
In the Shadow of Judgment: Mapping Out the Landscape of
Human–AI Decision-Making Through a Systematic Review

Yixin Bai, Taehyun Yang, Zhongzheng Xu, Dayeon Ki, Ziyi Wang, Yu Hou, Fumeng Yang
{yixbai01,taeyang,zxu169,dayeonki,zoewang,houyu,fy}@umd.edu

University of Maryland, College Park

��������������������

����������������������

������������������������

���������������������


��������������������������


�����������������������

	�������������������

�����������������������������

��������������������������


���������������������������������

������������������������������������

��������������������������

�����������������������������

���������������
���


�����������������������������������


����������������������������������

�����������������������������

�������������������������������

	���������������������������

	�������������������������������

����������������������������������

���
���	��

��������

�������������

����������

���������


���������

��������

�����������

���������

�����
����	��

	���������� ��

	�����������­���

������������������

��������

	��������

��� �������

������������������������ ���
����������������������
�

����������������������
���������������������

	���������������������������

Figure 1: Our systematic review of human–AI decision-making (HAID) literature maps out 6 contribution types, 13 domains of
application, and 8 AI and 6 human roles, along with how these roles influence one another.

Abstract
Research on human–AI decision-making (HAID) has grown rapidly
across domains. However, the literature on this topic remains frag-
mented, and conceptual ambiguities hinder systematic synthesis
and cross-domain comparison. We present a systematic review of
HAID publications from 2016 to 2024. Starting with 269,060 records
collected from 20 publishers and databases, we conducted 5 rounds
of relevance and quality screening, and ultimately analyzed 1,493
articles in breadth and depth. We contribute: (1) a systematic cat-
egorization of the literature, including 6 contribution types, 13
domains of application, and 4 decision levels; (2) taxonomies of 8 AI
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roles and 6 human roles, their inputs to decision-making, and their
influences on each other; and (3) the identification of 4 research
gaps and pathways forward. Our efforts unify scattered work into
a coherent framework, strengthen the descriptive and rhetorical
power of this field, and lay the groundwork for future research and
policy development.

Keywords
Decision-making, Human-AI Interaction

1 Introduction
The development of artificial intelligence (AI) has been expand-
ing for over half a century, and in recent years, these AI systems
have begun to transform our society. At the heart of this trans-
formation is their power to shape—and in some cases determine—
decisions across levels of society, from individuals to organizations
and institutions. The stakes extend far beyond individual outcomes:
which patients receive treatments [63], which students gain ed-
ucational opportunities [309], which loan applicants receive ap-
proval [311, 565], and which policies governments prioritize [613].

However, AI systems are often prone to errors, and these mis-
takes can have severe consequences such as misdiagnoses and
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wrongful arrests. Equally important is to ensure that AI systems
serve human interests rather than merely optimize metrics. These
dual concerns make fully automated decision-making neither en-
tirely feasible nor desirable. As a result, humans and AI systems
increasingly operate together to reach decisions, a paradigm we
understand as human–AI decision-making (HAID).

With a growing body of literature on HAID, considerable am-
biguity persists about its fundamental nature and scope. If HAID
is to be understood as an impactful paradigm across domains, we
first ask: which domains study HAID, and what kinds of con-
tributions have emerged? In particular, what decision tasks are
examined, and how do emphases vary across domains? As we map
this landscape across domains and decision tasks, we confront a
more fundamental question: what, at its core, constitutes HAID?
What roles do humans and AI play as constitutive elements of the
process, and how do they interact to shape decisions? Finally, a
further question arises: what consequences follow from HAID?
How do these human–AI interactions affect outcomes and influence
the broader systems in which decisions are embedded? Address-
ing these questions is not merely a matter of definition but also
equipping researchers and practitioners with the conceptual clarity
needed to advance the field in meaningful directions.

Seen in this light, we conduct a systematic review of HAID pub-
lications from 2016 to 2024, extending beyond conventional HCI
conferences to capture the scope of the literature. We surveyed 20
publishers and databases, spanning 3 computing publishers (e.g.,
ACM), 7 major AI venues (e.g., NeurIPS), 7 general publishers (e.g.,
Elsevier), and 3 disciplinary publishers (e.g., APA), and gathered
269,060 initial records. We performed 5 rounds of systematic screen-
ing and filtering to ensure quality and relevance, finalizing the
corpus at 1,493 papers.

To capture the field in breadth, we first depict an overview of con-
tributions, domains, and decision tasks. We extend the taxonomy of
HCI contributions [584] to catalog the contribution types, revealing
the dominance of empirical and algorithmic works (Sec. 3.1). We
identify 13 domains where HAID has been applied and classify
decisions in these domains by their social scope—from individual
choices to institutional policies (Sec. 3.2).

As a deeper inquiry into what constitutes HAID, we distill the
roles that humans and AI systems serve in a decision-making pro-
cess (Sec. 4). We identify 8 AI roles and 6 human roles that char-
acterize HAID research across domains, extracting their inputs to
decision-making and mapping them onto the decision-making pro-
cessmodel [354].While AI roles are concentrated in the core steps of
decision-making, human roles extend to the broader HAID ecosys-
tem, including oversight, governance, and stakeholder influences
that collectively shape the decision-making process. To understand
the consequences of HAID, we examine the influences that humans
and AI have on each other in decision-making, revealing trends
of co-evolution (Sec. 5). Drawing on these observations, we offer
four perspectives on gaps in the literature and pathways to address
them (Sec. 7).
Contributions. We map out a landscape of HAID that outlines
both the scope of this field and the current state of knowledge. In
doing so, we contribute in three ways. We provide � a system-
atic categorization of the literature, bringing together previously
scattered work into a unified framework and offering readers a

coherent understanding. We develop � a shared vocabulary and
set of concepts that describe HAID processes, strengthening the
field’s descriptive power—the ability to study, characterize, and re-
port on HAID, as well as its rhetorical power—the capacity for the
research community to communicate and compare key elements
across studies. We identify � key gaps in the literature and provide
actionable recommendations. While our work is primarily descrip-
tive, it lays the foundation for future theoretical, empirical, and
methodological contributions. Given the impact of HAID across
society, this systematic understanding has implications for both
research advancement and policy development. To support future
work, we release our corpus, source code, annotation tool, and
codebook at https://doi.org/10.17605/OSF.IO/U5QJH and deploy an
interactive web interface at https://fig-x.github.io/haid/.

1.1 Definitions
To align readers from different backgrounds, we first define human–
AI decision-making. This requires articulating three components:
what decision-making is, what qualifies as AI, and how humans
and AI combine in decision-making.

Decision-making is “the cognitive process of choosing between
two or more alternatives, ranging from the relatively clear-cut to
the complex.” [14, 415] For a process to qualify as decision-making,
alternatives must be presented, and a decision-maker must select
one and act on it. This is related to, but different from, judgment,
which involves forming an assessment without necessarily choos-
ing among alternatives [139, 415]. For example, a prediction is not
itself a decision, but it may constitute a judgment or be consid-
ered an alternative. Decision-making processes involve multiple
stages, and we adopt the widely used Lunenburg’s model [354]
with 6 detailed steps: identifying the problem, generating alterna-
tives, evaluating alternatives, choosing an alternative, implementing

the decision, and evaluating decision effectiveness.
The concept of AI resists singular definition [231, 581, 598]. The

literature offers many definitions [231]. Here we understand AI as
a collection of technologies [598] that “replicate human capabili-
ties” to varying degrees [581] and “interact with us and act on our
environment, either directly or indirectly” [231].

We synthesize these components by drawing from collabora-
tive decision-making, which “aggregates, rather than compromises,
the understandings of decision makers” [417]. We define HAID as
a decision-making process where both human and AI contribute
inputs, whether those contributions occur synchronously or asyn-
chronously, directly or indirectly. This definition emerged from
screening and analyzing thousands of articles, reflecting our un-
derstanding of the boundary between what constitutes HAID and
what does not.

2 Methodology
To begin, we first describe our selection and coding processes. We
adhere to the Statement on Preferred Reporting Items for Systematic
Reviews andMeta-Analyses (prisma 2020 Statement) [419] and start
with searching, filtering, and screening, then proceed to qualitative
coding. We show an overview of our process in Fig. 2.
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Figure 2:Overview of our systematic review process: We begin with broad searches and then narrow to top-tier venues. Through
a combination of manual screening and ML-based classification, we reduce the collection to 4,761 records. After manual
screening and qualitative coding, we finalized a corpus of 1,493 records.
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2.1 Inclusion and exclusion criteria
We set criteria along two dimensions—relevance and quality—to
guide our screening and selection processes. First, to ensure rele-
vance, a paper must meet the following:

R.1 The title and abstract must contain both AI- and decision-
related terms. When an abstract is absent, we conduct a
preliminary full-text review to confirm their presence.

R.2 The paper must involve both humans and AI in a decision-
making process (i.e., meets HAID definition). We exclude
works that focus on predictions and modeling without a
clear connection to decision-making.

Also, to maintain quality, we require:
Q.1 The paper must be peer-reviewed and be published in an

academic journal or conference, with a minimum length of
3 pages. While acknowledging exceptions, this threshold
ensures sufficient details and substantive contributions for
coding purposes.

Q.2 The paper must be published in a top-tier venue in its do-
main. Although venue rank is only a proxy for quality, this
helps ensure the rigor and credibility of selected papers and
preserves a manageable corpus size.

2.2 Initial searching and preliminary filtering
We included a range of publishers and databases, moving beyond
conventional HCI venues to capture a broader body of literature.
Our R.2 criterion above guarantees the HCI relevance of the result-
ing papers.
Publisher and database. We surveyed 20 publishers and databases,
and grouped them into four categories. We began with 3 computing
databases: ACM Digital Library, AIS eLibrary, and IEEE Xplore,
which cover the majority of human-centered computing research.
We also collected from 7major AI/ML venues: NeurIPS, ICLR, PMLR,
JMLR, ACL Anthology, IJCAI, and AAAI1; following Q.2, we ex-
cluded tracks like high school projects at NeurIPS and retained only
recurring conferences and symposia at AAAI. We searched 7 major
interdisciplinary and general publishers: Springer Nature, Elsevier
(ScienceDirect), JSTOR, Wiley, Taylor & Francis, SAGE Journals,
and Science. Finally, we queried 3 prestigious disciplinary databases:
ACS, AMA, and APA2 to have coverage of domain-specific research.
Full details on the inclusion of specific conferences and tracks are
provided in supplementary materials.
Scope. Two authors brainstormed a set of keywords for AI and
decision-making. Following R.1, we required a record to contain
at least one AI keyword and one decision keyword (case insensi-
tive) in its title or abstract. As such, a typical search string was:
(Artificial Intelligence or Machine Learning or Deep Learning or

Natural Language Processing or Reinforcement Learning or Large

1Conference on Neural Information Processing Systems (NeurIPS), International
Conference on Learning Representations (ICLR), Proceedings of Machine Learning
Research (PMLR), Journal of Machine Learning Research (JMLR), Association for Com-
putational Linguistics (ACL), International Joint Conferences on Artificial Intelligence
(IJCAI), and Association for the Advancement of Artificial Intelligence (AAAI), respec-
tively. Note that PMLR includes conferences such as AISTATS and ICML, and ACL An-
thology includes several venues such as ACL, EMNLP, NAACL, COLING, and CoNLL.
2American Chemical Society (ACS), American Medical Association (AMA), and Amer-
ican Psychological Association (APA).

Language Model or Large Language Models or AI or ML or DL or NLP

or LLM or LLMs) and (decide or decision or decisions). We included
plural forms because several databases were sensitive to them. How-
ever, we require only decision keywords for AI/ML venues, since
papers in these venues typically employ more specific or emerging
AI terms rather than generic ones; plus, we assume reviewers at
these venues already ensure the relevance of accepted papers to AI.
Finally, we restricted publication dates to 2016–2024 for two rea-
sons: a prior survey by Lai et al. shows that HAID research began to
grow around 2016 [300], and most of our searches were conducted
between November and December 2024, with a small number in
January 2025.
Process. We combined multiple means to obtain records from
these publishers and databases. Many publishers and databases
did not support direct exportation of search results, and returned
records often exceeded maximum thresholds (e.g., ACM returns
only the first 2,000 records); some imposed constraints on the num-
ber of keywords or supported fields (e.g., Elsevier allows only 8
keywords). We performed searches in small batches and employed
web scraping where necessary. We retrieved all recent NeurIPS and
ICLR via the OpenReview.net APIs and had to search in full text
with the restrictions on Springer Nature API. Due to these incon-
sistencies, we applied post-processing to filter by keywords and to
verify publication dates. In total, we obtained 269,060 records, and
Fig. 2 shows a breakdown.
Preliminary filtering. We programmatically removed duplicates
within each publisher or database (matching title and author strings),
reducing the corpus to 232,684 records.

2.3 Quality assessing
To ensure the quality of the resulting paper, we conducted two
rounds of filtering.
Iteration 1 (Q.1). We filtered out records that appeared to be non-
peer-reviewed or non-research articles based on metadata and titles.
This step removed editorials, book reviews, prefaces, commentary,
doctoral consortia, corrections, titles beginning with “Reply to: ”,
among others. We also excluded records under 3 pages where page
metadata appeared reliable.
Iteration 2 (Q.2). We restricted records to top-tier venues. We en-
countered 19,498 venue names with considerable variation.3 Given
this scale, we employed LLMs for initial assessment and validated
this approach with human judgment. We prompted both GPT-4o
and Claude 3.5 to categorize each name variant into top-, mid-, and
low-tier. When the two models disagreed, one author provided the
third vote using three ranking systems: CORE Conference Rank-
ing [1], Researchify [2], andWeb of Science [3], and a top-tier venue
must be ranked as Quartile 1, A-, or above by at least one source;
unlisted venues were evaluated by comparing impact factors. We
retained venues with two top-tier votes.

3For example, “CHI Conference on Human Factors in Computing Systems,” and “Con-
ference on Human Factors in Computing Systems.”
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Validation. To validate our use of LLMs in Iteration 2, we ran-
domly sampled 100 venues from each tier (300 in total) and applied
the same human-judgment method. We found LLMs were generally
conservative: 0% of LLM low-tier and 32% of mid-tier venues were
upgraded to top-tier upon human judgment. Only 3% of LLM top-
tier venues were downgraded. The resulting venues maintain broad
coverage across domains. Removing 23 duplicates, we arrived at
39,697 records. The prompts are provided in Appx. F.

2.4 Relevance screening
To ensure the relevance of the resulting papers, we combined
manual screening with machine learning methods.4

Iteration 1 (R.1). We verified the presence of desired keywords, as
previous programmatic filtering had captured irrelevant matches
(e.g., “ai” in gain). This iteration led to 24,430 records.
Iteration 2 (R.2). Two lead authors classified records into Highly

relevant, Moderately relevant, Slightly relevant, or Irrelevant based
on titles and abstracts, with one author reviewing a subset. They
followed the same protocol, met weekly to discuss uncertain cases,
and screened 14,537 records in a span of 10 weeks. Multiple factors
then motivated follow-up automated screening: (1) the remaining
records (mostly Elsevier, Springer Nature, and IEEE) contained mas-
sive irrelevant and marginally relevant papers that added little new
insight. (2) Borderline cases remained ambiguous after extensive
discussion. (3) Fatigue threatens reliability, and automation helps
preserve it by directing human judgment where it matters most. (4)
The best-performing classification model we explored, a linear SVM,
achieved 83.86% soft accuracy (all Relevant vs. Irrelevant) and 80.80%
overall accuracy in cross-validation. Finding the accuracy satisfac-
tory, we applied the model trained on all screened records to the
remaining 9,690 records, retaining only those predicted as relevant
(i.e., not Irrelevant). The authors then screened the other 203 records
lacking abstracts via full-text. This step yielded 4,971 records.
Iteration 3 (R.2). We subsequently found many remaining ab-
stracts were insufficient for providing knowledge about HAID,
merely using decision-making as a motivation or implication. The
same two authors reassessed each abstract using a guiding ques-
tion: “Could this work advance our understanding of HAID?” This
requires a paper focusing on decision-making with both human and
AI inputs (the HAID definition in Sec. 1.1). We operationalized this
by screening a few hundred papers separately, discussing weekly
to converge understanding, and compiling exclusion reasons (see
Appx. E). Common reasons include: (1) lack of human elements,
(2) no clear connection between AI and human inputs, or (3) not
focus on decision-making. Occasionally, abstracts were removed for
violating other criteria (e.g., one page). They then screened remain-
ing titles and abstracts separately, discussed uncertain cases, and
cross-checked each other’s screening results. This yielded 1,456
records after excluding survey and opinion pieces.
Validation. We stratified a sample of 1,000 papers by database
and publisher from the 9,690 SVM-classified records. This subset
enabled us to (1) estimate missed papers and (2) assess screen-
ing reliability. Of these, 863 had been classified as Irrelevant and
4Please also read our reflection on the method in Sec. 7.6.

previously removed after Iteration 2. The same two authors man-
ually screened them using the Iteration 3 criteria (i.e., single-stage
screening), identifying 31 missing records. The same qualitative
analysis in Sec. 2.5 was applied, but revealed no new codes, indi-
cating content saturation. We analyzed the effects on corpus and
code distributions in Appx. C. In later sections, we interpret results
and draw conclusions with these uncertainties in mind. Also, the
authors rescreened the other 137 papers5 and found 17 discrep-
ancies: 10 from irrelevant to relevant and 7 the reverse. Because
Krippendorff’s 𝛼 and similar metrics are unreliable with skewed
distributions like ours [445, 556], we also report Gwet’s AC2 [445]
and percentage agreement (PA): 0.73 (𝛼), 0.77 (AC2), and 0.88 (PA).
These indicate good screening reliability, particularly given that
these sample papers were already marginal and ambiguous in rel-
evance. We discuss SVM errors and feature importance in Appx. A
and B. Adding 41 recovered papers, we arrived at 1,497 records.

2.5 Qualitative coding
General procedure. The two lead authors agreed on the dimen-
sions to extract: (1) contribution types, (2) domains, (3–4) human

and AI roles, (5) decision levels, (6–7) humans’ and AI’s influences on

each other, and (8) decision environment. The first four capture the
breadth of literature: contribution types and domains define a re-
search paper, while human and AI roles define HAID. These appear
in all papers and are typically summarized in titles or abstracts, so
we coded them primarily from abstracts, consulting full texts when
necessary. In contrast, humans’ influence and AI’s influence reflect
the depth of literature. These dimensions require full-text analysis
and appear primarily in papers involving human subjects, con-
trolled experiments, novel systems, or theoretical frameworks. The
two authors identified these papers (N = 483) by screening indepen-
dently and cross-checking their results (see Sec. 2.4; Krippendorff’s
𝛼 = 0.66, Gwet’s AC2 = 0.93, PA = 0.94 in validation). These papers
also provided examples for humans’ and AI’s inputs and decision

environments, which we treated as illustrative rather than systemat-
ically coded. Finally, decision levels reflect both breadth and depth
and were coded from both abstracts and full texts.
General process. Two primary coders (the two lead authors) and
four secondary coders were involved. Each primary coder reviewed
a subset; they together developed lower-level codes, merged them
into higher-level categories, and finalized a codebook with non-
mutually-exclusive labels. Primary coders then provided initial
codes for all papers. Secondary coders refined these initial codes
and discussed with primary coders to address disagreements.
LLM assistance & validation. We decided on using LLM assis-
tance in coding and also validated this approach. We prompted
GPT-4o and Claude 4.5 (3.5 was deprecated) with the codebook,
ran each three times, and aggregated outputs as votes to mitigate
uncertainty (e.g., decision-maker (3)). To have a reference (our “gold
standard”), one secondary coder independently coded a 10% sample,
and reconciled with primary coders. Three other secondary coders
used different LLM-assisted approaches for the same subset, adjust-
ing primary coders’ initial codes using GPT results, Claude results,
or both. Because multi-label reliability calculation remains an open
5The screening and rescreening processes were months apart.
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Figure 3: Distribution of the papers in our corpus, showing
an increasing trend recently.

problem [363], we computed and averaged per-label scores for each
dimension. Compared with the reference, providing both LLMs’
outputs yielded the highest reliability (Krippendorff’s 𝛼 = 0.26–0.80,
Gwet’s AC2 = 0.63–0.97, PA = 0.77–0.98), and was applied to the
remaining corpus by two secondary coders, each analyzing a subset.
One dimension and 8 labels with AC2 < 0.66 received additional
instructions along with noted LLM biases. Primary coders then
refined and finalized codes through asynchronous discussion. Relia-
bility scores between initial, adjusted, and final codes were 0.64–0.88
(𝛼), 0.83–0.98 (AC2), and 0.89–0.99 (PA). All scores, prompts, and
scripts are available in Appx. D, F, and supplementary materials.
Final corpus. Excluding 4 survey/opinion pieces identified from
coding, we finalized at 1,493 records.

3 Overview of HAID
We depict a distribution of our corpus in Fig. 3. As anticipated, the
number of relevant publications is growing at an accelerated rate,
demonstrating the timeliness of a systematic review. We begin by
showing contribution types and domains of decision-making, along
with the corresponding counts. As HAID research continues to
evolve, mapping contributions and domains provides an overview
of existing knowledge. Given our corpus size, we cite only example
papers or those with at least 100 Google Scholar cites by the end of
November 2025.

3.1 Contribution types
We adopt Wobbrock and Kientz’s taxonomy of 7 research contri-
bution types in HCI [584], extending it with an additional category,
algorithmic contribution, to more precisely describe the contribu-
tions from AI/ML venues. We assign one primary type unless two
types are genuinely equivalent. Excluding survey and opinion pa-
pers, we present 6 types below.

At a glance

Empirical and algorithmic works dominate across AI/ML,
computing, and general publishers, while methodological,
artifact, and theoretical works provide bridges between
them. Nevertheless, datasets remain rare.

Empirical contribution (N = 555). As the largest portion in
our corpus, many works make empirical contributions through
controlled human-subject experiments [165, 253, 344, 358, 476, 484,
513, 601], questionnaires [78, 108, 185], interview studies [15, 284,
607], observational research [158, 364], algorithmic and model
evaluations [467, 484], case studies [120], and mixed methods re-
search [499]. They provide empirical insights into factors, methods,
and strategies that shape HAID (e.g., explanation [71, 211, 479]),
alignment between human and model performance [45, 266, 582],
and the social and organizational contexts [96, 504, 505]. This type
was typically the second largest prior to 2022, and has since sur-
passed algorithmic contribution, suggesting increased interest in
recent years.

Algorithmic contribution (404). A substantial body of work
contributes new AI/ML algorithms, models, or computational ap-
proaches. These works often explore algorithmic pathways to as-
sist humans in decision-making, including generating model in-
terpretation [27, 593], finding solutions for ethical and fairness
constraints [73, 168, 346, 570], and making domain specific pre-
dictions [97, 482, 488, 628]. While computational efficiency and
performance are the primary focus, some works evaluate and for-
malize human experience within decision loops [510, 635].

Artifact contribution (257). These works contribute imple-
mented systems, tools, interfaces, and design solutions. Decision
Support Systems (DSSs) aremost common, integrating expert knowl-
edge for clinical diagnosis [50, 173, 188, 423, 603], treatment selec-
tion [312, 413, 447], and policymaking [328]. Beyond DSSs, artifacts
manifest as conversational chatbots for IT support [22], visualiza-
tion tools for counterfactual explanations [187, 647], and immer-
sive systems for basketball decision-making [535]. Most remain
domain-specific, with few achieving domain-agnostic applicabil-
ity [552, 647].

Methodological contribution (232). Theseworks provide new
research methods, evaluation frameworks, analytical approaches,
and design principles. The topics parallel those of algorithmic

contributions, including interpretability and explainability frame-
works [279, 351], fairness-aware methods [389, 444], and human-
in-the-loop frameworks [8, 618], yet emphasize generalizability
across contexts. Some propose fairness frameworks [117, 624] or
auditing methodologies [13], while others develop evaluation meth-
ods within decision-making contexts [254, 303, 392, 401]. Domain-
specific methodologies also emerge, such as design guidelines for
clinical decision support [221].

Theoretical contribution (128). Theoretical works articulate
the conceptual, normative, and philosophical foundations of HAID.
Many formalize core concepts (e.g., fairness [105, 296], explana-
tion [560], and accountability [94, 102]) through causal models [92,
406], information-theoretic measures [310], and legal theory [291],
advocating safeguards such as contestability and reviewability [112,
245, 356, 406, 613]. Others develop ethical frameworks and models
of human–AI complementarity [33, 132, 138, 289, 335, 345] or exam-
ine computational limits in capturing human judgment, particularly
indecision and hard choices [190, 289, 375].

6



Dataset contribution (13). Decision benchmarks are rare, of-
ten paired with empirical and algorithmic contributions. Most
target domain-specific decisions (e.g., clinical practice [209, 238,
337], driving [508], and game play [313]), though some others ex-
tend to embodied environments [393]. However, no datasets address
interactive or collaborative decision-making.

3.2 Domains of decision-making
We identify 13 application domains where HAID has been explored
(see Fig. 4). For abstracts that do not explicitly state domains, we ex-
tract domains from their decision tasks and datasets used. To clarify
decision levels, we adopt a four-level taxonomy from decision-
making literature: individual decisions made by a single person
for themselves [68], operational decisions embedded in day-to-
day routines and practices [532], organizational decisions made
within or on behalf of organizations [68], and institutional deci-
sions that establish standards or norms [379]. Although drawn from
different traditions, this hierarchy provides a consistent vocabulary.

Each paper can span multiple domains. For example, a fairness
method may apply to both finance and employment, while a
work on medical policy falls under both healthcare and law.
We present institutional decisions within each domain, but also
discuss law as a domain when it is the primary focus.

At a glance

The distribution across domains reflects AI’s broad penetra-
tion into decision-making contexts, with medical applica-
tions comprising the largest share. Operational decisions
dominate overall, though their prevalence varies across do-
mains. High-stakes domains (e.g., defense, law) tend
to frame HAID around accountability and risk, while every-
day contexts (e.g., media, education) position it as a
supportive tool. Fairness and governance concerns surface
across domains, with exceptions in defense and design,
where the nature of their decision tasks makes such framing
less relevant. Finally, the prevalence of generic works
suggests either efforts toward generalizable frameworks or
a lack of ecological validity in the literature.

Healthcare, medicine, surgery (N = 480). Healthcare is themost
extensively represented domain, with nearly one-third of papers
addressing medical decision-making. Individual decisions include
personal diabetes management [400, 540]. Clinical operational de-
cisions predominate: clinical diagnosis [37, 64, 80, 86, 137, 343, 361],
surgery prioritization [605], selecting treatment [304, 399], emer-
gency department triage [308], drug dosage optimization [407], ICU
admission [606], and ventilator configuration [286]. Organizational

and institutional decisions include emergency department man-
agement [150] and COVID vaccine allocation [213]. Decision tasks
may become cross-level in certain circumstances: admitting a pa-
tient can shift from operational to organizational or institutional

levels when resource scarcity or accountability is at stake [606].

Finance, business, economy (193). Financial decision-making
often appears inmanagerial or business literature. Individual deci-
sions include accepting AI shopping advice [77, 87, 99, 366, 367, 380],

or peer-to-peer lending or investing [126, 131]. Operational de-
cisions involve approving loans through credit scoring [174, 217,
240, 418], making sale strategy [46], setting dynamic prices in re-
tail [323, 372, 381], rebalancing fund portfolios [430, 500, 640], and
deciding trading strategies [131, 290, 468, 625]. Organizational de-
cisions involve allocating venture funding [373, 402, 641], and team
changes in management [297]. At the institutional level, research
addresses governance frameworks and legitimacy of algorithmic
decisions in markets [47, 370, 514].

Transportation, mobility, planning (189). Many works fo-
cus on self-driving cars, examining decisions from individual ve-
hicle behavior to systemic transportation. Individual decisions
include lane-changing, braking, ramp merging, and intersection
navigation [162, 220, 326, 391, 563, 590], with attention to human-
like reasoning [241, 342, 347], uncertainty [229, 432, 528], and eth-
ical dilemmas in crash or trolley scenarios [30, 168, 169, 292, 543].
Operational decisions involve coordinating connected fleets for

ride-sharing and traffic [210, 270] and optimizing routing and charg-
ing for electric vehicles [357, 586, 643]. Organizational decisions
address aviation operations [66, 127], cargo allocation [134, 453],
and maritime navigation [52, 551, 557]. Institutional decisions
extend to infrastructure maintenance and resource allocation [438,
577], as well as traffic law and public trust for autonomous vehi-
cles [336, 339, 604].

Law, democracy, governance (122). Legal contexts rarely in-
volve purely individual decisions; most decisions are operational.
Examples include criminal sentencing and parole decisions in-
formed by AI bail and recidivism risk assessments [25, 135, 307, 334].
Organizational decisions include policy development through im-

pact analysis [285], fraud detection in unemployment programs [177],
and AI adoption in public sector [265]. At the institutional level,
work addresses public trust in AI for election monitoring [263, 287,
525], and AI governance spanning all domains.

Everyday, employment, public service (116). This domain
spans from personal choices to social care and public service, often
co-appearing with finance and law. Individual decisions
include selecting fashion, movies, restaurants, or tasks on crowd-
sourcing platforms based on algorithmic recommendations [140,
212, 236, 646]. Operational decisions dominate, notably in using
AI for candidate hiring [16, 172, 230, 435, 483] and college admis-
sion [141, 309];6 these also include welfare decisions for child pro-
tection [259, 469]. Organizational decisions involve workforce
management in companies [455], such as identifying high-potential
employees [387]. Finally, at the institutional level, AI adoption
in public services raises debates around fairness and accountabil-
ity [262, 550].

Education, teaching, research (74). Students, teachers, and
researchers increasingly useAI to support decision-making. Individual

students select universities and programs with AI assistance [100].
Operational decisions include teachers utilizing AI to judge stu-

dent performance [107], researchers using AI to guide methodologi-
cal choices in qualitative analysis [166, 416], and reviewers using AI
6Considerations in college admission are similar to hiring, so we place it here rather
than under education.
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Figure 4: Examples and decision levels across application domains: operational decision-making dominates, while
individual decision-making is prevalent in transportation and media.

for peer review decisions [19, 136, 293, 294, 524]. Organizational

decisions include universities employingAI to recruit students [100].
Institutional work addresses education policy and governance,

raising broader questions about fairness, discrimination, teacher
roles, and student vulnerability when using AI in decision-making
[116, 295, 441, 442].

Manufacturing, industry, automation (65). This domain cov-
ers robotics and supply chains. Individual decisions include work-
ers navigating their reliance on automation during training [431].
Operational decisions include production scheduling [591], lo-

gistics coordination [318], and maintenance strategy [18]. Simi-
larly, organizational decisions concern using AI to manage sup-
pliers [28, 443] and risks [130, 446], as well as adopting AI [119, 144].
Institutional work explores AI-driven digital twins [203, 369], as

well as fairness and accountability in manufacturing [70].

Media, communication, entertainment (64). Individuals can
assess news credibility with AI support [454], make travel and
streaming choices with AI recommendations [189, 276], and make
moves in games and sports (e.g., chess) with AI advice [180, 376, 390,
507, 529, 566]. Operational decisions include content moderation
through AI identifying harmful posts [62, 75, 299] and coaching
strategies informed by AI analysis [84]. Organizational decisions
include editorial choices about AI in publishing [503] and game
management for player retention, matchmaking, and server opti-
mization [121, 588]. Institutional work explores regulatory frame-
works for social media filtering [243] and LLM interventions against
misinformation [164].

Environment, resource, energy (52). This domain spans lo-
cal farming to global sustainability. At the individual and operational

levels, farmers use AI to decide on irrigation, harvest timing, and

crop treatment [109, 269, 396, 458], as well as for soil manage-
ment [10, 378]. Operational decisions also include utility providers
using algorithms for load shedding, repairs, and resource deploy-
ment during disasters [152, 234, 644]. Organizational decisions
include energy providers using AI for demand allocation, mar-
ket negotiation, and maintenance prioritization [306, 638, 639].
Institutional decisions include policymakers employing AI to

balance food–energy–water trade-offs, interpret climate forecasts,
and guide renewable energy adoption [191, 541, 575, 623].

Software, system, cybersecurity (29). Decision tasks in this
domain range from everyday software engineering to strategic cy-
bersecurity. Individual developers use AI formicro-decisions such
as logging statement placement [330] and library selection [340].
Operational and organizational decisions include code review

[630], software architecture design [515], and IT task manage-
ment [22]. Institutional decisions include cybersecurity organi-
zations using AI to reallocate alerts and develop defensive strate-
gies [489].

Defense, military, emergence (25). In this high-stakes domain,
decisions are rarely individual. Operational decisions include mili-
tary operators using AI to interpret physiological data [459], detect
abnormal behavior in surveillance [128, 129], and navigate haz-
ardous situations [393]. Organizational decisions include emer-
gency facility planning and resource deployment [420, 523], as well
as integrating AI into emergency response systems [385, 492, 595,
631]. Institutional decisions extend to strategic military choices,
such as air defense planning with AI support [633] and delegating
military operations to AI [255, 452].
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Design, creativity, architecture (11). Individual designers
use AI as a creative support tool for UI/UX design [371], prod-
uct development [509], and energy-efficient building design [83,
574] in their daily work. Few works address organizational or
institutional decisions.

Generic, abstract, domain-agnostic (452). This category cov-
ers works that do not articulate a specific application area, ad-
dressing decision-making in principle rather than practice. For
example, bandit problems and general image classification approx-
imate individual decisions [57, 422, 481, 530]. Domain-agnostic
algorithms for scheduling or resource optimization assist in operational

decisions [133]. Organizational research explores group decision-
making theories and frameworks [118, 491, 498]. Finally, many
discuss fairness, governance, or ethical principles in algorithmic
decision-making meant to apply across domains [111, 194, 298, 329,
394, 610, 622].

4 Architecture of HAID
Answering what constitutes HAID requires moving beyond do-
mains and tasks, and we approach this from the perspective of
what functions human and AI roles serve in the decision-making
process. We categorize AI roles, human roles, and distill their re-
spective inputs to decision-making as the core elements of HAID.
These elements specify who makes decisions, what information
is provided in the process, and where the boundaries between
humans and AI are drawn. To situate these roles within decision-
making itself, we map them onto the 6-step decision-making pro-
cess model [354] (see Fig. 5). Beyond the process itself, we also
consider the broader environments in which decisions operate. To-
gether, these components form an architecture for understanding
how humans and AI operate in decision-making.

4.1 AI roles & inputs
We identify 8 AI roles from our corpus: advising, forecasting,

analyzing, explaining, executing, collaborating, auditing,
and monitoring. We group them into 3 categories based on their
primary functions: information-oriented roles that provide in-
formation, action-oriented roles that perform actions, and evaluation-
oriented roles that provide assessments. Individual works may in-
volve multiple roles (e.g., using multiple AI models or including
several experiments).

At a glance

While advising, forecasting, and executing roles
dominate, few works support all stages of decision-making.
Support for the final stage—and evaluation—is particularly
sparse. Different roles often overlap, and much literature
treats AI as a monolithic entity that may aid in unspecified
stages of decision-making. This vagueness makes evalua-
tion both difficult and ambiguous: a tool assessed as “de-
cision support” (implying advising) may provide only
forecasts, appearing ineffective when measured against
misplaced expectations. While broader institutional mech-
anisms exist (e.g., policy), individual and operational

decision-makers often lack support to understand the con-
sequences of their choices.

Information-oriented roles:
These roles provide information on decision alternatives, differing
in information type and contribution to the final choice, while
humans ultimately retain responsibility for the final decision.
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Advising (N = 1,000). An
advising role gives strate-
gic guidance for generating
and evaluating alternatives.
This role assumes that AI
can access broader informa-
tion, offer domain-specific
or complementary exper-
tise (e.g., models trained on
hundreds of cases vs. clin-
icians with limited experi-
ence [155, 319, 617]), or reduce certain human bias [193, 268, 341,
434]. Advising often co-occurs with forecasting [5, 301, 484, 519,
578], analyzing [63, 125, 160, 225, 607], or explaining [27, 104,
153, 252, 273, 424, 449, 463, 475, 558] when framed as predictions,
structured analyses, or are accompanied by explanations.

AI input. This role provides prescriptive input for decision alter-
natives (e.g., suggestions, options, or preferences). Common forms
include recommendations [180, 485, 617] in medicine [155, 186,
308], finance [21, 157], transportation [368], and employment
[434]. Advisory inputs may also appear as suggestions in data la-
beling [123] or as second opinions for comparison with human
judgment [348]. They can incorporate delegation or deferral mech-
anisms assigning responsibility to humans [367, 431], or tailor to
individual preferences or specific contexts [76, 362, 368].

Forecasting (526). Unlike prescriptive roles, forecasting pro-
vides expectations about future states without necessarily con-
necting to specific decision alternatives. Forecasting frequently
accompanies advising or executing roles [65, 95, 464, 611].
Some research may not state how forecasts integrate into decision
processes [634]. In these instances, forecasts alone may support
problem identification by indicating what might happen [354].

AI input. This role inputs predictive information about future
outcomes or states without prescribing an action. Common forms in-
clude classifications, such as detecting tumors from skin lesions [208],
risk estimations [6], and predictions of treatment outcomes or dis-
ease trajectories [382, 564, 600]. Uncertainty emerges as a recurring
theme in forecasting roles [198, 439], which we discuss as a cross-
role input at the end of this subsection.

Analyzing (465). An analyzing role transforms complex infor-
mation into digestible formats. It can serve most decision-making
stages by providing information about problems, alternatives, and
outcomes. Examples include synthesizing documents into reports
or tables [110, 157, 384], performing data analysis [228, 446], iden-
tifying patterns or features (e.g., in medical images [58, 156]), and
processing ICU streaming data [386]).

AI input. Analyzing shares similarities with forecasting in pro-
viding information not directly tied to decision alternatives, but
focuses on historical or present states. Inputs can be textual or
visual. A representative example is document synthesis that ex-
tracts and organizes key points [110, 157, 384, 524]. Examples also
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include pattern identifications and feature extractions [275], of-
ten presented through visual analytical interfaces to help users
detect abnormalities, compare alternatives, or interrogate model
outputs [58, 275, 341]. Analyzing can also be embedded in collabo-
rative contexts to support qualitative coding workflows [166].

Explaining (341). An explaining role produces interpretive in-
formation about mechanisms, system behaviors, or rationales to
support evaluating alternatives or decision outcomes [354]. Ex-
plaining typically does not operate independently but generates
explanations for another AI role (e.g., advising [55, 398, 569, 626],

forecasting [235, 457], and collaborating [619]). Their explana-
tions may calibrate trust [594], support accountability [642], and en-
able contestability [516]. For example, saliency maps can highlight
features influencing medical diagnoses [267], while counterfactuals
can clarify loan denials [72] or reveal model biases [192].

AI input. This role provides justifications or rationales [181] in
diverse forms: visual (e.g., feature visualizations [267]), textual [567,
619], and interactive [321, 338]. Explanations may follow feature-
or example-based approaches, or both [320, 568]. Other forms show
alternative outcomes through counterfactual or what-if explana-
tions [89, 109, 511], or provide contrastive and causal explanations
that clarify why one result occurred over another [72, 89, 545, 573].
They can be local or global [398], concise or detailed [143, 597],
generic or personalized [44, 478, 480], reflecting different design
trade-offs. We direct readers to focused surveys [113, 183, 473] for
comprehensive coverage.
Action-oriented roles:
These two roles can take actions and make decisions autonomously
or collaboratively, shifting responsibility between humans and AI
systems.
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Executing (512). An ex-
ecuting role replaces hu-
mans and directly makes de-
cisions, typically after ex-
plicit or implicit delegation
from humans [85, 496, 609].
It assumes that AI has or
will achieve decisive advan-
tages over humans, produc-
ing comparable decisions faster, at larger scales, with fewer re-
sources (e.g., screening job applications [96], operating autonomous
vehicles [325], allocating resources [633]), or by delivering better
outcomes (e.g., higher accuracy in cancer diagnostics [317]). Such
systems often embed human values or approximate human rea-
soning to maintain alignment with intended objectives [219, 615].
It targets the final decision-making stages—choosing and imple-
menting an alternative [354], thereby shifting responsibility from
humans to AI [292].

AI input. The input here is the decision or action. The AI system
takes available information and directly acts or chooses an alter-
native [246]. Humans remain responsible for defining objectives,
curating data, and reflecting on the consequences of outcomes,
aligning with our definition of HAID (see Sec. 1.1).

Collaborating (177). A collaborating role works with humans
as a partner in dynamic, interactive processes. Unlike roles with

one-off communication, this role assumes sustained engagement,
where neither human nor AI is sufficient alone [232, 260, 315, 427,
617]. Collaborating can span multiple decision-making stages [397],
where humans and AI share agency in choosing and implementing
alternatives [281], while jointly learning from outcomes to improve
future decisions [239, 472]. Such systems appear as advising

roles [616], teammates [239, 612], agents/copilots [472, 585], chat-
bots [527, 554], or hybrid juries [421].

�������������������

������������

��������������

���������

��������������

������

�������


������������

����

�������


��������������

�����������������������
�����
���������������


����	�������

���������

��������������������

����������

��������������������

��������

���������������

���������

����
�����

���������

���������������

AI input. Collaborating sys-
tems provide continuous,
adaptive input throughout
the decision-making pro-
cess, adjusting contribu-
tions based on ongoing in-
teractions. Common forms
include adaptive instruc-
tion responding to user be-
havior [632] and contextual
decision suggestions [612].
They may provide systematic cues such as confidence scores [397]
and power-sharing signals showing human contributions to
decision-making [421]. Increasingly, collaborative inputs use di-
alogic forms [538] or act as coequal team members in voting sce-
narios [223, 421, 636], sometimes employing repair strategies (e.g.,
apologies) to maintain or restore trust [427].
Evaluation-oriented roles:
These roles provide assessment of other AI systems or decision-
making processes, differing in the aspects they evaluate.
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Auditing (68). An au-

diting role conducts system-
atic inspection of systems
or outcomes against estab-
lished rules, ethical prin-
ciples, and fairness stan-
dards [116]. It focuses on
evaluation against norma-
tive criteria, while monitoring

emphasizes continuous ob-
servation. This role aligns most closely with the stage of evaluat-
ing decision effectiveness, ensuring that decision outcomes meet
broader societal expectations [106, 182, 425]. Rather than providing
direct decision support, auditing functions as an accountability
mechanism for other roles.

AI input. Auditing provides assessments of decision outcomes
and processes to guide future decisions. These inputs manifest as
fairness and bias evaluations, including disparity analyses across
demographic subgroups [56], and certification signals that indicate
compliance with auditing standards [471]. Auditing may employ
counterfactual or causal probes to evaluate whether data processing
or expert actions satisfy real-world requirements [43, 79].

Monitoring (55). A monitoring role continuously observes the
states of another system [428] or decision outcomes [176, 307],
aligning with the final stage of evaluating decision effectiveness.

AI input. This role delivers ongoing assessment of system per-
formance or decision quality. Inputs can be continuous signals
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(e.g., data streams in patient monitoring [352]), or performance
metrics evaluating worker decision quality [175]. They can serve
as a precursor for auditing to evaluate fairness and bias across
deployment pipelines [374].
Cross-role input: Cues and framing: Systematic and heuristic
cues (e.g., disclaimers or identity) can influence decisions [227, 462].
Uncertainty: Many works provide explicit textual or visual infor-
mation about confidence, errors, or risks to help humans weigh
alternatives [67, 145, 439]; while being increasingly discussed, we
refer readers to focused surveys [29, 40, 572]. Explanations also
span across advising and executing roles by mediating human
understanding.

4.2 Human roles & inputs
We extract 6 human roles: decision-maker, decision-subject,

knowledge provider, guardian, stakeholder, and
</>
developer.

They situate in the broader HAID ecosystem and may not attach to
specific decision-making stages.

At a glance

Humans remain the primary decision-makers across all
decision-making stages. Their cognitive-affective traits
(e.g., attention, biases, trust) shape their understanding
of AI outputs and their delegation of autonomy to AI.

Decision-subjects bear their consequences, typically with
limited control over the process. Knowledge providers

and
</>
developers train AI with their data and expertise,

guardians set governance boundaries, stakeholders

represent broader societal interests; they influence rather
than directly participate in decisions.

Decision-makers (N = 1,315). Humans remain the primary de-
cision makers. Often, humans engage with AI to support or guide
their choices (e.g., advising); in collaborative settings, they may
act as one among several decision-makers (e.g., collaborating). At
times, they delegate authority to AI (e.g., executing) and become
indirect decision-makers [350]. Across these cases, human decision-
makers are assumed to traverse all stages of the decision-making
process and to retain at least partial responsibility for outcomes,
even when decisions are made by AI.

Input: cognitive-affective traits. Human decision-makers bring cog-
nitive characteristics, emotional states, and individual capacities
to bear on decision-making. Implicitly, these traits shape how peo-
ple attend to, interpret, and decide upon AI outputs—for example,
through their attention in the process [397], self-confidence [93],
language proficiency [434], prior knowledge and experience [170,
203, 218, 470], intuition [82, 163], strategies [179, 412], economic
beliefs [147], hidden biases (e.g., anchoring [411, 448]), or vulner-
abilities [274]. Trust is a recurring trait, influencing whether hu-
mans rely on, contest, or calibrate their use of AI [23, 280, 589];
we refer readers to focused surveys on trust for comprehensive
coverage [215]. These traits can be explicit inputs to AI, as in
specifying preferred models [487], or personalizing recommenda-
tions [248, 250] to guide responses.

Input: delegation. Humans also determine how much autonomy
to grant AI, which can shift across stages and tasks [237, 350].
Delegation may be specific to certain decisions while retaining
control over strategic or ideologically charged ones [324], and can
be adjusted based on user experience and expertise [216, 274]. How-
ever, delegation can be driven by motivations such as responsibility
avoidance [161] or the desire to offload unpleasant choices [65].

Decision-subjects (566). Decision-subjects are individuals or
groups on whom decisions are made and who are directly affected
by decision outcomes. They are often underemphasized in the lit-
erature, and foregrounding them is important in order to account
for the consequences of decisions. They may be the decision-
makers themselves in individual contexts. In operational and
organizational contexts, decision-subjects include patients in

clinical diagnoses [88, 114, 171, 207, 512, 536, 602, 628], loan or job
applicants [174, 240, 418], and defendants or inmates in the justice
system [135, 307]. More broadly, they can include citizens whose op-
portunities and rights are impacted by institutional decisions [520].
As recipients of decisions, subjects typically have little control over
the process unless they are also decision-makers. Yet, their feedback
and experiences can shape decision-making indirectly, mediated
through

</>
developers, guardians, or decision-makers who ad-

just AI systems or decision-making practices [504].

Knowledge providers (460). Knowledge providers supply data,
expertise, or judgment that train and validate AI systems for decision-
making. They may be domain experts (e.g., clinicians [26, 59, 98,
206, 272, 460, 539, 599] or legal professionals [284]), annotators,
survey and experiment participants, or crowd workers [409]. Their
contributions are often partial or imperfect [597], seeding model
errors and uncertainty. Human cognition and biological mecha-
nisms are also a source of inspiration for new model designs [41,
256, 327, 347], while human data serve as benchmarks for system
performance [115, 197, 282, 608]. Knowledge providers can influ-

ence HAID through the AI systems trained, but often don’t provide
direct input (see Sec. 5.2 below).

Guardians (250). Guardians are individuals or institutions that
establish rules, policies, and ethical guardrails for AI systems and
decision-making processes. They include regulators [48, 291], poli-
cymakers [184, 291], and governments [437], ethicists and philoso-
phers [142, 245], and research ethics committees [374]. Legal actors
such as judges [69], courts [291], and parole boards [36], also act
as guardians. Input: Guardians provide governance and oversight
to distribute control over HAID, including setting guidelines [548]
and monitoring systems [494].

Stakeholders (148). HAID also affects communities [288], cit-
izens [561], company shareholders [490], vulnerable groups [226],
and society at large [60, 546]. While these stakeholders typically
do not provide direct input, their interests and concerns can in-

fluence the situational, cultural, and professional norms around
decision-makers, subsequently incorporated into the decision-

making process (see Sec. 5.2 below).

</>
Developers (124). AI researchers and engineers design, build,

and maintain AI systems [154]. They typically do not participate
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Figure 5: Position AI and human roles: decision-makers
span all stages, AI roles often serve on specific stages, and a
few human roles are outside the process.

directly in decision-making, but their design choices affect sys-
tem reliability and performance, thereby influencing both the pro-
cess and outcomes. Developers may collaborate with decision-

makers [414, 614], stakeholders [81], knowledge providers [31,
410], and guardians [355, 408, 537, 596] to create and refine the
systems, making them partially accountable.

4.3 Decision environment
The environments where humans and AI meet can shape how infor-
mation is exchanged and presented, how humans perceive AI sys-
tems, and how human cognitive and affective traits come into play.
Modality. These range from textual [17, 314] and visual displays [267,
314, 440] to auditory [367] and 3D immersive formats [405, 535],
and from conversational interfaces [91, 202] to interactive or semi-
autonomous systems [196, 333]. In some cases, the environment is
embodied in physical, wearable devices [227, 405, 609].
Decision context. Situational constraints, cultural factors, and
social influences can shape decision-making. These factors may
concord with existing information, such as group consensus [465],
shared team information [204], peer-derived knowledge (e.g., clin-
ical prescriptions from colleagues [395]), or peer recommenda-
tions [462]. They may also discord, as in conflicting peer review
opinions [348], disruptive group behaviors [118], or structural chal-
lenges (e.g., workforce shortages [203]). Other overarching con-
straints further shape outcomes, including temporal pressures [404,
526], economic considerations [199, 404], and trade-offs between
competing priorities (e.g., long-term outcomes vs. frequency [258]).

5 Consequences of HAID
While roles and their inputs define the architecture of HAID, the
consequences of human–AI interactions in decision-making extend
beyond immediate outcomes to shape human capabilities and sys-
tem behaviors over time. To capture these dynamics, we examine
the reciprocal influence that humans and AI exert on each other
(see Fig. 6).

5.1 AI influence on humans
We observe 6 AI influences on decision-makers and the broader
community. While some influences may be predicted from the
HAID architecture, we focus on empirical effects observed in the
surveyed papers.
Changing cognitive-affective states (N = 390). While cognitive-
affective factors are preconditions to decision-making, they are also
consequences of human–AI interactions.
Trust (291). remains central, closely tied to reliance. Trust operates
as both a human input and a quality shaped by interaction with
AI. It may be behavioral (reflected in actions like accepting AI ad-
vice [261, 571]), cognitive (based on reasoning [61]), or affective
(linked to confidence or comfort [61, 349]). Well-designed explana-
tions and interfaces can foster and calibrate trust [51, 55, 74, 195,
202, 321, 486, 501, 547, 571, 594], though they may lead to over-trust
and misplaced reliance [51, 283, 314, 388]. Situational factors, such
as framing and perceived accuracy, further complicate these dynam-
ics [426]. Other manifestations include algorithm aversion [35, 180]
or inflated faith in AI capabilities [261]. For a fuller account, see
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dedicated surveys on trust [215, 553, 583].
Cognitive demands (201). This aspect concerns mental effort and
user engagement in decision-making. Information from AI may
increase cognitive load, especially when complex or overwhelm-
ing [4, 11, 151, 580, 617]. Example-based explanations may improve
decision accuracy, but impose mental effort on users unfamiliar
with technical details [151]. Conversely, AI can reduce cognitive
load by translating complex information into digestible formats
(e.g., analyzing role) [264, 275]. Explaining roles can improve
user understanding of AI outputs [568], yet cause confusion or
misinterpretation when outputs are incorrect, random, or unneces-
sarily complex [267, 493, 579]. Similarly, user engagement can be
shaped by task and interface designs [322].
Affective or perceptual responses (187). AI can influence users’ feel-
ings, attitudes, emotions, and subjective perceptions in decision-
making. It may boost confidence [366, 474, 477], as explanations
can shift users’ trust calibration and confidence [474, 359]. Yet
confidence can drop [239, 531] when users are outvoted by AI team-
mates [239]. Satisfaction shows similar patterns. Some studies report
higher satisfaction [367, 498, 517, 562], while others find reduced
satisfaction when users feel misunderstood by AI [189]. Negative
emotions also emerge: AI in cancer screening has been linked to
heightened patient anxiety [403] and unnecessary information may
harm well-being [32].
Altering decision outcomes (386). AI roles like advising and

explaining target improving decision quality and outcomes, with
many surveyed papers demonstrating success. AI involvement can
enhance accuracy while reducing errors [74, 103, 159, 224, 302, 587],
improve response speed and rates [62, 506], and achieve comple-
mentary human-AI performance [314, 465, 472]. A meta-analysis
of human–AI collaboration [542] shows that AI often augments de-
cision quality compared to humans alone, though human–AI teams
may underperform AI operating independently. However, AI can di-
minish decision quality when providing incorrect advice [163, 249].
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Figure 6: Summary of human andAI influences on each other:
5 AI influences and 3 human influences.

Shaping ethical norms (81). The use of AI in decision-making
inevitably raises questions about equity, moral guidance, and pri-
vacy. Studies show AI can help reduce existing bias (e.g., gender)
in hiring and other judgments [172, 205, 268, 436]. Yet AI systems
also risk reproducing or amplifying existing biases [192, 365], or
leading people to accept unethical advice when framed as objective
or data-driven [589]. Such outcomes depend heavily on system ar-
chitecture and design choices [90, 504]. Privacy concerns also loom
large: systems that use sensitive data for profiling or prediction
(e.g., credit scoring, healthcare) can erode personal control [429].
Restricting human agency (60). Surveyed papers reveal a ten-
sion between AI roles and human agency. Automation can reduce
autonomy and dispossess agency [9, 284, 377, 431, 521]: in manu-
facturing training, full automation diminished workers’ perceived
autonomy, whereas partial automation maintained engagement
and agency [431]. Conversely, interactive or adaptive designs can
increase decision control [85], as group decision interfaces enable
participants to negotiate and maintain influence over outcomes,
improving their sense of agency [592].
Shifting responsibility (31). AI involvement can alter responsi-
bility attribution for decisions and outcomes. People often redis-
tribute or diffuse responsibility: joint decision-making with AI
can reduce the extent to which humans are faulted [494]. Con-
versely, algorithmic systems may obscure accountability, leaving it
unclear who should be held responsible when errors occur, or harm
is caused [377, 589]. Yet design interventions, such as interface
choices, can heighten perceived accountability [7].

5.2 Human influence on AI
Beyond serving as direct input in decision-making, human roles
also influence AI systems. Compared to AI influence on humans,
human influence on AI is less documented.
Updating AI competence (N = 141). Although

</>
developers and

knowledge providers do not directly participate in HAID, they
shape it through the competence of AI systems they build.

</>
Developers’

design choices, priorities, and implementation strategies determine
whether AI systems support or undermine decision-making [34].
Many surveyed papers propose design strategies to improve AI com-
petence [412]. Knowledge providers—domain specialists, annota-
tors, experiment participants, and crowd workers—contribute data
and expertise underpinning AI systems. These contributions range
from expert judgments and decisions [54, 284, 316, 450] to large-
scale labels and ratings [627], complemented by contextual and
qualitative resources such as documentation and case records [337].
Changing AI responses through feedback (108). Human users
(often decision-makers) can directly shape or adjust AI outputs
through clarifying, refining, correcting, or evaluating feedback. For
example, reinforcement learning algorithms can learn from human
feedback [502], clarification or confirmation can resolve uncer-
tainty in generative AI responses [522], blind and low-vision users
can query systems to refine AI-generated image descriptions [487],
and binary positive or negative feedback can improve reinforce-
ment learning efficiency [615]. Human experts may also directly
correct AI-generated assignments or forecasts prior to decision-
making [233, 271].
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Shaping AI for accountability (56). Stakeholders and guardians

can influence AI systems by enforcing norms, constraints, and over-
sight into their design, thereby enhancing accountability beyond
guiding decision-making itself. This includes creating evaluation
protocols [429] and responding to regulatory pressure to avoid
protected characteristics in sensitive domains [550] and addressing
legal considerations [265]. However, critical perspectives also warn
against moral scapegoating, such as assigning responsibility to AI
to shield human or institutional actors from accountability [494].

Knowledge providers may also contribute to moral, ethical, and
social norms [277, 550].

6 Related Work: Surveys of HAID
Before turning to our discussion, we review related surveys to
help situate our contributions, as several prior surveys have also
addressed HAID directly.

The most relevant is by Lai et al. [300], who surveyed 7 confer-
ences and collected 74 papers between 2018–2021. Their review
focused on human-subjects experiments, categorizing decision do-
mains, information provided, and evaluation metrics, while advocat-
ing for a decision space. We are inspired by their methodology but
cover significantly broader ground, moving beyond human-subjects
experiments (expanding, for instance, from 5 to 13 domains). Some
issues they identified—such as limited exploration of design spaces
and narrow decision tasks—have been at least partially addressed by
our work, while others persist, notably the lack of benchmark data.

Two other highly relevant surveys evaluated trust in automated
systems [553] and trust calibration [583]. While trust emerges as
a central theme in our corpus, our review spans a broader land-
scape beyond trust considerations alone. Similarly, Salimzadeh et al.
emphasized task complexity in HAID [466], and Vaccaro et al. con-
ducted a meta-analysis on human–AI decision performance [542].
Within XAI-assisted decision-making, Bertrand et al. reviewed cog-
nitive biases [38], and Schemmer et al. provided a comprehensive
meta-analysis [473]. They represent valuable but more scoped ef-
forts.

A much larger body of domain-focused surveys also exists. For
instance, Hassan et al. surveyed patients’ perceptions of AI decision-
aids used for screening, prevention, prognosis, and treatment [214],
while others reviewed machine learning for clinical decision sup-
port [53, 305, 433, 533, 549, 637]. Additional surveys touch on HAID
within broader reviews [12, 40, 122, 146, 149, 278, 383, 451, 456].
These surveys illustrate both breadth and fragmentation. Our con-
tribution lies in integrating general and domain-specific works to
provide a broader and more coherent picture of HAID.

7 Discussion: Frontiers of HAID
We synthesize our findings to outline key research gaps and path-
ways for future work, organized around four perspectives: (1) build-
ing coherent foundations, (2) positioning the roles of humans and
AI, (3) accounting for changes over time, and (4) breaking down
research community silos. We close by reflecting on our systematic
review process.

7.1 Building coherent foundations
One primary challenge for us is the comparability of the literature.
The issues arise from both a lack of uniform terminology and
unclear boundaries around what constitutes HAID—including fun-
damental questions about what human–AI decision-making means
and where the line lies between HAID and what is not. For example,
our advising role appears variously as “AI-assisted” [331, 332],
“AI-aided”[20], “AI-augmented” [503], “AI-powered”[559], among
others like “AI-mediated” [143] and “AI-induced” [620]. These terms
signal some degree of AI involvement but rarely clarify assump-
tions about AI competence or expected human compliance, leaving
critical questions unanswered: which decision stages involve AI?
How do humans and AI interact? Even identical terms like “AI-
assisted decision(-making)” carry different interpretations. While
such inconsistency is expected for a new field drawing from dif-
ferent domains, it makes synthesizing knowledge about HAID par-
ticularly challenging. Our definition in Sec. 1.1 attempts to bring
conceptual clarity to this field by articulating required parties and
their contributions, clarifying who is involved and how their in-
puts enter the decision-making process. Our role taxonomy (Sec. 4)
operationalizes this by classifying the specific functions AI and
humans perform across decision stages. Together, these elements
articulate (some) assumptions masked by terms like “AI-assisted”
or “AI-augmented.”

Similarly, we find minimal supporting Common Task Frame-
works (CTF) [222]—community efforts to solve the same task with
shared data and metrics—in the context of HAID, whether as bench-
mark datasets or standardized evaluation tasks. While criticized
for encouraging incremental research and introducing shared bi-
ases [518], CTF enables comparative baselines and building cumula-
tive knowledge. These same issues were noted in Lai et al.’s survey
covering 2018–2021 [300]. Despite covering three additional years
of research, we identified few advances (see Sec. 3.1 dataset con-

tributions). New and human-centered benchmark datasets remain
scarce. While defining standardized human tasks across domains
is inherently difficult, we contend that HCI has successfully estab-
lished common evaluation paradigms, such as those used in Fitts’
Law [360] or visualization perception [101].

Suggestion 1. We call for the development of common deci-
sion tasks, reporting standards, and comparative benchmarks
to systematically and reliably assess HAID research. Possible con-
crete tasks include establishing domain-specific benchmark datasets
with standardized protocols (e.g., diagnostic reasoning steps) and
defining minimal reporting metrics (e.g., confidence, reliance); our
corpus and survey provide a rich source for both (Secs. 3.2 and 5).
While task diversity across disciplines is real, shared mechanisms

based on cognitive processes rather than domain expertise allow
cross-domain benchmarks or tasks. Our use of 4 decision levels
and the 6-step process model offers one organizing structure. Be-
havioral science provides additional foundations: frameworks for
uncertainty [534], multi-stage [555], and sequential decisions [495]
can be adapted as common task paradigms, much as Fitts’ Law
standardized tasks.
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7.2 Positioning human and AI
Most works we surveyed emphasize only one or two human roles—
for example, decision-makers in human-subjects studies (and in al-
gorithmicworks, even decision-makerswere absent), or guardians

in accountability discussions. Current evaluationmethods maymiss
interactions between different human roles; little work has advo-
cated for dynamics between decision-subjects and decision-

makers [265]. Suggestion 2. Meaningful progress in the field re-
quires considering the ecosystem: decision-subjects,

</>
developers,

stakeholders, guardians, and knowledge providers. While
it is not realistic for a single study to account for every role, re-
searchers can broaden their perspective—for example, inviting hu-
man decision-makers to reflect on decision-subjects’ perspectives,
or coordinating with

</>
developers in user studies.

Suggestion 3. Futureworks could explicitly articulate the un-
derlying assumptions about AI competence and examine these
assumptions. Concretely, research could specify AI roles (e.g.,

advising) or the targeted stage(s) of decision-making (e.g., choos-
ing an alternative), evaluate whether decision-makers’ perceptions
align, and report these design choices as metadata in publications.
Such claritywill enable comparing results across studies, diagnosing
why AI support succeeds or fails, and building cumulative knowl-
edge. While our taxonomy offers an example of operationalization,
alternative frameworks include considering the information gain in
decision tasks to reduce task ambiguity [200, 201, 244]. In system or
artifact development, researchers might further explicitly document
whether a system supports the entire decision-making process or
specific stages, and if the latter, how to connect with other stages.

7.3 Accounting for changes over time
We also feel dynamics in HAID warrant more attention. Similar
concerns have been raised in recent surveys, such as critiques of
focus on decision trials [300] or calls for adaptive strategies of trust
calibration [583].

Suggestion 4. We should attend to the evolving nature of hu-
man and AI systems. Among surveyed papers, we find a striking
scarcity: only about 15 reported adaptive AI (e.g., [24, 247, 408, 461])
and about 10 examined human adaptation (e.g., [49, 165, 408])—so
few that these dimensions, originally planned for systematic ex-
traction, yielded insufficient data for meaningful analysis. This is
concerning because humans naturally reflect on their prior deci-
sions and adapt strategies over time. For example, humans learn to
write more effective prompts after seeing LLM outputs, while LLMs
may adjust based on those prompts. This mutual adaptation makes
it problematic to assume static cognitive or affective traits. Simul-
taneously, the development of adaptive AI systems is accelerating.
Systems that adjust to user behavior, context, or goals become com-
mon, yet few user studies evaluate them realistically. While HCI
researchers themselves need time to learn and experiment with
newer systems, this lag means our understanding trails current
technological capabilities. We therefore advocate for research in-
vestigating decision-making with dynamic or adaptive behaviors,
such as longitudinal studies tracking decision quality and strategy
shifts, and evaluation frameworks measuring co-adaptation. For
example, quantifying the evolving competence gap between human
and AI or measuring changes in AI literacy over time.

Suggestion 5. Human influence onAI systems deservesmore
attention. We found only three types of such influence (see Sec. 5.2).
Even when AI appears to have executing roles, this autonomy
typically stems from human delegation. Yet as AI research advances,
the assumption of humans maintaining full control over system
behavior is increasingly challenged. Recent discussions around
LLM jailbreaks [576], safety training failures [576], and misalign-
ment [39] highlight this tension. In the context of HAID, under-
standing the mechanisms and limits of human influence remains
underexplored, representing an opportunity for HCI researchers to
contribute, and example studies include empirical research docu-
menting control failure modes and metrics of controllability across
standardized tasks.

7.4 Breaking down research community silos
Despite shared interests, research on HAID remains fragmented
across disciplinary boundaries, with HCI, AI, and domain-specific
communities at times pursuing parallel questions in isolation. This
fragmentation appears in three ways.

Decision tasks within the same domains are highly similar.
The same databases contain highly similar papers addressing similar
problems with similar framings: IEEE publications cluster around
autonomous driving, while Elsevier and Springer Nature almost
exclusively target medical Decision Support Systems or algorithmic
diagnosis. ACM venues center on user studies of explanation and
trust alongside fairness and ethical frameworks. While this concen-
tration is understandable—conferences and journals define their
scope, and researchers from the same domain share interests and
build upon each other’s work—the resulting work can appear overly
similar, at times incremental, and in some cases indistinguishable.
This insularity proves disciplinary silos that foster local depth but
risk narrowing inquiry.

Cross-domain connections remain limited despite comple-
mentary strengths. AI/ML domains contribute theoretical foun-
dations, algorithmic support, and generalizable frameworks [167,
251, 350]; medical and healthcare domains offer specialized datasets
and access to professionals [312, 497, 544]; HCI provides rigorous
user-centered methods and empirical knowledge; law and psychol-
ogy contribute philosophical and normative discussions [284, 353,
629]. Despite promising connections [248, 621], these domains still
largely operate in isolation. HCI researchers may lament the ab-
sence of generalizable frameworks that exist in AI/ML [300], while
medical researchers may struggle with evaluation methods devel-
oped in HCI. This fragmentation is compounded by publication
practices: domain-specific expectations make interdisciplinary re-
search difficult to publish in a single domain.

Survey work often reinforces rather than bridges domain
isolation. Researchers who review and synthesize a field remain
within their familiar venues. Several previous surveys focus exclu-
sively on ACM conferences [300, 553, 583], while others draw only
from domain-specific databases (e.g., PubMed [242], Medline [42]).
While cross-domain surveys require substantial effort and risk re-
jection from disciplinary venues that may find such breadth unfo-
cused, we feel that this practice perpetuates the very fragmentation
it should help address.
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Suggestion 6. Individual researchers and groups can seek col-
laborators outside their disciplinary communities and include liter-
ature from other domains. While structural solutions at the level
of publishing or funding require broad institutional coordination,
smaller initiatives can offer immediate possibilities: cross-conference
workshops, interdisciplinary seminars, and shared reading groups
could build bridges across fields incrementally. These grassroots
efforts may ultimately lead to institutional changes.

7.5 The role of this work
Our work takes a step toward addressing the challenges outlined
above. We connect previously fragmented fields of HAID by survey-
ing across 20 databases and publishers, unifying them under shared
taxonomies. While we do not claim comprehensive coverage of this
rapidly evolving field, we demonstrate the feasibility of cross-field
synthesis and showcase a method for conducting a cross-domain
survey while remaining thematically focused. We hope this serves
multiple audiences who are interested in this field: providing begin-
ner researchers a broad map of possibilities, encouraging junior
researchers to explore emerging frontiers, and inspiring senior
researchers to reflect on the field.

Our corpus and synthesis also open new directions. First, re-
searchers can surface new research questions by viewing how dif-
ferent fields approach HAID, discovering untested assumptions or
overlooked variables. Second, we identify many important factors
(e.g., agency, affective factors) that merit deeper research; while
meta-analyses of each were beyond our scope, our corpus provides
a resource for relevant papers. Finally, our work maps out deci-
sion tasks within a particular domain and across domains, creating
opportunities for new theories of HAID and policy development.

7.6 Reflection
Looking back, we acknowledge that our work is not without lim-
itations. Given our bandwidth, we did not include arXiv papers
or the most recent 2025 publications, though new work contin-
ues to emerge [201, 244]. We adopted one decision-making pro-
cess model, but recognize that people sometimes rely on heuris-
tics [178], bounded rationality [257], or domain-specific decision
frameworks [124] that our model may not fully capture. Future
work may benefit from comparing findings across multiple theo-
retical lenses, such as dual-process theory [148] and naturalistic
decision-making [645].

We also reflect on methodological lessons learned. We combined
LLM-based venue selection, SVM classification, LLM-assisted cod-
ing, and custom annotation interfaces. In hindsight, this pipeline
reveals both affordances and constraints. LLM-based venue selec-
tion reduces uncertainty as our authors lack comprehensive venue
knowledge to reliably classify venues across disciplines, and the in-
cludedHCI and AI/ML venues generally alignwith our expectations.
The two-stage screening (Sec. 2.4) was adopted to address limita-
tions from the second iteration, but proved less efficient than antici-
pated. A single-stage manual approach used in our validation would
demand comparable effort with fewer missed papers. Comparing
LLM outputs with our conventionally-coded subset, long contexts
(full-text analysis, long prompts) introduce drift, and LLMs generate
labels beyond the codebook. We informed subsequent coders about

these biases and required two rounds of verification, with final
codes determined through consensus among human coders. This
approach helps bound bias within acceptablemargins for large-scale
analysis. While LLM-assisted coding shows promise, with only one
human coder, further exploration remains a task for future work.

Finally, we want to pause and ask: what constitutes HCI research
in an era of ubiquitous AI? As we stepped outside familiar venues
published within ACM to examine HAID across computer science,
medicine, law, and psychology, we encountered a wealth of liter-
ature and perspectives far beyond our initial expectations. This
breadth enabled us to assemble a more comprehensive picture of
human–AI decision-making—our landscape. Was this effort worth-
while? From our perspective, yes. We were at times overwhelmed,
but also rewarded and genuinely excited by the knowledge we
gained. This experience reminds us not to approach research with
presumptions about what we might find, but rather with openness.
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A Model Details
A.1 Initial Exploration (original results)
In Sec. 2.4, we ran the first batch ofmodels whenwemanually screened 17,690 records (44.58% of our corpus).We evaluated fivemachine learn-
ing approaches common for classifying short text.We used TF-IDF vectorization (models 1–3) or neural embeddings (models 4–5) to represent
textual content. The corresponding script is included in our supplementary materials (Analysis/3-label-prediction (Colab).pdf).
(1) Support Vector Machine (SVM): A linear classifier that finds the optimal boundary separating relevant from irrelevant papers by

maximizing the margin between categories in high-dimensional text feature space. We use kernel=‘linear’, probability=True,
and other hyperparameters are the default of sklearn.svm.SVC.

(2) Random Forest: An ensemble method combining multiple decision trees, each trained on different subsets of the data, with predictions
determined through majority voting across trees. We use n_estimators=100, random_state=42, and other hyperparameters are set
to the default values of sklearn.ensemble.RandomForestClassifier.

(3) Logistic Regression: A probabilistic classifier based on the relationship between text features and classes. We use max_iter=1000,
random_state=42, and other hyper-parameters are the default of sklearn.linear_model.LogisticRegression.

(4) Long Short-Term Memory (LSTM): A recurrent neural network architecture processing text sequentially, learning contextual
representations through memory cells that selectively retain or discard information across word sequences. We used tensorflow, and
the model architecture is

Embedding(max_words, 128, input_length=max_len),
LSTM(64, dropout=0.2, recurrent_dropout=0.2),
Dense(len(y_unique), activation='softmax')

(5) BERT – A transformer-based language model pre-trained on large text corpora, fine-tuned on all existing labels to leverage
deep bidirectional representations of titles and abstracts for classification. We used the transformers package and the pretrained
bert-base-uncased.

The initial results are below in Tab. 1. For the first three models, we report performance based on 5-fold cross-validation, while we
report validation accuracy for the LSTM and BERT.
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Table 1: Performance of the five models in our initial exploration

Model 4 classes 2 classes
Accuracy ± SD F1 Macro ± SD Accuracy ± SD F1 Macro ± SD

SVM 0.7513 ± 0.0058 0.5035 ± 0.0043 0.7637 ± 0.0075 0.7617 ± 0.0080
Random Forest 0.7497 ± 0.0129 0.4988 ± 0.0107 0.7510 ± 0.0147 0.7525 ± 0.0179
Logistic Regression 0.7554 ± 0.0072 0.5055 ± 0.0052 0.7668 ± 0.0082 0.7632 ± 0.0087
LSTM 0.6938 0.4656 — —
BERT 0.6323 0.3953 — —

Given the performance gaps and the training difficulty of LSTM and BERT, we decided to track SVM, Random Forest, and Logistic
Regression. We also decided to train on four classes: Highly relevant, Moderately relevant, Slightly relevant, and Irrelevant, as these labels
provide more nuanced classification with lower uncertainty. If we convert 4 classes to 2 classes, it yields much better accuracy scores.

A.2 Performance Trend (retrospective results)
We show the performance of SVM, Random Forest, and Logistic Regression during the screening process in Fig. 7. We have to clarify that
these results are retrospective: we tracked the accuracy and training data but not the detailed results. So we retrained all models to
replicate the process. There are very small discrepancies, but the retrospective results are close enough to show the trends. For example,
on our last training process, the retrospective results are the same as the original results: 80.80% (accuracy), 40.34% (F1), and 83.86% (Soft
accuracy). The SVM has the best performance, a soft accuracy of 84.55%, when sample size is 13,848.

accuracy custom_accuracy_relevance f1_macro

6000 9000 12000 15000 6000 9000 12000 15000 6000 9000 12000 15000

0.3

0.4

0.5

0.6

0.7

0.8

n_samples

m
ea

n

model

logistic_regression

random_forest

svm_model

Retrospective results of performance over different sample sizes (mean and sd)

Figure 7: Our retrospective results of performance changes over time and different sample sizes. In the early stage, the
performance increases with more screening results; however, accuracies start to drop with F1 being stable. And the uncertainty
also reduces. So we think more screening results wouldn’t result in better performance.

At this point, the two authors contributed roughly the same number of labels. We decided to terminate the process when we saw the
accuracy scores start to decrease, and more screening by one author could bias the data towards their results.

A.3 The Terminating Performance (original results)
We show the terminating performance for Relevant (Highly, Moderately, Slightly) vs. Irrelevant, aggregated across the 5 folds in Tab. 2:
Table 2: Performance of the three models at the terminating point

Model Accuracy ± SD F1 Macro ± SD Soft Accuracy ± SD
SVM 0.8080 ± 0.0045 0.4034 ± 0.0064 0.8386 ± 0.0028
Random Forest 0.7812 ± 0.0018 0.3058 ± 0.0025 0.7870 ± 0.0015
Logistic Regression 0.8055 ± 0.0042 0.3966 ± 0.0042 0.8322 ± 0.0064

And the confusion matrices are in Tab. 3:

Table 3: Confusion matrices of Relevant (Highly, Moderately, Slightly) vs. Irrelevant

Model True Class Pred Relevant Pred Irrelevant

SVM Relevant 1,406 (9.67%) 2,081 (14.32%)
Irrelevant 265 (1.82%) 10,785 (74.19%)

Logistic Regression Relevant 1,256 (8.64%) 2,231 (15.35%)
Irrelevant 208 (1.43%) 10,842 (74.58%)

Random Forest Relevant 495 (3.40%) 3,031 (20.85%)
Irrelevant 39 (0.27%) 11,011 (75.74%)
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As false positives (i.e., Irrelevant misclassified as Relevant) could be detected in the subsequent screening stage, we want to minimize
false negatives (i.e., missing relevant papers). Therefore, SVM is the best-performing model, and we decide to apply it to the remaining
papers, with a 14.32% FN rate in mind.

A.4 The Per-Class Terminating Performance (original results)
We show the terminating performance for the per-class performance below, aggregated across the 5 folds in Tab. 4:

Table 4: Per-class performance of the three models at the terminating point

Model Class Precision Recall F1-Score

SVM

Highly 0.6108 0.5642 0.5866
Moderately 0 0 0
Slightly 0.3964 0.0740 0.1247
Irrelevant 0.8383 0.9760 0.9019

Random Forest

Highly 0.7244 0.2298 0.3489
Moderately 0 0 0
Slightly 0.3077 0.0027 0.0054
Irrelevant 0.7841 0.9965 0.8777

Logistic Regression

Highly 0.6385 0.5007 0.5612
Moderately 0 0 0
Slightly 0.3978 0.0754 0.1267
Irrelevant 0.8293 0.9812 0.8989

And the confusion matrices are in Tab. 5:

Table 5: Confusion matrices of different models (Columns: True Labels, Rows: Predictions)

Model True Class Pred Highly Pred Irrelevant Pred Moderately Pred Slightly

SVM

Highly 852 (5.86%) 587 (4.04%) 0 71 (0.48%)
Irrelevant 191 (1.31%) 10,785 (74.19%) 0 74 (0.51%)
Moderately 140 (0.96%) 343 (2.35%) 0 21 (0.14%)
Slightly 212 (1.46%) 1,151 (7.92%) 1 (0.007%) 109 (0.75%)

Random Forest

Highly 347 (2.39%) 1,158 (7.97%) 0 5 (0.034%)
Irrelevant 36 (0.25%) 11,011 (75.74%) 1 (0.007%) 2 (0.021%)
Moderately 45 (0.31%) 457 (3.14%) 0 2 (0.014%)
Slightly 51 (0.35%) 1,416 (9.74%) 2 (0.014%) 4 (0.028%)

Logistic Regression

Highly 756 (5.20%) 683 (4.70%) 1 (0.007%) 70 (0.48%)
Irrelevant 133 (0.91%) 10,842 (74.58%) 0 75 (0.51%)
Moderately 129 (0.89%) 352 (2.42%) 0 23 (0.16%)
Slightly 166 (1.14%) 1,196 (8.22%) 0 111 (0.76%)

Our takeaways are:
• SVM is the overall best-performing model, capturing more relevant papers.
• More than half of the FN errors (8% out of 14%) come from distinguishing ‘Slightly’ from ‘Irrelevant’—this was even difficult for us
(coders) to distinguish.

• One third of the FN errors (4% out of 14%) come from distinguishing ‘Highly’ from ‘Irrelevant’.
The FN rates are potentially concerning, but we can understand their impacts by looking at the remaining after the sequential screening

stage. Also, please note that trusting FN rates assumes that authors were randomly screening papers. This is not the case. Combining
these two reasons, we will try a different approach to understand the impact of errors in Appx C.

B Feature Analysis for the Final SVM
We also conduct a feature analysis to understand which textual features most influenced the SVM classification. Please see Figs. 8 and 9.

We aggregate each feature’s standardized coefficients across cross-validation folds, computing both means and standard deviations for the
“relevant” and “irrelevant” classes, as well as their difference.

Our takeaways: These coefficients suggest that the model behavior is largely aligned with our screening process: positive
coefficients tend to surface domain-relevant cues, while unexpected features (such as “participants” or “assisted”) can be traced back to
corpus artifacts rather than systematic errors. Overall, the feature importance is coherent with our expectations.
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Figure 8: Top 30 features contributing to the all Relevant (Highly, Moderately, Slightly) classes.Words like “decision”, “making”,
“healthcare” and “support” contribute positively, and this matches our intuition. The word “tree” contributes negatively
(papers mentioning “decision tree” satisfied searching criteria, but usually will be eliminated if there is no human decision).
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Figure 9: Top 30 features contributing to the Irrelevant class. Words like “decision” and “making” also contribute positively,
which also makes sense because many papers mentioning decision are HAID research (e.g., decision tree). The word “partici-
pants” is a surprise, but we look into the count of this word, and find many psychology papers mention the word, but don’t
satisfy other criteria. Similarly, for “assisted”, we found many network papers from IEEE contain this word, but they are not
HAID.

To complement this aggregate picture, we also generated per-paper visualizations: Figs. 10, 11, 12 and 13. For a small set of manually
reviewed examples, we highlighted each token in the abstract with a color corresponding to its coefficient-difference (= Relevant −
Irrelevant) coefficients. These heat-mapped abstracts illustrate how influential features appear in context. Blue means leaning toward any
“Relevant” class, while yellow means leaning toward the “Irrelevant” class. Darker colors mean a bigger absolute value of the coefficient.
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Figure 10: Coefficient difference of a false negative example: The SVM classifies as "Irrelevant" given many “energy” words,
but this is a relevant abstract as it builds an expert system with RL to help make decisions about reducing energy costs. Blue
means leaning toward any “Relevant” class, while yellowmeans leaning toward the “Irrelevant” class.

Figure 11: Coefficient difference of a Relevant example (correctly classified): this paper is about the perception of algorithmic
decision-making. Blue means leaning toward any “Relevant” class, while yellow means leaning toward the “Irrelevant” class.
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Figure 12: Coefficient difference of an Irrelevant example (correctly classified): This paper is about image processing algorithm
and the word “decision-making” is used as a term for an algorithmic process. Bluemeans leaning toward any “Relevant” class,
while yellowmeans leaning toward the “Irrelevant” class.

Figure 13: Coefficient difference for a false positive case. There seems to be an HAID process but they also use it merely as
motivation for their work. This is classified as “Relevant” but we think this doesn’t provide knowledge about HAID. Blue
means leaning toward any “Relevant” class, while yellowmeans leaning toward the “Irrelevant” class.
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Figure 14: Coefficient difference for a borderline/boundary case.We screened twice, but got different results. They contribute an
algorithm for a travel plan, which can be thought of as AI ’executing’ a decision, but the connection is weak. The SVM classified
this as “Relevant.” Bluemeans leaning toward any “Relevant” class, while yellowmeans leaning toward the “Irrelevant” class.

Figure 15: Coefficient difference for a borderline/boundary case. We screened twice, but got different results. They use patient
data to build models, and the connection to decision-making is weak and implicit. The SVM classified this as “Relevant.” Blue
means leaning toward any “Relevant” class, while yellowmeans leaning toward the “Irrelevant” class.
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C Robustness Analysis
The 14.32% FN rate in Iteration 2 does not indicate that we “lost” 1,388 papers (=14.32% * 9690). These predictions were applied only to

specific databases, and every flagged item subsequently went through an additional round of manual screening (Iteration 3; see Sec. 2.4).
Relying on an automated method for a part was reasonable:

(1) Elsevier, Springer Nature, and IEEE contain vast numbers of marginally relevant records (e.g., medical forecasting, autonomous
driving), and screening them exhaustively produced fewer new insights.

(2) After multiple rounds of discussion, several borderline cases from other databases/publishers remained genuinely hard to classify.
Rather than repeatedly revisiting the same items, we used the model to surface patterns and reduce noise, allowing us to use our
manual screening where human judgment was most needed.

(3) We also want to acknowledge a practical but important consideration: manual screening at this scale carries a non-trivial cognitive
load. After 10 weeks of intensive review, fatigue affects the consistency and reliability. Using an automated pass allowed us to
maintain coder well-being and ensure the quality of the final screening results.

We show a breakdown in Tab. 6. In practice, we prioritize other databases, especially ACM and all AI venues, but also screen at least 15%
of each database to ensure representativeness.
Table 6: Breakdowns of the abstract and title screening process

Database No AI Keywords Train Data SVM Predicted No abstract
(author screened) (author screened) (model output) (authors checked full texts)

Elsevier 1407 977 5753 63
IEEE 27 2386 2126 0
Springer Nature 9598 703 1682 43
ACM 7 1594 62 0
AAAI 0 1262 32 1
ACL 0 794 27 0
IJCAI 0 723 4 0
APA 1056 29 3 0
AMA 519 157 1 5
ACS 529 238 0 4
AISeL 3 355 0 17
ICLR 0 467 0 0
JSTOR 1884 83 0 58
MLR 0 287 0 0
NeurIPS 3 1512 0 0
PMLR 0 1437 0 0
Sage 16 215 0 3
Science 9 26 0 4
Taylor & Francis 22 320 0 2
Wiley 187 972 0 3

C.1 Estimate of Missing Papers
To estimate how many papers we might have unintentionally excluded, we took a stratified sample of 1,000 papers from the full set of 9,690
(stratified by database). Among these 1000 papers, 863 were classified as ‘Irrelevant’ and discarded, and 137 papers had been subsequently
screened by authors in the final screening stage. We then manually applied our final screening criteria to each sampled paper.

These 863 papers could provide an estimation of the impact of false negatives. Therefore, two primary coders (the same coders as before)
judged whether each paper qualifies as HAID research—that is, whether it examines AI used in a decision-making task originally carried
out by humans (final screening criteria). Each coder first worked on a subset, then checked the others’ decisions, and finally resolved any
remaining uncertain cases via offline discussion. The results are shown in Tab. 7 below.
Table 7: Comparison between the original corpus and the manually-screened subset for those 863 papers removed by the SVM

Included in the original corpus Included in manual screening N % Interpretation
No No 832 96.41% no impact
No Yes 31 3.59% missing from the corpus

for analyzing human & AI influence (full-text)

No No 858 99.42% no impact
No Yes 5 0.58% missing from the corpus

Using the outcomes of this manual screening, we estimated the number of papers likely missing from the final corpus. Concretely,
for all papers that were marked as ‘Irrelevant’ by the model (among 9690) , we can use the percentage numbers from our manual screening
to estimate how many papers we might have missed, shown in Tab. 8 and Tab. 9 below.These are just estimates. So we might have missed ∼304 papers (∼20%) from the final corpus, and ∼50 papers (∼10%) when analyzing
AI and human influences. Typically, qualitative analysis requires only 30% data to generate all codes, so this may influence our code
distribution but shouldn’t affect their coverage. We also coded the 31 miss-outs from the sample, and they are captured by the
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Table 8: Manual screening and miss-out estimates by database

From manually screening the 863 papers Estimation of missed papers

Database # in the sample Not include Include Rate SVM removed Est. final total Curr. total Diff
Elsevier 504 492 12 2.38% 4978 342 223 -119
IEEE 202 190 12 5.94% 2004 295 176 -119
ACM 5 5 0 0 58 295 295 0
Springer Nature 147 140 7 4.8% 1396 220 154 -66
AISeL 0 0 0 0 0 122 122 0
Taylor & Francis 0 0 0 0 0 72 72 0
AAAI 4 4 0 0 31 63 63 0
Wiley 0 0 0 0 0 60 60 0
IJCAI 0 0 0 0 4 54 54 0
NeurIPS 0 0 0 0 0 50 50 0
PMLR 0 0 0 0 0 50 50 0
ACL 1 1 0 0 23 49 49 0
Sage 0 0 0 0 0 30 30 0
ICLR 0 0 0 0 0 19 19 0
AMA 0 0 0 0 1 13 13 0
MLR 0 0 0 0 0 12 12 0
JSTOR 0 0 0 0 0 10 10 0
APA 0 0 0 0 3 7 7 0
ACS 0 0 0 0 0 5 5 0
Science 0 0 0 0 0 4 4 0

Table 9: Manual screening and miss-out estimates for full-text proportions

From manually screening the 836 papers Estimation of missed papers in full-texts

Database # in the sample Not include Include % SVM removed Est. final total Curr. total Diff
ACM 5 5 0 0 58 184 184 0
Elsevier 504 501 3 0.60% 4978 107 77 -30
AISeL 0 0 0 0 0 52 52 0
Springer Nature 147 147 0 0 1396 37 37 0
Taylor & Francis 0 0 0 0 0 29 29 0
IEEE 202 200 2 0.99% 2004 31 11 -20
ACL 1 1 0 0 23 5 5 0
Wiley 0 0 0 0 0 18 18 0
AAAI 4 4 0 0 31 15 15 0
IJCAI 0 0 0 0 4 13 13 0
Sage 0 0 0 0 0 9 9 0
NeurIPS 0 0 0 0 0 8 8 0
PMLR 0 0 0 0 0 6 6 0
MLR 0 0 0 0 0 4 4 0
AMA 0 0 0 0 1 3 3 0
APA 0 0 0 0 3 3 3 0
ICLR 0 0 0 0 0 3 3 0
ACS 0 0 0 0 0 0 0 0
Science 0 0 0 0 0 0 0 0
JSTOR 0 0 0 0 0 1 1 0

existing codes. Before we give a detailed analysis, let’s address screening reliability first.

C.2 Screening Reliability
From the 1000 sampled papers, we screened 137, which were classified as “Relevant”—they had been screened by us before. These papers
are usually very marginal, and our screening and re-screening were months apart, so the risk of memorization is low. The results are in
Tab. 10 below.
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Table 10: Screen-rescreen comparison between the original corpus and samples from the 1k subset (N=137)

Included in the original corpus Included in manual screening N % Interpretation
No No 80 58.39% agreement
No Yes 10 7.30% discrepancy
Yes No 7 5.11% discrepancy
Yes Yes 40 29.20% agreement

for analyzing human & AI influence (full-text)

No No 120 87.59% agreement
No Yes 7 5.11% discrepancy
No No 1 0.73% discrepancy
No Yes 9 6.57% agreement

So the inter-rater reliability for these papers are Gwet’s AC2 = 0.77 and Krippendorff’s 𝛼 = 0.73, representing good reliability. Also
for full-text, we have Gwet’s AC2 = 0.93 and Krippendorff’s 𝛼 = 0.66. This distribution is highly skewed, so this represents excellent
reliability. We also added these irrelevant-to-relevant 10 papers to the corpus.

C.3 Bootstrapping to Estimate the Effects of Miss-outs
So we might have missed ∼119, ∼119, and ∼66 papers from Elsevier, IEEE, and SpringerNature. We can estimate the final code distribution
using bootstrapping: we randomly sample the corresponding numbers from the existing corpus, combine them with the updated current
corpus, and estimate the code portion. There are more rigorous Bayesian approaches. Here, we try the simplest approximation to just get a
sense of uncertainty. Below is the R code to do so.
all_codes %>%

filter(database == 'ieee') %>%

sample_n(119, replace = TRUE) %>%

rbind(all_codes %>%

filter(database == 'elsevier') %>%

sample_n(119, replace = TRUE)) %>%

rbind(all_codes %>%

filter(database == 'springernature') %>%

sample_n(66, replace = TRUE)) %>%

rbind(final_results)

Because we also have screening uncertainty when estimating the number of missing papers, we input bounds (±12% from C.2, 105–133,
58–74) to get a sense of the range and repeat this process 500 times for each. We show and discuss their impacts in Figs. 16, 17, 18, & 19.
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Figure 16: Bootstrap to fill in missing papers vs. the current corpus. So there are potential rank flips, but overall, these ranks
are similar. Transportation may exceed Finance. Error bars are results with ± 12% papers. We also draw SDs, but they are too
small to see.
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Figure 17: Bootstrap to fill in missing papers vs. the current corpus. Overall, the absolute numbers may change, but the ranks
are the same. Error bars are results with ± 12% papers. We also draw SDs, but they are too small to see.
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Figure 18: Bootstrap to fill in missing papers vs. the current corpus.. Overall, the absolute numbers may change, but the ranks
are the same. Error bars are results with ± 12% papers. We also draw SDs, but they are too small to see.
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Figure 19: Bootstrap to fill in missing papers vs. the current corpus. Overall, the absolute numbers may change, but the ranks
are the same. Error bars are results with ± 12% papers. We also draw SDs but they are too small to see.

D Details of LLM-assisted Coding Process
In our coding process, besides using primary coders, our secondary coders checked all codes with GPT’s and Claude’s results. To validate

these approaches, we sampled 10% (146) papers from the corpus (before we added recovered papers) and applied four approaches:
• a secondary coder acts as an independent coder (Ind), and then reconciles disagreement with primary coders (IndPrim)
• a secondary coder checking primary coders’ initial results by referring to GPT coding results (wGPT)
• a secondary coder checking primary coders’ initial results by referring to Claude coding results (wClaude)
• a secondary coder checking primary coders’ initial results by referring to both GPT and Claude coding results (wGPTClaude)

We view the human codes after reconciling as “gold standard” (reference) and compare others with this reference using inter-rate
reliability (IRR) scores. Because Krippendorff’s 𝛼 and similar metrics are unreliable for skewed distributions like ours [445, 556], we also
report Gwet’s AC2 [445] and percentage agreement (PA). Also, because multi-label reliability calculation remains an open problem [363],
we computed per-label scores and averaged all labels for a dimension.
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Figure 20: IRR scores for the subset: comparing three LLM-assisted approaches with reference. Overall, the secondary coder
working with both LLMs’ outputs has better agreement with the reference. However, AI influence shows low agreement—we
need better instructions. Each small dot (•) represents one label for that dimension, and diamonds (♦) represent mean scores
aggregating all labels.

Table 11: IRRs between reference standard and LLM-assisted coders across coding dimensions. These are mean ± SD for Fig. 20.
The performance among the three LLM-assisted coders is similar. The two coders with Claude were better than the coder with
GPT alone. However, we decided to show both GPT and Claude as the worst dimension (AI influence) is the best under this
consideration.

Metric Coders AI Infl. AI Roles Domains Contrib. Decision Human Infl. Human Roles

Gwet’s AC2 Ind+Prim vs 2nd+GPT 0.57 ± 0.29 0.84 ± 0.14 0.98 ± 0.02 0.92 ± 0.06 0.84 ± 0.09 0.58 ± 0.20 0.81 ± 0.14
Gwet’s AC2 Ind+Prim vs 2nd+Claude 0.51 ± 0.30 0.90 ± 0.06 0.97 ± 0.04 0.90 ± 0.06 0.83 ± 0.10 0.66 ± 0.17 0.83 ± 0.15
Gwet’s AC2 Ind+Prim vs 2nd+Both 0.63 ± 0.23 0.81 ± 0.14 0.97 ± 0.04 0.89 ± 0.08 0.83 ± 0.10 0.75 ± 0.10 0.79 ± 0.13
Gwet’s AC2 2nd+Claude vs 2nd+GPT vs 2nd+Both 0.67 ± 0.23 0.82 ± 0.13 0.98 ± 0.03 0.90 ± 0.07 0.85 ± 0.09 0.68 ± 0.15 0.82 ± 0.13

Krippendorff’s 𝛼 Ind+Prim vs 2nd+GPT 0.18 ± 0.16 0.62 ± 0.21 0.86 ± 0.14 0.82 ± 0.13 0.55 ± 0.20 0.43 ± 0.11 0.59 ± 0.13
Krippendorff’s 𝛼 Ind+Prim vs 2nd+Claude 0.13 ± 0.18 0.73 ± 0.15 0.78 ± 0.17 0.78 ± 0.14 0.53 ± 0.20 0.44 ± 0.17 0.60 ± 0.17
Krippendorff’s 𝛼 Ind+Prim vs 2nd+GPTClaude 0.26 ± 0.17 0.62 ± 0.11 0.80 ± 0.15 0.77 ± 0.13 0.54 ± 0.16 0.62 ± 0.11 0.55 ± 0.09
Krippendorff’s 𝛼 2nd+Claude vs 2nd+GPT vs 2nd+Both 0.32 ± 0.12 0.61 ± 0.16 0.84 ± 0.12 0.81 ± 0.11 0.59 ± 0.14 0.55 ± 0.08 0.59 ± 0.08

% Agreement Ind+Prim vs 2nd+GPT 0.74 ± 0.13 0.90 ± 0.07 0.98 ± 0.01 0.95 ± 0.04 0.89 ± 0.04 0.77 ± 0.09 0.88 ± 0.07
% Agreement Ind+Prim vs 2nd+Claude 0.71 ± 0.13 0.94 ± 0.03 0.98 ± 0.02 0.93 ± 0.04 0.89 ± 0.04 0.80 ± 0.08 0.89 ± 0.08
% Agreement Ind+Prim vs 2nd+Both 0.77 ± 0.10 0.89 ± 0.07 0.98 ± 0.03 0.93 ± 0.04 0.88 ± 0.04 0.85 ± 0.05 0.87 ± 0.06
% Agreement 2nd+Claude vs 2nd+GPT vs 2nd+Both 0.80 ± 0.10 0.89 ± 0.07 0.98 ± 0.02 0.94 ± 0.04 0.90 ± 0.03 0.82 ± 0.07 0.88 ± 0.06
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Figure 21: IRR scores for the subset: comparing LLM outputs with“gold standard” (reference). The trends are similar to LLM-
assisted approaches. LLMs have very good performance on application domains and contribution types, and good performance
on human roles, AI roles, and decision types. However, LLMs perform very badly on human influence and AI influence. Also,
LLMs introduce higher uncertainty between different labels compared to those with human verification. Each small dot (•)
represents one label for that dimension, and diamonds (♦) represent mean scores aggregating all labels.

Table 12: IRRs between “gold standard” and LLMs. These are mean ± SD for Fig. 21. Claude generally performs better than
GPT. This difference between table and Tab. 11 shows the value of human verification.

Metric Coders AI Infl. AI Roles Domains Contrib. Decision Human Infl. Human Roles

Gwet’s AC2 Ind+Prim vs GPT 0.56 ± 0.30 0.60 ± 0.32 0.95 ± 0.06 0.79 ± 0.13 0.74 ± 0.25 0.44 ± 0.34 0.59 ± 0.18
Gwet’s AC2 Ind+Prim vs Claude 0.59 ± 0.17 0.68 ± 0.25 0.95 ± 0.06 0.84 ± 0.09 0.74 ± 0.24 0.40 ± 0.33 0.64 ± 0.16
Gwet’s AC2 Ind+Prim vs GPT vs Claude 0.62 ± 0.21 0.65 ± 0.28 0.95 ± 0.05 0.84 ± 0.10 0.79 ± 0.18 0.52 ± 0.31 0.64 ± 0.16

Krippendorff’s 𝛼 Ind+Prim vs GPT 0.16 ± 0.15 0.27 ± 0.25 0.65 ± 0.20 0.59 ± 0.26 0.26 ± 0.20 0.16 ± 0.28 0.21 ± 0.12
Krippendorff’s 𝛼 Ind+Prim vs Claude 0.28 ± 0.16 0.36 ± 0.19 0.59 ± 0.24 0.65 ± 0.21 0.26 ± 0.13 0.11 ± 0.21 0.24 ± 0.12
Krippendorff’s 𝛼 Ind+Prim vs GPT vs Claude 0.29 ± 0.10 0.36 ± 0.19 0.63 ± 0.19 0.67 ± 0.21 0.30 ± 0.15 0.23 ± 0.27 0.30 ± 0.10

% Agreement Ind+Prim vs GPT 0.73 ± 0.13 0.77 ± 0.15 0.96 ± 0.04 0.86 ± 0.09 0.83 ± 0.12 0.68 ± 0.14 0.74 ± 0.08
% Agreement Ind+Prim vs Claude 0.75 ± 0.07 0.81 ± 0.12 0.96 ± 0.03 0.89 ± 0.06 0.82 ± 0.11 0.66 ± 0.13 0.77 ± 0.06
% Agreement Ind+Prim vs GPT vs Claude 0.77 ± 0.09 0.80 ± 0.13 0.96 ± 0.04 0.89 ± 0.07 0.85 ± 0.09 0.73 ± 0.13 0.77 ± 0.07
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Figure 22: IRR scores for the paper subset: comparing two human coders. The two coders disagree on AI influence and Human
influence. We then prepared more instructions for these two dimensions. Overall, they still have good agreement. Each small
dot (•) represents one label for that dimension, and diamonds (♦) represent mean scores aggregating all labels.

Table 13: IRR scores when comparing two human coders. These are mean ± SD for Fig. 22.

Metric Coders AI Infl. AI Roles Domains Contrib. Decision Human Infl. Human Roles

Gwet’s AC2 Ind vs Prim 0.44 ± 0.37 0.73 ± 0.30 0.98 ± 0.02 0.91 ± 0.07 0.77 ± 0.12 0.47 ± 0.23 0.77 ± 0.15
Gwet’s AC2 Ind+Prim vs Prim 0.51 ± 0.32 0.90 ± 0.06 0.99 ± 0.01 0.94 ± 0.05 0.94 ± 0.03 0.64 ± 0.17 0.84 ± 0.14
Gwet’s AC2 Ind+Prim vs Ind 0.90 ± 0.06 0.82 ± 0.24 0.99 ± 0.02 0.98 ± 0.03 0.80 ± 0.12 0.79 ± 0.10 0.90 ± 0.07
Gwet’s AC2 Ind+Prim vs Ind vs Prim 0.61 ± 0.25 0.82 ± 0.19 0.98 ± 0.01 0.94 ± 0.05 0.84 ± 0.09 0.63 ± 0.17 0.83 ± 0.11

Krippendorff’s 𝛼 Ind vs Prim 0.10 ± 0.20 0.53 ± 0.22 0.82 ± 0.13 0.67 ± 0.33 0.45 ± 0.16 0.06 ± 0.16 0.43 ± 0.12
Krippendorff’s 𝛼 Ind+Prim vs Prim 0.17 ± 0.19 0.73 ± 0.14 0.91 ± 0.11 0.70 ± 0.35 0.83 ± 0.14 0.41 ± 0.14 0.62 ± 0.17
Krippendorff’s 𝛼 Ind+Prim vs Ind 0.84 ± 0.07 0.76 ± 0.21 0.90 ± 0.14 0.96 ± 0.03 0.55 ± 0.12 0.67 ± 0.08 0.79 ± 0.09
Krippendorff’s 𝛼 Ind+Prim vs Ind vs Prim 0.40 ± 0.12 0.67 ± 0.16 0.88 ± 0.09 0.81 ± 0.16 0.61 ± 0.13 0.39 ± 0.08 0.63 ± 0.08

% Agreement Ind vs Prim 0.68 ± 0.17 0.85 ± 0.14 0.98 ± 0.01 0.95 ± 0.04 0.85 ± 0.05 0.67 ± 0.10 0.85 ± 0.07
% Agreement Ind+Prim vs Prim 0.72 ± 0.15 0.94 ± 0.03 0.99 ± 0.01 0.96 ± 0.02 0.96 ± 0.02 0.79 ± 0.07 0.89 ± 0.08
% Agreement Ind+Prim vs Ind 0.94 ± 0.03 0.90 ± 0.12 0.99 ± 0.01 0.99 ± 0.01 0.87 ± 0.05 0.88 ± 0.05 0.94 ± 0.04
% Agreement Ind+Prim vs Ind vs Prim 0.78 ± 0.11 0.90 ± 0.10 0.99 ± 0.01 0.96 ± 0.02 0.89 ± 0.03 0.78 ± 0.07 0.89 ± 0.06
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Figure 23: IRR scores for the subset: comparing human coders with LLMs. These show disagreement and variance, which we
use to prepare for more instructions. Each small dot (•) represents one label for that dimension, and diamonds (♦) represent
mean scores aggregating all labels.

Table 14: IRRs between human coders and LLMs across coding dimensions. These are mean ± SD for Fig. 23.

Metric Coders AI Infl. AI Roles Domains Contrib. Decision Human Infl. Human Roles

Gwet’s AC2 Ind vs Claude 0.59 ± 0.17 0.62 ± 0.29 0.95 ± 0.06 0.83 ± 0.10 0.64 ± 0.36 0.42 ± 0.31 0.64 ± 0.16
Gwet’s AC2 Ind vs GPT 0.58 ± 0.27 0.63 ± 0.24 0.95 ± 0.05 0.78 ± 0.14 0.61 ± 0.40 0.44 ± 0.34 0.58 ± 0.21
Gwet’s AC2 Prim vs Claude 0.51 ± 0.27 0.68 ± 0.25 0.95 ± 0.06 0.78 ± 0.08 0.71 ± 0.25 0.33 ± 0.52 0.70 ± 0.13
Gwet’s AC2 Prim vs GPT 0.55 ± 0.34 0.60 ± 0.34 0.94 ± 0.06 0.73 ± 0.09 0.72 ± 0.28 0.42 ± 0.44 0.65 ± 0.13

Krippendorff’s 𝛼 Ind vs Claude 0.31 ± 0.19 0.30 ± 0.16 0.58 ± 0.26 0.64 ± 0.22 0.16 ± 0.18 0.13 ± 0.21 0.20 ± 0.15
Krippendorff’s 𝛼 Ind vs GPT 0.17 ± 0.16 0.27 ± 0.21 0.68 ± 0.21 0.58 ± 0.26 0.09 ± 0.21 0.16 ± 0.28 0.18 ± 0.11
Krippendorff’s 𝛼 Prim vs Claude 0.15 ± 0.15 0.32 ± 0.24 0.63 ± 0.27 0.55 ± 0.11 0.23 ± 0.12 -0.01 ± 0.20 0.25 ± 0.16
Krippendorff’s 𝛼 Prim vs GPT 0.13 ± 0.22 0.23 ± 0.30 0.66 ± 0.22 0.48 ± 0.17 0.25 ± 0.19 0.07 ± 0.17 0.19 ± 0.13

% Agreement Ind vs Claude 0.76 ± 0.07 0.78 ± 0.14 0.96 ± 0.04 0.89 ± 0.06 0.77 ± 0.16 0.67 ± 0.12 0.76 ± 0.07
% Agreement Ind vs GPT 0.74 ± 0.12 0.77 ± 0.11 0.96 ± 0.03 0.86 ± 0.09 0.75 ± 0.18 0.68 ± 0.14 0.74 ± 0.10
% Agreement Prim vs Claude 0.70 ± 0.12 0.81 ± 0.13 0.96 ± 0.04 0.86 ± 0.04 0.81 ± 0.12 0.64 ± 0.23 0.79 ± 0.07
% Agreement Prim vs GPT 0.73 ± 0.16 0.76 ± 0.16 0.96 ± 0.05 0.82 ± 0.06 0.82 ± 0.13 0.68 ± 0.20 0.76 ± 0.06
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Figure 24: IRR scores for the remaining records (N=1351): comparing final coding results (refined by primary coders) with
primary coders’ initial results (first) and secondary coders’ results (second). The refinements were small, while the final codes
show substantial agreement with the primary coders’ initial results. Each small dot (•) represents one label for that dimension,
and diamonds (♦) represent mean scores aggregating all labels.
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Table 15: IRRs between final, primary, and pre-adjusted codes across all coding dimensions. Mean ± SD for Fig. 24.

Metric Coders AI Infl. AI Roles Domains Contrib. Decision Human Infl. Human Roles

Gwet’s AC2 Final vs Adjusted 0.99 ± 0.01 0.98 ± 0.02 1.00 ± 0.00 1.00 ± 0.00 0.98 ± 0.02 0.95 ± 0.04 0.98 ± 0.02
Gwet’s AC2 Final vs Primary 0.76 ± 0.19 0.88 ± 0.07 0.98 ± 0.03 0.90 ± 0.10 0.95 ± 0.04 0.75 ± 0.14 0.86 ± 0.11
Gwet’s AC2 Final vs Primary vs Adjusted 0.84 ± 0.13 0.92 ± 0.05 0.98 ± 0.02 0.93 ± 0.07 0.95 ± 0.04 0.83 ± 0.10 0.90 ± 0.08
Gwet’s AC2 Primary vs Adjusted 0.76 ± 0.19 0.88 ± 0.07 0.98 ± 0.03 0.89 ± 0.10 0.95 ± 0.04 0.75 ± 0.14 0.86 ± 0.11

Krippendorff’s 𝛼 Final vs Adjusted 0.98 ± 0.02 0.97 ± 0.02 0.98 ± 0.01 0.91 ± 0.16 0.94 ± 0.03 0.92 ± 0.04 0.95 ± 0.05
Krippendorff’s 𝛼 Final vs Primary 0.53 ± 0.11 0.70 ± 0.15 0.84 ± 0.10 0.57 ± 0.26 0.84 ± 0.07 0.42 ± 0.13 0.67 ± 0.09
Krippendorff’s 𝛼 Final vs Primary vs Adjusted 0.69 ± 0.08 0.80 ± 0.09 0.88 ± 0.06 0.70 ± 0.17 0.85 ± 0.06 0.64 ± 0.08 0.77 ± 0.06
Krippendorff’s 𝛼 Primary vs Adjusted 0.53 ± 0.11 0.70 ± 0.15 0.84 ± 0.10 0.65 ± 0.12 0.84 ± 0.07 0.42 ± 0.13 0.67 ± 0.09

% Agreement Final vs Adjusted 1.00 ± 0.00 0.99 ± 0.01 1.00 ± 0.00 1.00 ± 0.00 0.99 ± 0.01 0.97 ± 0.02 0.99 ± 0.01
% Agreement Final vs Primary 0.86 ± 0.09 0.93 ± 0.04 0.98 ± 0.02 0.94 ± 0.06 0.97 ± 0.02 0.83 ± 0.08 0.91 ± 0.06
% Agreement Final vs Primary vs Adjusted 0.90 ± 0.06 0.95 ± 0.02 0.99 ± 0.01 0.96 ± 0.04 0.97 ± 0.02 0.89 ± 0.05 0.93 ± 0.04
% Agreement Primary vs Adjusted 0.86 ± 0.09 0.93 ± 0.04 0.98 ± 0.02 0.93 ± 0.06 0.97 ± 0.02 0.83 ± 0.08 0.91 ± 0.06
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Figure 25: IRR scores for the remaining records (N=1351): comparing final coding results with LLM outputs. LLMs perform
well on several dimensions, and Claude performs better than GPT. But both have substantial disagreement with our results
on human influence. Each small dot (•) represents one label for that dimension, and diamonds (♦) represent mean scores
aggregating all labels.
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Table 16: IRRs between final human-coded labels and LLM-assisted labels across all coding dimensions. Mean ± SD for Fig. 25.

Metric Coders AI Infl. AI Roles Domains Contrib. Decision Human Infl. Human Roles

Gwet’s AC2 Final vs Claude 0.76 ± 0.14 0.77 ± 0.17 0.96 ± 0.03 0.94 ± 0.05 0.81 ± 0.17 0.47 ± 0.30 0.76 ± 0.11
Gwet’s AC2 Final vs GPT 0.74 ± 0.22 0.68 ± 0.29 0.94 ± 0.06 0.90 ± 0.11 0.78 ± 0.19 0.42 ± 0.34 0.69 ± 0.14
Gwet’s AC2 Final vs GPT vs Claude 0.74 ± 0.18 0.70 ± 0.24 0.95 ± 0.05 0.91 ± 0.09 0.82 ± 0.15 0.55 ± 0.27 0.71 ± 0.13

Krippendorff’s 𝛼 Final vs Claude 0.52 ± 0.12 0.54 ± 0.09 0.74 ± 0.15 0.68 ± 0.19 0.40 ± 0.18 0.15 ± 0.19 0.45 ± 0.12
Krippendorff’s 𝛼 Final vs GPT 0.43 ± 0.16 0.46 ± 0.20 0.69 ± 0.15 0.65 ± 0.18 0.35 ± 0.11 0.11 ± 0.19 0.39 ± 0.13
Krippendorff’s 𝛼 Final vs GPT vs Claude 0.47 ± 0.14 0.48 ± 0.14 0.69 ± 0.16 0.65 ± 0.16 0.39 ± 0.12 0.23 ± 0.22 0.41 ± 0.09

% Agreement Final vs Claude 0.85 ± 0.06 0.86 ± 0.08 0.97 ± 0.02 0.96 ± 0.03 0.87 ± 0.08 0.70 ± 0.11 0.84 ± 0.05
% Agreement Final vs GPT 0.84 ± 0.11 0.82 ± 0.14 0.96 ± 0.04 0.93 ± 0.07 0.85 ± 0.10 0.67 ± 0.13 0.80 ± 0.07
% Agreement Final vs GPT vs Claude 0.84 ± 0.08 0.83 ± 0.12 0.96 ± 0.03 0.94 ± 0.05 0.87 ± 0.08 0.74 ± 0.11 0.82 ± 0.06

D.1 LLM Hallucination
Because our prompt spans multiple dimensions, the LLM sometimes generated labels outside our codebook (beyond minor formatting
errors). When these could be mapped to existing categories, we converted them:
Extracting > Analyzing

Planning > Analyzing

Recommending > Advising

Predicting > Forecasting

Group > Organizational

However, some labels, such as ‘Generating’ and ‘Simulating’ for AI roles, could not be directly mapped. We observed fewer such
deviations when coding human and AI influence, since each dimension used a separate prompt, though this increased API costs. LLMs also
tend to pick up more nuances. For example, if “is developed” is mentioned, LLMs will code for “developers” even if developers are not
explicitly discussed in the paper. Unlike human coders, who can receive clarifying instructions mid-task, LLMs require validation before
any prompt can be refined. So we keep the initial results but prepare more instructions for human coders.

E Examples of Relevant and Irrelevant Cases
We show examples during our screening process to help readers understand the boundary, highlighting keywords to help them read.

Also see Figs. 14 and 15 above.
E.1 Whether to Code for AI and Human Influence
Below is a paper from ACM. It’s a user study about trust in AI-assisted decision-making, perfectly aligning with our goal. So we go for AI
and human influence coding.

Who Should I Trust: AI or Myself? Leveraging Human and AI Correctness Likelihood to Promote Appropriate Trust in AI-Assisted Decision-Making
In AI-assisted decision-making, it is critical for human decision-makers to know when to trust AI and when to trust themselves. However, prior studies
calibrated human trust only based on AI confidence indicating AI’s correctness likelihood (CL) but ignored humans’ CL, hindering optimal team
decision-making. To mitigate this gap, we proposed to promote humans’ appropriate trust based on the CL of both sides at a task-instance level. We first
modeled humans’ CL by approximating their decision-making models and computing their potential performance in similar instances. We demonstrated
the feasibility and effectiveness of our model via two preliminary studies. Then, we proposed three CL exploitation strategies to calibrate users’ trust
explicitly/implicitly in the AI-assisted decision-making process. Results from a between-subjects experiment (N=293) showed that our CL exploitation
strategies promoted more appropriate human trust in AI, compared with only using AI confidence. We further provided practical implications for more
human-compatible AI-assisted decision-making.
doi: 10.1145/3544548.3581058

Below is a paper from NeurIPS making theoretical contributions. It’s highly relevant, but the experiment is based on existing datasets,
not a user study. We couldn’t code for AI and human influence. The decision type is also very abstract.

Human-aligned calibration for AI-assisted decision making
Whenever a binary classifier is used to provide decision support, it typically provides both a label prediction and a confidence value. Then, the decision
maker is supposed to use the confidence value to calibrate how much to trust the prediction. In this context, it has been often argued that the confidence
value should correspond to a well calibrated estimate of the probability that the predicted label matches the ground truth label. However, multiple lines
of empirical evidence suggest that decision makers have difficulties at developing a good sense on when to trust a prediction using these confidence
values. In this paper, our goal is first to understand why and then investigate how to construct more useful confidence values. We first argue that, for a
broad class of utility functions, there exists data distributions for which a rational decision maker is, in general, unlikely to discover the optimal decision
policy using the above confidence values—an optimal decision maker would need to sometimes place more (less) trust on predictions with lower (higher)
confidence values. However, we then show that, if the confidence values satisfy a natural alignment property with respect to the decision maker’s
confidence on her own predictions, there always exists an optimal decision policy under which the level of trust the decision maker would need to place
on predictions is monotone on the confidence values, facilitating its discoverability. Further, we show that multicalibration with respect to the decision
maker’s confidence on her own prediction is a sufficient condition for alignment. Experiments on a real AI-assisted decision making scenario where a
classifier provides decision support to human decision makers validate our theoretical results and suggest that alignment may lead to better decisions.
link: https://proceedings.neurips.cc/paper_files/paper/2023/hash/2f1d1196426ba84f47d115cac3dcb9d8-Abstract-Conference.html

18

10.1145/3544548.3581058
https://proceedings.neurips.cc/paper_files/paper/2023/hash/2f1d1196426ba84f47d115cac3dcb9d8-Abstract-Conference.html


E.2 Borderline Cases
In this section, we present two examples for boundary cases. Both are borderline, but we include one and exclude the other.

Below is a paper contributing a fairness framework. The paper does not explicitly address decision-making, but “fair classification” is
actually algorithmic decision-making. So this is a borderline case we still include in the first screening, and didn’t include in rescreening.

Costs and Benefits of Fair Representation Learning
Machine learning algorithms are increasingly used to make or support important decisions about people’s lives. This has led to interest in the problem
of fair classification, which involves learning to make decisions that are non-discriminatory with respect to a sensitive variable such as race or gender.
Several methods have been proposed to solve this problem, including fair representation learning, which cleans the input data used by the algorithm to
remove information about the sensitive variable. We show that using fair representation learning as an intermediate step in fair classification incurs a
cost compared to directly solving the problem, which we refer to as the cost of mistrust. We show that fair representation learning in fact addresses a
different problem, which is of interest when the data user is not trusted to access the sensitive variable. We quantify the benefits of fair representation
learning, by showing that any subsequent use of the cleaned data will not be too unfair. The benefits we identify result from restricting the decisions of
adversarial data users, while the costs are due to applying those same restrictions to other data users.
doi: https://doi.org/10.1145/3306618.3317964

Below is a paper contributing an algorithm for lane-changing in automated driving. It looks indirect to decision-making but automated
driving’s lane changing is typically considered an HAID. So this is a borderline case we didn’t include in the first screening, but included in
rescreening.

Lane Change Intention Awareness for Assisted and Automated Driving on Highways
Today the automotive industry faces a robust trend toward assisted and automated driving. The technology to accomplish this ambition has evolved
rapidly over the last few years, and yet there are still a lot of algorithmic challenges left to make an automation of the driving task a safe and
comfortable experience. One of the main remaining challenges is the comprehension of the current traffic situation and the anticipation of all traffic
participants’ future driving behavior, which is needed for the technical system to obtain situation awareness: an indispensable foundation for successful
decision-making. In this paper, a prediction framework is presented that is able to infer a driver’s maneuver intention. This is achieved via a hybrid
Bayesian network whose hidden layers represent a driver’s lane contentedness. A pre-training of the network’s parameters with simulated data provides
for human interpretable parameters even after running the expectation maximization algorithm based on data gathered on German highways. Moreover,
the future driving path of any traffic participant is predicted by solving an optimal control problem, whereby the parameters of the optimal control
formulation are found via inverse reinforcement learning.
doi: 10.1109/TIV.2019.2904386

E.3 Excluding Reasons
In this section, we list our reasons for excluding a paper. Each reason has an example. In practice, one paper may deserve multiple reasons,
but we ensure each excluded paper has at least one documented reason.

Reason 1: not HAID
This paper is about networks between cars. Humans are not involved. So this is not HAID (or no human).

POMDP-Based Decision Making for Fast Event Handling in VANETs
Malicious vehicle agents broadcast fake information about traffic events and thereby undermine the benefits of vehicle-to-vehicle communication in
vehicular ad-hoc networks (VANETs). Trust management schemes addressing this issue do not focus on effective/fast decision making in reacting to
traffic events. We propose a Partially Observable Markov Decision Process (POMDP) based approach to balance the trade-off between information
gathering and exploiting actions resulting in faster responses. Our model copes with malicious behavior by maintaining it as part of a small state
space, thus is scalable for large VANETs. We also propose an algorithm to learn model parameters in a dynamic behavior setting. Experimental results
demonstrate that our model can effectively balance the decision quality and response time while still being robust to sophisticated malicious attacks.
doi: 10.1609/aaai.v32i1.11577

Reason 2 too indirect to HAID
This paper develops a DL framework that could be used for travelers’ decision-making, but the paper doesn’t focus on decision-making

and therefore the connection is too weak.

A hybrid deep learning approach for urban expressway travel time prediction considering spatial-temporal features
abstract: Travel time is an effective measure of roadway traffic conditions which enables travelers to make smart decisions about departure time,
route choice and congestion avoidance. Recent years have witnessed numerous successes of deep learning neural networks in the domains of artificial
intelligence (AI). Motivated by the dominant performance of convolution neural networks (CNNs) and long short-term memory neural networks
(LSTMs), and with consideration of the spatial-temporal features, this study attempts to develop a hybrid deep learning framework fusing CNNs and
LSTMs to forecast the travel time on urban expressways. A 2-dimension deep CNNs is exploited to capture spatial features of traffic states, and LSTMs
are utilized to excavate the temporal correlation of travel time series. Then, these spatial-temporal features are fed into a linear regression layer. The
travel time forecasting is achieved by fusing these abstract traffic features in a hybrid deep learning framework. The proposed approach is investigated
on Ring 2, a 33km urban expressway of Beijing, China. The results demonstrate the advantage of the proposed method, as well as its feasibility and
effectiveness compared with other prevailing parametric and nonparametric algorithms.
doi: 10.1109/ITSC.2017.8317889

Reason 3: too speculative (usually suggesting the work can be used in decision-making)
This reason is applied when the paper speculates that their work can be used for decision-making (in discussion).
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How molecular imaging will enable robotic precision surgery
Molecular imaging is one of the pillars of precision surgery. Its applications range from early diagnostics to therapy planning, execution, and the
accurate assessment of outcomes. In particular, molecular imaging solutions are in high demand in minimally invasive surgical strategies, such as the
substantially increasing field of robotic surgery. This review aims at connecting the molecular imaging and nuclear medicine community to the rapidly
expanding armory of surgical medical devices. Such devices entail technologies ranging from artificial intelligence and computer-aided visualization
technologies( software) to innovative molecular imaging modalities and surgical navigation( hardware). We discuss technologies based on their role at
different steps of the surgical workflow, i. e. , from surgical decision and planning, over to target localization and excision guidance, all the way to( back
table) surgical verification. This provides a glimpse of how innovations from the technology fields can realize an exciting future for the molecular
imaging and surgery communities.
doi: 10.1007/s00259-021-05445-6

Also, this is a review paper.
Reason 4: no human
This reason could be applied when the paper uses decision as a technical term, and the involvement of humans is unclear.

QINet: Decision Surface Learning and Adversarial
Enhancement for Quasi-Immune Completion of Diverse Corrupted Point Clouds
In point cloud completion task, most previous works fail to deal with diverse corrupted point clouds with large missing areas. Meanwhile, they are
restricted by discrete point clouds lacking smooth surfaces to represent an object, and the resolution of generated point clouds is fixed once their
networks are determined. In addition, the evaluation metrics are not specific for this task. Thus, we propose an innovative quasi-immune completion
architecture of point cloud called QINet in this article, which is inspired by the artificial immunization process in biology. Specifically, to increase
robustness and adaptation of the model, we conceive a mask algorithm named onion-peeling (OP) to generate diverse corrupted inputs. Meanwhile,
two proposed modules are combined together to produce flexible resolution of point clouds, namely, the decision surface learning and adversarial
enhancement for the latent representation recovery. The first module transforms point clouds to surfaces with a continuous decision boundary function,
while the second module is applied to deduce complete surface from corrupted point cloud by the cooperation of reinforcement learning (RL) and
latent generative adversarial network (GAN). Besides, we evaluate the shortcomings of the existing methods and present two novel metrics to support
multifaceted comparisons. Experimental results verify that our approach can generate continuous 3-D shapes with optional resolutions compared with
other approaches, and achieves competitive results both quantitatively and qualitatively.
doi: 10.1016/j.trc.2023.104240

Reason 5: not human decision
This reason is similar to Reason 4, usually when the term “decision” refers to model decision. This paper discusses algorithmic decisions

that are not designed for humans at all.

Offloading and Resource Allocation With General Task Graph in Mobile Edge Computing: A Deep Reinforcement Learning Approach
In this paper, we consider a mobile-edge computing (MEC) system, where an access point (AP) assists a mobile device (MD) to execute an application
consisting of multiple tasks following a general task call graph. The objective is to jointly determine the offloading decision of each task and the resource
allocation (e.g., CPU computing power) under time-varying wireless fading channels and stochastic edge computing capability, so that the energy-time
cost (ETC) of the MD is minimized. Solving the problem is particularly hard due to the combinatorial offloading decisions and the strong coupling
among task executions under the general dependency model. Conventional numerical optimization methods are inefficient to solve such a problem,
especially when the problem size is large. To address the issue, we propose a deep reinforcement learning (DRL) framework based on the actor-critic
learning structure. In particular, the actor network utilizes a DNN to learn the optimal mapping from the input states (i.e., wireless channel gains
and edge CPU frequency) to the binary offloading decision of each task. Meanwhile, by analyzing the structure of the optimal solution, we derive a
low-complexity algorithm for the critic network to quickly evaluate the ETC performance of the offloading decisions output by the actor network.
With the low-complexity critic network, we can quickly select the best offloading action and subsequently store the state-action pair in an experience
replay memory as the training dataset to continuously improve the action generation DNN. To further reduce the complexity, we show that the optimal
offloading decision exhibits an one-climb structure, which can be utilized to significantly reduce the search space of action generation. Numerical results
show that for various types of task graphs, the proposed algorithm achieves up to 99.1% of the optimal performance while significantly reducing the
computational complexity compared to the existing optimization me...
doi: 10.1109/TWC.2020.2993071

Reason 5: no AI
This reason could be applied when the AI terms is actually referring to a human cognitive process. Common in APA (psychology papers).

Behavioral and neurobiological mechanisms of punishment: implications for psychiatric disorders
Punishment involves learning about the relationship between behavior and its adverse consequences. Punishment is fundamental to reinforcement
learning, decision-making and choice, and is disrupted in psychiatric disorders such as addiction, depression, and psychopathy. However, little is known
about the brain mechanisms of punishment and much of what is known is derived from study of superficially similar, but fundamentally distinct,
forms of aversive learning such as fear conditioning and avoidance learning. Here we outline the unique conditions that support punishment, the
contents of its learning, and its behavioral consequences. We consider evidence implicating GABA and monoamine neurotransmitter systems, as well as
corticostriatal, amygdala, and dopamine circuits in punishment. We show how maladaptive punishment processes are implicated in addictions, impulse
control disorders, psychopathy, anxiety, and depression and argue that a better understanding of the cellular, circuit, and cognitive mechanisms of
punishment will make important contributions to next generation therapeutic approaches.
doi: 10.1038/s41386-018-0047-3

Reason 6: can’t see path from HAI to decision-making
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This paper predicts human decisions (HAI) but we really can’t see how this is connected to either humans making decisions or AI
replacing human decisions.

Conversational Decision-Making Model for Predicting the King’s Decision in the Annals of the Joseon Dynasty
Styles of leaders when they make decisions in groups vary, and the different styles affect the performance of the group. To understand the key words and
speakers associated with decisions, we initially formalize the problem as one of predicting leaders’ decisions from discussion with group members. As a
dataset, we introduce conversational meeting records from a historical corpus, and develop a hierarchical RNN structure with attention and pre-trained
speaker embedding in the form of a, Conversational Decision Making Model (CDMM). The CDMM outperforms other baselines to predict leaders’
final decisions from the data. We explain why CDMM works better than other methods by showing the key words and speakers discovered from the
attentions as evidence.
doi: 10.18653/v1/D18-1115

Reason 7: not focus on decision-making
This reason applies when decision-making is just one of the goals. The example below is a review paper mentioning clinical decision-

making, but its main focus is on the imaging method. Also, it’s a review paper.

Multiparametric cardiovascular magnetic resonance approach in diagnosing, monitoring, and prognostication of myocarditis
Myocarditis represents the entity of an inflamed myocardium and is a diagnostic challenge caused by its heterogeneous presentation. Contemporary
noninvasive evaluation of patients with clinically suspected myocarditis using cardiac magnetic resonance (CMR) includes dimensions and function of
the heart chambers, conventional T2-weighted imaging, late gadolinium enhancement, novel T1 and T2 mapping, and extracellular volume fraction
calculation. CMR feature-tracking, texture analysis, and artificial intelligence emerge as potential modern techniques to further improve diagnosis and
prognostication in this clinical setting. This review describes the evidence surrounding different CMR methods and image postprocessing methods and
highlights their values for clinical decision making, monitoring, and risk stratification across stages of this condition.
doi: 10.1016/j.jcmg.2021.11.017

Reason 8: no connection between human and AI
This paper proposes to use AI to analyze gestures, posture, facial expressions, and vocal expressions. The AI is not directly connected to

humans, or at least such a connection is too weak.

The promise of social signal processing for research on decision-making in entrepreneurial contexts
In this conceptual paper, we demonstrate how modern data science techniques can advance our understanding of important decisions in the context of
entrepreneurship that involve social interactions. We know that individuals’ decision-making is strongly affected by nonverbal behavior. The emerging
domain of social signal processing aims at accurate computerized analysis of such behavior. Behavioral cues stemming from, for example, gestures,
posture, facial expressions, and vocal expressions can now be detected and analyzed by state-of-the-art technologies utilizing artificial intelligence.
This paper discusses and illustrates their potential value for future research on decision-making by entrepreneurs as well as by others yet directly
affecting them (e.g., investors). In brief, social signal processing is more accurate and more efficient than conventional research methods and may reveal
important characteristics that so far have been omitted in explaining decisions that are vital for firm survival and growth. We derive a total of five
propositions from our newly developed conceptual framework, which we hope will be subject to extensive empirical scrutiny in future research.
doi: 10.2307/48734899

Reason 9: not learning about HAID
This reason often overlaps with others. The paper below, for example, is primarily an algorithmic contribution. While other reasons like

Reason 7 could also apply, the core issue is that it offers no new knowledge about HAID.

Probabilistic verification of fairness properties via concentration
As machine learning systems are increasingly used to make real world legal and financial decisions, it is of paramount importance that we develop
algorithms to verify that these systems do not discriminate against minorities. We design a scalable algorithm for verifying fairness specifications. Our
algorithm obtains strong correctness guarantees based on adaptive concentration inequalities; such inequalities enable our algorithm to adaptively take
samples until it has enough data to make a decision. We implement our algorithm in a tool called VeriFair, and show that it scales to large machine
learning models, including a deep recurrent neural network that is more than five orders of magnitude larger than the largest previously-verified neural
network. While our technique only gives probabilistic guarantees due to the use of random samples, we show that we can choose the probability of
error to be extremely small. doi: 10.1145/3360544

Reason 10: not talking about human decisions (just talking about AI decisions)
This reason is similar to Reason 5: not human decision. The decision is purely a model decision.
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Repairing Decision-Making Programs Under Uncertainty
The world is uncertain. Programs can be wrong. We address the problem of repairing a program under uncertainty, where program inputs are drawn
from a probability distribution. The goal of the repair is to construct a new program that satisfies a probabilistic Boolean expression. Our work focuses
on loop-free decision-making programs, e. g. , classifiers, that return a Booleanor finite-valued result. Specifically, we propose distribution-guided
inductive synthesis, a novel program repair technique that iteratively( i) samples a finite set of inputs from a probability distribution defining the
precondition, ( ii) synthesizes a minimal repair to the program over the sampled inputs using an smt -based encoding, and( iii) verifies that the resulting
program is correct and is semantically close to the original program. We formalize our algorithm and prove its correctness by rooting it in computational
learning theory. For evaluation, we focus on repairing machine learning classifiers with the goal of making them unbiased( fair). Our implementation
and evaluation demonstrate our approach’s ability to repair a range of programs.
doi: 10.1007/978-3-319-63387-9_9

Reason 11: no clear connection to HAID
This paper is about HAI, but the decision is really a research decision.

Assessing Human-AI Interaction Early through Factorial Surveys: A Study on the Guidelines for Human-AI Interaction
This work contributes a research protocol for evaluating human-AI interaction in the context of specific AI products. The research protocol enables UX
and HCI researchers to assess different human-AI interaction solutions and validate design decisions before investing in engineering. We present a
detailed account of the research protocol and demonstrate its use by employing it to study an existing set of human-AI interaction guidelines. We used
factorial surveys with a 2 × 2 mixed design to compare user perceptions when a guideline is applied versus violated, under conditions of optimal versus
sub-optimal AI performance. The results provided both qualitative and quantitative insights into the UX impact of each guideline. These insights can
support creators of user-facing AI systems in their nuanced prioritization and application of the guidelines.
doi: 10.1145/3511605

Reason 12: human decisions being studied (using AI methods to model human decisions)
In this paper, human irrational decision-making is modeled using Partially Observable Markov Decision Processes. But there is no new

knowledge about HAID.

Apparently Irrational Choice as Optimal Sequential Decision Making
In this paper, we propose a normative approach to modeling apparently human irrational decision making( cognitive biases) that makes use of inherently
rational computational mechanisms. We view preferential choice tasks as sequential decision making problems and formulate them as Partially
Observable Markov Decision Processes( POMDPs). The resulting sequential decision model learns what information to gather about which options,
whether to calculate option values or make comparisons between options and when to make a choice. We apply the model to choice problems where
context is known to influence human choice, an effect that has been taken as evidence that human cognition is irrational. Our results show that the new
model approximates a bounded optimal cognitive policy and makes quantitative predictions that correspond well to evidence about human choice.
Furthermore, the model uses context to help infer which option has a maximum expected value while taking into account computational cost and
cognitive limits. In addition, it predicts when, and explains why, people stop evidence accumulation and make a decision. We argue that the model
provides evidence that apparent human irrationalities are emergent consequences of processes that prefer higher value( rational) policies.
doi: 10.1609/aaai.v35i1.16161

Reason 13: too vague
The paper is too vague about decision-making, and we can’t infer what decisions were made.

A Generative Benchmark Creation Framework for Detecting Common Data Table Versions
Multiple versions of the same dataset can exist in a data repository (e.g., data warehouses, data lakes, etc.), mainly because of the interactive and
collaborative nature of data science. Data creators generally update existing datasets and upload them as new datasets to data repositories without
proper documentation. Identifying such versions helps in data management, data governance, and making better decisions using data. However, there is
a dearth of benchmarks to develop and evaluate data versioning techniques, which requires a lot of human effort. Thus, this work introduces a novel
framework to generate benchmarks for data versioning using Generative AI (specifically Large Language Models). The proposed framework offers
properties that existing benchmarks do not have, including proper documentation, version lineage, and complex transformations generated by an LLM.
We also share VerLLM-v1, the first version of the benchmark that features these properties, and compare it to existing benchmarks.
doi: 10.1145/3627673.3679157

Reason 14: too abstract
This is similar to Reason 13: too vague, but the decision in the paper is too abstract, and we can’t infer what decisions were made.
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Branch Ranking for Efficient Mixed-Integer Programming via Offline Ranking-Based Policy Learning
Deriving a good variable selection strategy in branch-and-bound is essential for the efficiency of modern mixed-integer programming( MIP) solvers.
With MIP branching data collected during the previous solution process, learning to branch methods have recently become superior over heuristics. As
branch-and-bound is naturally a sequential decision making task, one should learn to optimize the utility of the whole MIP solving process instead of
being myopic on each step. In this work, we formulate learning to branch as an offline reinforcement learning( RL) problem, and propose a long-sighted
hybrid search scheme to construct the offline MIP dataset, which values the long-term utilities of branching decisions. During the policy training phase,
we deploy a ranking-based reward assignment scheme to distinguish the promising samples from the long-term or short-term view, and train the
branching model named Branch Ranking via offline policy learning. Experiments on synthetic MIP benchmarks and real-world tasks demonstrate that
Branch Ranking is more efficient and robust, and can better generalize to large scales of MIP instances compared to the widely used heuristics and
state-of-the-art learning-based branching models.
doi: 10.1007/978-3-031-26419-1_23

Reason 15: not relevant
AI in this paper is used in a part not relevant to the research.

Dynamic capabilities framework and its transformative contributions
Dynamic capabilities refer to an organization’s ability to integrate, build, and reconfigure internal and external competencies to address a rapidly
developing environment. [...] This text was initially drafted using artificial intelligence, then reviewed by the author(s) to ensure accuracy.
doi: 10.1057/s41267-024-00758-8

Reason 16: not firsthand knowledge
This reason was applied when the paper uses decision as motivation but the work doesn’t contribute knowledge about HAID.

Towards Learning Contrast Kinetics with Multi-condition Latent Diffusion Models
Contrast agents in dynamic contrast enhanced magnetic resonance imaging allow to localize tumors and observe their contrast kinetics, which is
essential for cancer characterization and respective treatment decision-making. However, contrast agent administration is not only associated with
adverse health risks, but also restricted for patients during pregnancy, and for those with kidney malfunction, or other adverse reactions. With contrast
uptake as key biomarker for lesion malignancy, cancer recurrence risk, and treatment response, it becomes pivotal to reduce the dependency on
intravenous contrast agent administration. To this end, we propose a multi-conditional latent diffusion model capable of acquisition time-conditioned
image synthesis of DCE-MRI temporal sequences. To evaluate medical image synthesis, we additionally propose and validate the Fréchet radiomics
distance as an image quality measure based on biomarker variability between synthetic and real imaging data. Our results demonstrate our method’s
ability to generate realistic multi-sequence fat-saturated breast DCE-MRI and uncover the emerging potential of deep learning based contrast kinetics
simulation. We publicly share our accessible codebase at https://github.com/RichardObi/ccnet and provide a user-friendly library for Fréchet radiomics
distance calculation at https://pypi.org/project/frd-score.
doi: 10.1007/978-3-031-72086-4_67

Reason 17: not enough evidence
This is similar to Reason 3: too speculative. The paper uses decision-making in discussion but doesn’t have evidence for applicability.

Human understandable thyroid ultrasound imaging ai report system — a bridge between ai and clinicians Summary Artificial intelligence (AI) enables
accurate diagnosis of thyroid cancer; however, the lack of explanation limits its application. In this study, we collected 10,021 ultrasound images
from 8,079 patients across four independent institutions to develop and validate a human understandable AI report system named TiNet for thyroid
cancer prediction. TiNet can extract thyroid nodule features such as texture, margin, echogenicity, shape, and location using a deep learning method
conforming to the clinical diagnosis standard. Moreover, it offers excellent prediction performance (AUC 0.88) and provides quantitative explanations
for the predictions. We conducted a reverse cognitive test in which clinicians matched the correct ultrasound images according to TiNet and clinical
reports. The results indicated that TiNet reports (87.1% accuracy) were significantly easier to understand than clinical reports (81.6% accuracy; p < 0.001).
TiNet can serve as a bridge between AI-based diagnosis and clinicians, enhancing human–AI cooperative medical decision-making.
doi: https://doi.org/10.1016/j.isci.2023.106530

Reason 18: too hard to code
We attempt to code the dimensions, but find it’s too hard to code. Also, this paper’s main focus is AI readiness, not decision-making.

Ready or Not, AI Comes—An Interview Study of Organizational AI Readiness Factors
Artificial intelligence (AI) offers organizations much potential. Considering the manifold application areas, AI’s inherent complexity, and new organiza-
tional necessities, companies encounter pitfalls when adopting AI. An informed decision regarding an organization’s readiness increases the probability
of successful AI adoption and is important to successfully leverage AI’s business value. Thus, companies need to assess whether their assets, capabilities,
and commitment are ready for the individual AI adoption purpose. Research on AI readiness and AI adoption is still in its infancy. Consequently,
researchers and practitioners lack guidance on the adoption of AI. The paper presents five categories of AI readiness factors and their illustrative
actionable indicators. The AI readiness factors are deduced from an in-depth interview study with 25 AI experts and triangulated with both scientific
and practitioner literature. Thus, the paper provides a sound set of organizational AI readiness factors, derives corresponding indicators for AI readiness
assessments, and discusses the general implications for AI adoption. This is a first step toward conceptualizing relevant organizational AI readiness
factors and guiding purposeful decisions in the entire AI adoption process for both research and practice.
doi: 10.1007/s12599-020-00676-7

Reason 19: 1 page / 2 pages
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After retrieving the full text, we determined that the paper was only 1–2 pages in length, which is insufficient for the analysis required
by our review.

Reason 20: tutorial
The abstract shows that the paper is a tutorial at a conference (often a review paper too), and doesn’t have a substantial research

contribution.

Psychology-informed Recommender Systems Tutorial
Recommender systems are essential tools to support human decision-making in online information spaces. Many state-of-the-art recommender systems
adopt advanced machine learning techniques to model and predict user preferences from behavioral data. While such systems can provide useful
and effective recommendations, their algorithmic design commonly neglects underlying psychological mechanisms that shape user preferences and
behavior. In this tutorial, we offer a comprehensive review of the state of the art and progress in psychology-informed recommender systems, i.e.,
recommender systems that incorporate human cognitive processes, personality, and affective cues into recommendation models, along with definitions,
strengths and weaknesses. We show how such systems can improve the recommendation process in a user-centric fashion. With this tutorial, we aim to
stimulate more ideas and discussion with the audience on core issues of this topic such as the identification of suitable psychological models, availability
of datasets, or the suitability of existing performance metrics to evaluate the efficacy of psychology-informed recommender systems. Besides, we present
takeaways to recommender systems on how to build psychology-informed recommender systems. Previous versions of this tutorial were presented,
among others, at The ACMWeb Conference 2022 and the ACM SIGIR Conference on Human Information Interaction and Retrieval (CHIIR) 2022.
doi: 10.1145/3523227.3547375

Reason 21: Editorial/Commentary/Reply/Letter/Preface/Discussion
Papers in these genres serve primarily to comment on, introduce, or respond to other work rather than present original research. While

they may reference HAID, they lack the empirical findings or theoretical development.

Reporting use of ai in research and scholarly publication—jama network guidance
Reports on the use of artificial intelligence (AI) and machine learning, including large language models (LLM), in medical research have intensified in
the last year. Although machine learning research began 70 years ago with the conceptual development of artificial neural network algorithms, AI
research and use in clinical practice and health care are relatively recent advances. Throughout these developments, JAMA has sought to define the
broad scope of discovery and innovation in medical applications of AI and to address potential challenges in its implementation. The journal’s 2016
publication of a study of deep learning algorithms for the detection of diabetic retinopathy from fundal photographs is a useful example. The study
represented a novel tool that could enable large-scale screening for a key vision-threatening disorder across the world. However, the accompanying
Editorial highlighted important challenges, spanning the need for broader patient representativeness, the investment necessary in validating the model
in the context of its deployment and subsequent implementation, and whether clinicians would entrust decision-making to AI tools. The Editorial also
called attention to concerns regarding AI eventually replacing humans in clinical systems. Although published before the recent AI boom, this study
and the comments about it augured many of today’s promises and concerns regarding AI in clinical research and practice.
doi: 10.1001/jama.2024.3471

Reason 22: Early Career Track
IJCAI has a track inviting early-career AI researchers to present based on nominations rather than presenting original research.

Improving group decision-making by artificial intelligence
We summarize some of our recent work on using AI to improve group decision-making by taking a unified approach from statistics, economics, and
computation. We then discuss a few ongoing and future directions.
link: https://www.ijcai.org/proceedings/2017/741

Reason 23: Survey/Opinion
Pure survey papers, review articles, and opinion pieces synthesize or comment on existing work rather than present original research.

Their broad scope and lack of specific methodological details make them unsuitable for systematic coding. However, sometimes a paper
can have both survey/opinion contributions along with other original contributions.

F Prompts for LLMs
F.1 Prompt to Get Venue Ranks
System prompt: I give you a publication venue which we find in {database}. You output its rank (top-tier, mid-tier, or low-tier)

, peer-reviewed (yes or no), area, venue, as well as your confidence.

Your output should be in this format: rank: XXXX || peer-reviewed: XXXX || area: XXXX || confidence: 0-1 || venue: its most

commonly-accepted full name || explanation: 10-80 words.

The venue is {conf}.

F.2 Prompt When Abstract is Used
System prompt: You are acting as an annotator for a literature review and you should output only codes.

## Task Overview
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Analyze this academic paper's title and abstract to classify ALL aspects: application domain, research contribution type,

decision-making factors, AI roles, and human roles. Output the exact format and DO NOT output anything else.

## DECISION DOMAINS (Select ONE)

- **Healthcare / Medicine / Surgery**

Examples: public health, nursing, childcare, clinical, medicine, healthcare, surgery, therapist

- **Finance / Business / Economy**

Examples: finance/investment/loan, business/trading/shopping/marketing, blockchain/bitcoin

- **Education / Teaching / Research**

Examples: schooling, teaching, academia, research, data analysis, assessments, science

- **Law / Policy / Governance**

Examples: criminal/law/legal/justice; politics/government/democracy, policymaking, campaign

- **Software / Systems / Security**

Examples: smart home, programming, software engineering, cloud computing, databases, privacy, internet infrastructure

- **Transportation / Mobility / Planning**

Examples: city/smart city; driving, traffic, logistics, travel, freight, navigation, flight, aviation

- **Manufacturing / Industry / Automation**

Examples: manufacturing, supply chain, logistics, robotics, automation, resource allocation

- **Environment / Resources / Energy**

Examples: water, food, agriculture, fishery, water, food, energy, electricity, environment

- **Defense / Military / Emergency**

Examples: homeland security, military, disaster prediction, emergency response, surveillance

- **Media / Communication / Entertainment**

Examples: press/journalism/writing, sport, game/entertainment, social media/social network, tourism

- **Design / Creativity / Architecture**

Examples: product design, building architecture, user-centered design, creative industries

- **Everyday / Employment / Public Service**

Examples: hiring, admissions, caregiving, daycare, social good, public sector, management, everyday tasks, renting,

organizational decision-making, image classification related to everyday tasks

- **Generic / Abstract / Domain-agnostic**

Definition: General purposes or abstract context; general image classification

## CONTRIBUTION TYPES (Select ONE)

- **Algorithmic contributions**

Definition: new AI/ML algorithms, models, or computational approaches, very specific thing

- **Empirical contributions**

Definition: experimental findings, user studies, and observational research results

- **Methodological contributions**

Definition: new research methods, evaluation frameworks, analytical approaches, and design guidelines/principles

- **Theoretical contributions**

Definition: conceptual frameworks, Conceptual models, and theories

- **System/Artifact contributions**

Definition: implemented systems, tools, interfaces, and design solutions

- **Dataset/Benchmark contributions**

Definition: new datasets, benchmarks, and evaluation resources

- **Survey contributions**

Definition: literature reviews and synthesis papers, overview of a field

- **Vision contributions**

Definition: position papers, future directions, and perspective pieces

## DECISION-MAKING FACTORS (Select 1-3)

- **Outcome Quality**

- **Interpretability**

- **Explainability**

- **Agency**

- **Uncertainty**

- **Risk**

- **User Trust**

- **Reliance**

- **Information Quality**

- **Decision Context**

- **User Motivation**

- **Fairness**

- **Ethics/Value Alignment**

- **Personalization**

## AI ROLES (Select 1-2)
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- **Analyzing**

Definition: Processes complex information to give it structure and clarity

Examples include (pattern/action) recognizer, biomarker identifier, (human behavior/prognostic) modeler, (treatment effect)

estimator, risk assessment tool, summarizer, (information/knowledge) extractor, report generator, information/option provider,

planner, analyzer

- **Forecasting**

Definition: Uses current and historical data to forecast what will happen in the future. It answers the question, \"What's next

?\"

Examples include (counterfactual/risk) predictor, forecaster, mortality prediction model, (image) classifier, (skin cancer)

detector

- **Explaining**

Definition: Translates opaque processes into human-readable justifications. \"Why did this happen?\"

Examples include explainer, reasoner

- **Advising**

Definition: Actively provides recommendations or guidance for the human to consider;\n

Examples include recommender, AI teacher, (suggestion/portfolio) generator, (robo-) advisor, tutor, coach, guide, curriculum

designer, advice interpreter, decision-making model/algo/system

- **Collaborating**

Definition: Works alongside a human as a partner in a dynamic, interactive process;

Examples include collaborator, AI partner, teammate, human-agent team member, hybrid partner, complementary learner, co-pilot,

interactive agent, shared autonomy system, assistant/supplement, collaboration aid, conversational agent (CA), chatbot, virtual

assistant, dialogue manager, health chatbots

- **Executing**

Definition: Acts independently to perform a task or make a decision delegated by a human;

Examples include task performer/delegatee, assigner/matcher, actor, agent, (workflow) optimizer, allocator, scheduler,

controller, task automator, resource generator, automated (trader/negotiator), (game/autonomous) player, strategic agent, policy

generator, decision-maker, (policy) learner

- **Monitoring**

Definition: Monitors a system's real-time performance, status, and safety;

Examples include (trajectory/policy) evaluator, supervisor, overseer, (quality/reliability) assessor, performance monitor,

system health diagnostician

- **Auditing**

Definition: Checks and validates a system against established rules, ethics, and standards;

Examples include (fairness/policy) auditor, ethical verifier, (bias/discrimination) detector, formal modeler

## HUMAN ROLES (Select 1-2)

- **Decision-maker**

Definition: Individuals who use or collaborate with AI to make (final) decisions or take actions;

Examples: decision-maker, investigator, user, collaborator, learner, delegator

- **Decision-subject**

Definition: Individuals are directly/personally affected/impacted by the decisions made by humans/AI;

Examples: (cancer) patients, (loan/job) applicants, defendant / inmates, candidate / students, customer / consumer, decision

subjects(defendants, citizens, authors, ...)

- **Developer**

Definition: Technical professionals who design, build, fine-tune, deploy, or maintain the AI system;

Examples: AI (developers/software engineers), data scientist/engineer, ML model engineers/practitioners, (system) designers,

database administrators, technical experts, researcher

- **Guardian**

Definition: Individuals and institutions that set the rules, policies, and ethical guardrails for AI systems and govern,

supervise, regulate, audit, or enforce AI accountability & ethics

Examples: regulator, policy-maker, government, (independent) auditor, AI ethicist, moral philosophers, research ethics

committees, lawyers, judges, courts, parole board, governing body, supervisor, evaluator, analyst/auditor

- **Knowledge provider**

Definition: People who provide the specialized data, expertise, or judgment used to train and validate the AI;

Examples: (domain/subject matter/medical/legal) experts, annotator, labeler, manual coder, survey participant, crowd workers,

human subjects, human as inspiration, human as benchmark / guide, teacher

- **Stakeholder**

Definition:The broader/larger community or social groups indirectly impacted by the AI's deployment and societal consequences

Examples: community, citizens, public, families, employees, company stakeholders, (vulnerable/protected) groups, society

## Output Format

COMPLETE CLASSIFICATION:

Decision_Domain: [domain]

Contribution_Type: [type]

Decision_Factors: [selected facor(s)]

AI_Roles: [selected role(s)]

Human_Roles: [selected role(s)]
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**Paper to Analyze:**

Title: {title}

Abstract: {abstract}

F.3 Prompt When Full-text is Used
System prompt: You are acting as an annotator for a literature review analyzing human-AI decision-making. Output only the

requested codes and descriptions.

## Task Overview

Analyze this academic paper to classify the main DECISION task being studied. Output ONLY the requested format.

## DECISION TYPES (Select ONE unless there are multiple decision tasks; when you can't find a decision, output NA)

- **Individual**

Definition: Decisions made by a single person for themselves

Examples: personal diabetes management, purchasing products, accepting AI shopping advice, lane-changing, selecting fashion

items/movies/university, travel planning, farmers' planting decisions, program library selection, creative support tools

- **Operational**

Definition: Decisions embedded in day-to-day routines and practices and made for others

Examples: clinical diagnosis, coordinating connected fleets, loan approval, hiring/firing, admissions, resource allocation,

policy development, grading students, identifying harmful posts, production scheduling, load shedding, code review, military

operators

- **Organizational**

Definition: Decisions made within or on behalf of an organization (e.g. school, company, group)

Examples: emergency department management, COVID vaccine allocation, supply chain management, aviation operations, workforce

management, student recruitment, game management, managing suppliers/retailers, emergency facility planning

- **Institutional**

Definition: Decisions that establish standards or norms, usually across organizations

Examples: governance frameworks, legitimacy of algorithmic decisions in markets/public services/schools, social media

filtering, digital twins, climate forecasts, developing defensive strategies under attack, air defense planning

## Output Format

DECISION_TYPE: [selected type, separated by comma]

## Task Overview

Analyze this academic paper to identify HOW AI INFLUENCES HUMANS in decision-making. Focus on the human-subjects quantitative/

qualitative experiments, or system design. Output ONLY the requested format.

## AI INFLUENCE CATEGORIES (Select 0-3 that apply; when you can't find AI influence, output NA)

- **Alter decision outcomes**

Definition: AI changes the final decisions humans make

Examples: improving accuracy, improving speed/response rate, reducing speed, achieving complementary human-AI performance,

changing decisions, following AI recommendations, improving performance, increasing decision quality

- **Change trust**

Definition: AI affects human trust, reliance, or faith in the system

Examples: trust (except moral trust), reliance, aversion, faith in AI's capabilities, calibrating trust, over-reliance, under

-reliance

- **Change cognitive demands**

Definition: AI alters the mental effort or cognitive resources required

Examples: cognitive load, human effort, burden, recall, retention, decision time, skills, mental workload

- **Change affective-perceptual**

Definition: AI influences feelings, confidence, or subjective experiences

Examples: confidence, feelings, satisfaction, emotional states, perceived control

- **Restrict human agency**

Definition: AI limits human autonomy or control in decision-making

Examples: autonomy, agency, control, freedom to choose, self-determination

- **Shift responsibility**

Definition: AI changes perceptions of who is accountable for decisions

Examples: responsibility, blame, accountability, moral trust, liability attribution

- **Shape ethical norms**

Definition: AI influences fairness perceptions, biases, or ethical standards

Examples: reducing bias, ensuring fairness, detecting direct/indirect biases, increasing agreement with model biases,

increasing acceptance of unethical advice, reinforcing perceived fairness

## Output Format

AI_INFLUENCE: [selected categories, separated by comma]

Analyze this academic paper to identify HOW HUMANS INFLUENCE AI in decision-making. Focus on the human-subjects quantitative/

qualitative experiments, or system design. Output ONLY the requested format.
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## HUMAN INFLUENCE CATEGORIES (Select 0-3 that apply; when you can't find AI influence, output NA)

- **Update AI competence**

Definition: Humans influence system robustness and perceived competence

Examples: improving performance, improving accuracy, enhancing interpretability, returning predictable outputs, improving AI

performance, keeping systems transparent, setting preferences/priorities, model training, fine-tuning

- **Change AI responses through feedback**

Definition: Direct ways humans refine and shape AI outputs

Examples: refining prompts, learning from feedback, providing desired information to trust AI, human-adjusted refinements,

providing corrections, providing clarifications, increasing depth of information, iterative refinement

- **Shape AI for accountability**

Definition: Humans establish governance, oversight, or ethical constraints on AI

Examples: setting ethical guidelines, establishing governance frameworks, defining fairness constraints, implementing

oversight mechanisms, auditing AI decisions, setting policy constraints

## Output Format

HUMAN_INFLUENCE: [selected categories, separated by comma]

**Paper Content:** {text extracted from pdf (first 80 pages)}

G Venues Included in Searching
Here we list which venues we include if the conference has multiple tracks.
AAAI
AAAI main conference, IAAI, EAAI, AIIDE, HCOMP, ICAPS, ICWSM, KR (https://proceedings.kr.org), SoCS, Fall & Spring Symposia, Flairs

ACL Anthology/PMLR/MLR: We started with all venues, but the venue rank checking will narrow down to the top-tier ones.

NeurIPS: 2024: Competition_Track, Datasets_and_Benchmarks_Track, Conference; 2023: Datasets_and_Benchmarks_Track, Conference

H List of Supplementary Materials

Our corpus, source code, annotation tool, and codebook are at https://doi.org/10.17605/OSF.IO/U5QJH. Below we show a list of content.
The interactive website is at https://fig-x.github.io/haid/.

• appendices.pdf: machine learning model specifications and performance metrics, feature analysis and robustness assessments, LLM-
assisted coding methodology and inter-rater reliability results, examples for inclusion/exclusion boundaries, complete prompts used for
automated coding, etc.

Folder: Data Collection
The following scripts and documents were used in the data collection stage.
• disgareement_alignment.xlsx: This document contains two sheets:
Disagreement: venue-rank votes where the two LLMs disagree (but at least one votes top-tier).
Alignment: comparison with human judgments.

• IEEE/, Neurips/, Science/, Wiley/: Representative web scraping scripts. Other scripts follow similar structures.

Folder: Analysis
• 1-clean_up_databases.[Rmd|html]: Script for Quality Assessing (Iteration 1). Also calls GPT and Claude to judge venue ranks.
• 2-combine_databases.[Rmd|html]: Script for Quality Assessing (Iteration 2), narrowing down to top-tier venues.
• 3-label-prediction.ipynb, 3-label-prediction-2class (early exploration).ipynb, 3-label-prediction (Colab; early
exploration).pdf: Five short text–classification models explored for Abstract Screening (Iteration 2): SVM, Random Forest, Logistic
Regression, RNN, and BERT. This also extracts feature coefficients from the SVM.

• 4 ... 8: Internal scripts used to check progress.
• 9-get-llm-coding_abstract.Rmd, 9-get-llm-coding_full.Rmd: Scripts for generating LLM coding results.
• 10-cluster-analysis.[Rmd|html]: Cluster analysis on all abstracts; generates embeddings.
• 11-error-analysis.[Rmd|html]: Error analysis, feature analysis, and bootstrapping to estimate the effects of miss-outs.
• 12-all-model.py: We trained again on our historical partial screening results to get Fig. 7.
• 13-figures-and-distritbuion.[Rmd|html]: Distribution of codes and trend analysis.
• 14-IRR.[Rmd|html]: Compute inter-rater reliability and generate figures.
• AID.Rproj: R project configuration.
• all_papers_raw.csv: The 39K papers after filtering out venues.
• theme.R & tool.R: Helper files.
• Subfolder: vis/ fig-2.html: generates Figure 2 (overview of the process)
• Subfolder: output_dataset/ datasets for performance trends and feature analysis used in 11-error-analysis.[Rmd|html]
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Folder: Corpus and Overview
• Codebook.pdf: Final mapping and definitions of codes.
• final_paper_dr.csv: Embeddings and clusters for abstracts.
• final_papers.csv: Codes, metadata, titles, abstracts, and authors for all papers.
• Overview.html: Interactive HTML for the corpus, rendered from the two .csv files. See https://fig-x.github.io/haid/.

.zip: Annotation tool
The paper-annotation-tool provides a lightweight end-to-end system for managing paper annotation through a browser interface
backed by Google Apps Script.
• Backend. A script (google-apps-script/Code.gs) exposes API endpoints for reading and writing annotations to Google Sheets.
• Frontend. A React-based interface located in src/ includes reusable UI components, annotation schema and API settings, etc.
• Public assets. The HTML shell (public/index.html) in which the React app is rendered.
• Documentation. Setup and deployment guides (README.md, QUICKSTART.md, DEPLOYMENT.md, SHEETS_SETUP.md).
• Project configuration. Node package metadata and development settings (package.json, .gitignore).
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