchers through a comprehensive and rigorous literature
review search using both divergent and convergent searching on
keywords and keystrings.
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APPENDIX A
In this section, we provide additional explanations on how the

analysis is conducted to align with transparency principles.
The supplementary data will also be hosted on our institutional

website and the Open Science Framework: https://osf.io/39zyp/.
In Fig. A1, we present the initial codes used by the first author

in the initial raw line-by-line coding in Dovetail, prior to any
refinement. We note that these codes and very early-stage cat-
egories do not represent a codebook or themes.

We elaborate on an example to clarify the process applied,
using the second-order code ‘keywords authors provided’ as a
starting point—see Fig. A2. The librarians reported authors’ ten-
dency to bring relevant keywords to the process of undertaking
a formalized literature review, so we applied this tag ‘keywords
authors provided’. These keywords are grounded in the authors’
subject knowledge, including subject headings and keywords sup-
plied by the authors of relevant papers. We used a combination
of first-order and second-order codes. Our above example is a
second-order code that was developed based on the first-order

codes of: ‘subject headings are important’, ‘author-supplied key-
words are useful’ and ‘subject searches provided’, see Fig. A3.

Collectively, these codes highlight the importance of subject
headers and keywords in the search and selection segments,
emphasizing that these elements should be informed by the
research team’s inherent domain knowledge. This connection is
significant as it relates to second-order (‘hierarchical’) coding,
which integrates and organizes these ideas in a structured man-
ner, ensuring that the initial coding is mapped to broader themes
that guide and refine the research process for a more targeted and
effective literature review.

The second-order codes were still closely connected to the
participant responses, which in turn were structured based on
the questions asked in the interview (see supplementary data).
The particular responses tagged by these codes came from the
probing question: ‘Can you share a bit about your role and experience
as a librarian, especially in the context of literature searching?’. We
acknowledge that this process is mainly semantic and inductive
tags; because these librarians are experts, we aimed to keep as
close to their meaning as possible and refrain from more latent
coding approaches.

Further on, we created a codebook from these initial first- and
second-order codes. In this step, this specific second-order code
was subsumed into a new code of ‘subject headings’. Later, in
Miro, this code became part of the theme ‘Hooking The Right Key
Words’, as developed by the first author into more narratively-
shaped themes in an iterative process.

At first, the theme included the word ‘Author’ (i.e. Hooking Key-
words Author-Supplied). However, the phrasing was not clear, and
this did not fully reflect our data because the keyword selection
is shaped not only by the authors on the research team, who
provide domain knowledge, but also by librarians who contribute
as methodologist experts. Yet, we found that sometimes the librar-
ians are not included as authors on the formalized literature
review (sometimes because of internal or funding-related politics
or guidelines; we do not disclose further details as this could
reveal institutional policies and break confidentiality).

Positionality Statement
As a multidisciplinary research team with diverse academic and
professional backgrounds, we recognize that our experiences
shape our approach to exploring best practices in Human–
Computer Interaction (HCI) for conducting formalized literature
reviews (including SLRs) within HCI. Our goal is to enhance
methodological rigour in HCI by addressing challenges in the
search and selection stages of SRs. Our expertise spans game user
research, knowledge synthesis and user engagement. However,
we acknowledge that our positions—primarily shaped by our
institutional affiliations in North America and Europe—influence
our perspectives.

Interview Questions
It is important to note that not all questions were explicitly asked
or asked in the same order. Instead, if the librarian provided strate-
gies on search and selection (and relating to our RQ) unprompted
or in response to another question, the researchers would go
off script and probe promptly (not in chronological order by any
means). Questions already covered in previous responses were not
re-asked.

The question pool was semi-structured and focused on asking
about their Experience As A Librarian, Understanding The RQ,
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Fig. A1. This figure illustrates the first batch of initial tags based on the data of three randomly-chosen participants.

Fig. A2. This figure illustrates an example tag of line-by-line initial
tagging.

Researcher Involvement, Databases and Corpus, Search String,
Criterion, Recommendations and Assisted Tools. The question
pool can be found on the Open Science Framework.

INSPIRE Framework
We include a graphical figure of the initial INSPIRE framework (a
high-quality version of this figure will be available in our institu-
tional archive for better resolution and accessibility) see Fig. A4.

Fig. A3. This figure illustrates an example of the flat and hierarchical
codes.

Our framework differs from the PRISMA-S extension (Rethlefsen,
2021) and the PALETTE method (Zwakman et al., 2018) in key ways.
While PRISMA-S focuses on improving transparency and repro-
ducibility in the search strategy, our framework allows for a more
iterative, flexible process where stages like Inquiry and Reporting
may overlap and be revisited. The PALETTE method offers a
structured approach for systematic reviews, but our INSPIRE
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Fig. A4. This figure presents the initial INSPIRE framework, developed based on insights from interviews with expert librarians, to streamline the
search and selection stages in formalized literature reviews. The framework comprises seven interconnected segments: Inquiry, Navigation, Search,
Point of Saturation, Involvement, Reporting and Exhaustion. It consists of seven interconnected segments: Inquiry, Navigation, Search, Point of
Saturation, Involvement, Reporting and Exhaustion. These segments are not intended to follow a strict sequential order but rather reflect an iterative
and parallel approach where stages may overlap, pause and be revisited as needed.

framework emphasizes real-time involvement and dynamic
adjustments, particularly in stages like Point of Saturation and
Exhaustion.

APPENDIX B - Checklist
In this section, we provide a supplementary checklist for

researchers to consider asking themselves for each segment of
the initial INSPIRE framework.

Inspire
To truly inspire their literature review, researchers should ask
themselves these questions in this initial segment:

• Do these goals align with the intended research method (e.g.
scoping review, full systematic review)?

• Does the team possess relevant background knowledge or
expertise in the HCI field?

• (When possible) Has the team considered an information
specialist (librarian) with experience in knowledge synthesis
and information retrieval?

• Are clear and concise research goals formulated to guide the
review?

• Does at least one team member have familiarity with the
specific HCI topic to develop targeted search strings and
terminology?

• Has the team conducted a preliminary search to identify
existing or ongoing reviews in the chosen HCI topic?

Navigation
To ensure a thorough navigation stage, here are crucial questions
researchers should ask themselves:

• Do you have a set of seed paper(s) or foundational work(s)
relevant to your research topic?

• Does the team have access to relevant databases through
institutional subscriptions or interlibrary loan (ILL) net-
works?

• What databases or publication platforms were the seed
paper(s) published in?

• What are the typical types of publications (journals, confer-
ences, etc.) that house research in this domain?

• Have you identified a list of relevant academic databases
based on your research domain and seed paper(s)?

• Have you reviewed the search functionalities and coverage of
each chosen database?

• Have you considered the possibility of cross-referencing
between databases to ensure you are capturing the seed
paper(s)?

• Have you reviewed the citation history (forward/backward-
s/both) of your seed paper(s) to identify earlier foundational
works highly cited within your field?

Search
In summary, the questions one should ask themselves in search-
ing approaches are:

• Have you analyzed the content and abstracts of your seed
papers to extract key terms and indexing vocabulary used by
the authors?

• Have you incorporated convergence searching to refine your
search terms and focus on highly relevant studies?

• Have you also employed divergent searching to broaden your
search and explore new avenues for relevant research by
identifying related concepts, synonyms and alternative key-
words based on your initial findings?

• As you identify new studies, are you iteratively refining
your search terms and strategies to ensure a comprehensive
search?

• Have you considered filtering by subdomains (subject
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headings) from relevant databases to refine further and
categorize your search?

• Are you planning to utilize citation chasing to explore refer-
ences from identified studies and potentially discover foun-
dational works you might have missed?

Point of Saturation
Some questions to think about during the point of saturation stage
are:

• Does the database selection support the comprehensiveness
of coverage for the research topic?

• When reducing the scope of years searched, is a pivotal point
(e.g. the publication year of a key seed article) used to ensure
recent and relevant studies are captured?

• Does the search string consider the specific context and
technical jargon of the research question?

• Does the search strategy account for inconsistencies in
terminology and character limitations within different
databases?

• Has the researcher considered limitations such as Boolean
operator functionality and wildcard support across different
databases to ensure consistency in search results?

Involvement
Some questions to think about during the involvement stage:

• (When possible) Have you considered with a librarian spe-
cializing in HCI and information science to identify relevant
databases, subject headings and terminology?

• Are you aware of potential issues with watermarked articles
accessed through university VPNs when using AI tools?

• If necessary, have you identified resources or training oppor-
tunities to improve your team’s information literacy skills
(e.g. the terminologies)?

• Are you aware of the limitations of AI tools regarding trans-
parency and replicability?

Reporting
Some questions to think about during the reporting stages are:

• Does the report clearly detail the search strategies used in the
literature review?

• Is the rationale behind the choice of key search terms
explained in detail?

• Does the report address maintaining the rigour of the review
process through transparent reporting?

• If computational tools (including AI) are used, does the report
demonstrate a clear understanding of their functionality
(algorithms, data sources, ranking criteria) and limitations?

Exhaustion
Final questions to ensure the search and selection process is
exhaustive:

• Have you set up alerts on relevant academic databases to
receive notifications about new publications related to your
topic?

• Have you scheduled regular revisits to your initial search
terms to identify potentially significant new findings?
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