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Abstract

Artificial Intelligence is increasingly used to support decision-making across many domains.
However, concerns related to transparency, reliability and human oversight indicate the
need for improved human-centered Al (HCAI) approaches in decision support systems
(DSSs). In this paper, a systematic review was conducted in accordance with PRISMA 2020
in the Web of Science database: ninety research articles published between 2015 and 2025
were analyzed to investigate how HCAI is applied within DSSs in multiple application
domains. HCAI + DSS research outcomes were analyzed and explored, first identifying the
main architectural designs and discussing the involved components integrating human
interaction, generative Al models, data and knowledge management, decision logic, and
orchestration mechanisms, then focusing on specific domains and highlighting impact
achieved, technologies used, and validation strategies employed. In addition, alignment
with United Nations” Sustainable Development Goals (SDG) was considered, and the
temporal evolution of the most relevant topics was studied to identify more interesting
trends and less investigated areas. Finally, findings were summarized, current limitations
were discussed, and future research directions for helping researchers and practitioners
in developing more reliable, explainable, and human-aware decision support systems
were outlined.

Keywords: human-centered Al; decision support systems; human-in-the-loop; explainable
AL human-AlI collaboration; trustworthy Al architecture

1. Introduction

Use of artificial intelligence (Al) is increasing in many application domains. Global
investment in Al reached $252.3 billion in 2024, with private investments up 44.5% from
the previous year. The Al sector has seen strong growth over the past decade, with total
investment increasing more than thirteenfold since 2014, when investment amounted to
$14.57 billion. A survey conducted in 2024 by McKinsey & Company showed an increase
in the global use of Al by organizations in all regions compared to previous years: North
America remains the leader in organizations” use of Al (82%), Europe stands at 80%,
recording an increase of 27 points, and China ranks third (75%), recording an increase of
27 points [1]. These numbers reveal that Al is increasingly present in today’s societies and
companies; administrations and private citizens have shown growing interest in taking
advantage of Al Various Al algorithms are used to support human decisions in various
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tasks in different fields, such as healthcare and clinical decision-making [2], industry [3,4],
environment [5], education [6], mobility [7], security [8], law enforcement [9], and commerce
and finance [10].

Al offers significant advantages in decision-making processes: in addition to identify-
ing patterns and correlations that are not immediately visible, it can manage large amounts
of data, explore broader solution spaces, and increase efficiency and automation [11],
with economic benefits as well, reducing dependence on human experts for repetitive
or standardizable tasks. However, it has significant limitations, including inaccuracies
and possible hallucinations [12], bias and discrimination [13], risks of amplifying inequali-
ties [14], social distrust of fully automated systems [15], and legal issues related to liability
in the event of errors [16]. Therefore, the growing presence of Al in decision-making pro-
cesses raises social challenges such as excessive reliance on Al-based automated processes,
limited transparency of predictive models, and concerns about the impartiality of decisions.

These challenges motivate a shift toward human-centered Al (HCAI), an emerging
paradigm that considers Al as a partner to humans, designed to support and improve
human capabilities rather than replace them. In this perspective, HCAI puts people at the
center of Al development, prioritizing needs, values, and user experience throughout the
system’s lifecycle [17]. HCAI systems are designed to collaborate with users (human in the
loop) by supporting instead of replacing them to improve the quality and reduce the efforts
of human decision-making activities [18]. This approach naturally ties in with the concept
of decision support systems (DSS), namely interactive information systems designed to
assist human decision-makers through data-driven suggestions grounded on concrete
evidence, models, and analysis, promoting more informed and motivated decisions [19].

Building on this motivation, the following research questions have been defined:

(RQ1) In which domains have HCAI approaches been applied to DSS? (RQ2) What
architectural designs, layers, and core functional components characterize HCAI + DSS sys-
tems? (RQ3) Which Al methods, human-centered interaction mechanisms, and validation
strategies have been most frequently adopted in HCAI + DSS studies?

In order to answer the research questions, a review of the state of the art was conducted
in accordance with the PRISMA 2020 guidelines [20]. The completed PRISMA 2020 checklist
is provided in the Supplementary Materials as Table S1. (The review was not registered,
and no formal review protocol was prepared. This absence of prior registration and of
a formal written protocol is acknowledged as a methodological limitation. To address
this limitation, the review process was based on predefined research questions, explicit
search terms, eligibility criteria (reported in accordance with PRISMA 2020), independent
screening by two reviewers, and an assessment of the full text of the selected studies.)
The literature search was conducted on the Web of Science [21] on 20 November 2025 and
covered publications dated from 1 January 2015 to 30 October 2025. The search strategy was
based on two groups of keywords combined with the Boolean operator AND, one related to
HCAI (“human-centered Al”, “human-centred Al”, “human-computer interaction”, “human-Al
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interaction”, “human in the loop”, “human-in-the-loop”, “human on the loop”, human-on-the-

Va7

loop”) and one related to DSS (“decision support system”, “decision-making”, “expert system”,
“recommendation system”, “collaborative decision”, “ Al-assisted decision”, “decision aid” and
“DSS”). The study selection process followed a structured manual screening procedure
and is summarized in the PRISMA 2020 flow diagram shown in Figure 1. The initial
search returned 1979 results; after limiting the results to research and review articles and
removing 1 duplicate, 1115 records were retained for screening. Articles were considered
eligible if they addressed the intersection between HCAI and DSS and were relevant to
the research questions. Because the search query returned a large number of relevant

studies, the selection was refined through manual relevance screening by two independent
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reviewers, giving priority to papers published in Q1 and Q2 journals according to the
SCImago Journal Rank index [22], especially when multiple studies addressed closely
related topics. Citation visibility in Web of Science was considered only as a supporting
element and not as a standalone inclusion criterion. After title and abstract screening, 999
records were excluded. The remaining 116 reports were assessed in full text, and 26 were
excluded because they were outside the scope of the review, reported information already
covered by other included studies, or had been retracted. A final set of 90 studies was
selected for the survey.
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Figure 1. PRISMA 2020 flow diagram of the study selection process.

For each of the included articles, information regarding the application domain was
extracted. Articles were qualitatively summarized and organized in nine application
domains (healthcare and clinical decision-making; mobility and transportation; industry
and production; environment, climate and agriculture; energy management; governance
and public administration; economy; smart living and infrastructures; and safety, security,
defense and space), highlighting their impacts, used technologies, and the practices used
for validation. Finally, a cross-domain analysis was conducted to identify architectural
patterns, the societal challenges addressed, and the benefits enabled by these systems in
relation to the United Nations Sustainable Development Goals (SDGs) within the 2030
Agenda [23]. The complete list of the 90 studies included in the review, together with their
domain classifications, SDG associations, tasks, methods, reported impacts and validation
strategies, is provided in Appendix A.

In order to ensure traceability of the research questions throughout the review process,
they were operationalized as coding fields and synthesis outputs, as reported in Table 1.
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Table 1. Traceability between research questions, extracted variables, and manuscript outputs.

Research Information Outputs Main Evidence
Question Analyzed
Identification of
Application 9 main application
. o . . domains, distribution
domain, specific Section 3, Figure 4, across the reviewed
RQ1 use context, impact, Figure 5, Section 4, .

. literature, reported
and connection Table 4 impacts. and
with the SDGs. pacts, anc

connection with
the SDGs.
Dominant
2:52)1 Fe(;,[ellsztill(jzvgi Definition of the
Huma,IFInterac tion layer architectural
. " Section 2, Figure 2, taxonomy and
RQ2 X-Generative, Data ) . .
& Knowledge Figure 3, Table2 = mapping of reviewed
! systems to

Decision Logic and

hitecture 1 .
Orchestrator layers; archutecture layers

feedback-loop type.
The Al methods
adopted, the Cross-domain
human-centered synthesis of Al
RQ3 and fxplﬁmablhct{y Section 3, Table 3 methods,
approaches used, explainability and

and the way each
system
was validated.

validation practices.

This paper focuses on the following main contributions:

Provide an updated and comprehensive (although not exhaustive) overview of the
research literature on the exploitation of HCAI in DSS (HCAI+DSS) on multiple
domains, highlighting the impact of proposed solutions, the employed techniques,
and the practices used to validate them.

Provide a layer-based architectural overview of HCAI systems: a multi-layer interac-
tive architecture with loop-feedback has been identified, summarizing key functional-
ities, enabling technologies, and typical implementations of HCAI + DSS systems.
Provide a mapping of the main HCAI + DSS literature contributions with the SDGs
to highlight which societal priorities have been addressed and where further stud-
ies are required to fill research gaps. Additionally, the temporal evolution of the
most relevant topics has been analyzed, identifying more studied subjects and less
investigated areas.

Present a comprehensive discussion on current limits and future directions of
HCAI to provide researchers with useful insights and opportunities to guide
forthcoming works.

The rest of the paper is organized as follows. In Section 2, a classification of possible

HCALI + DSS architectures is provided, describing the different layers and their charac-
teristics and responsibilities. Section 3 presents state-of-the-art HCAI + DSS solutions,
organizing them into nine application domains. In Section 4, the impact of HCAI + DSS
with respect to the SDGs is discussed. Section 5 discusses the evolution of selected key-
words over time. Current limits and future directions are presented in Section 6. Finally,
Section 7 provides the conclusions of the paper.
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2. Architecture

HCALI + DSS systems rely on a multi-level architecture integrating human and compu-
tational intelligence. Unlike fully autonomous Al systems, they keep humans in the loop to
ensure controllable interaction by offering comprehensible, reliable, safe, and trustworthy
operations grounded in auditability and oversight [24]. In Figure 2, a graphical overview
illustrates the evolution/classification from simple Al-based DSS to more complex HCAI +
DSS architectures.

XAl/Symbolic

@) (b)

Decision Logic

(000) ( )
r\m"] XAl/Symbolic (Qﬁ’g] XAl/Symbolic
m h-l M D X-Generative le!'ic:':g |_L| |_|_| |_|_| X-Generative Layer
Data & Knowledge

HI Layer D

Orchestrator

Data & Knowledge

Resources

(e)

Figure 2. Evolution of architectures for Al-based DSS from the simplest architecture (a) to more
complex solutions introducing explanatory capabilities (b), additional human-system interactions
(c), decision logic layers (d), and finally evolving toward agentic paradigm (e).

The simplest Al-based DSS is shown in Figure 2a. In this case, a Human Interface
(HI) layer is used to query and provide input to a Generative layer to retrieve models and
other possible data from a Data layer. Here, the term generative refers to an epistemological
classification encompassing all the systems able to produce detections, predictions, recon-
structions, or more generally, results that are not guaranteed to be true a priori. At this level,
the Generative layer is usually based on black-box technologies like neural networks. The
Generative layer executes the tasks and returns a response to the user through the Human
Interface (HI). An example could be the analysis of medical images in which the system is
asked to detect the presence of a disease and respond with a binary output (yes/no).

A slightly improved architecture introduces explanatory capabilities extending the
Generative layer into a new layer, renamed X-Generative (see Figure 2b). This can be
achieved by implementing XAI (eXplainable Al) techniques to explain the results of the
neural architecture or including symbolic solutions like numerical [3] or agent-based mod-
els [25], even in a hybrid framework [26], starting to transition toward neuro-symbolic
Al With such architecture, the output is enriched with additional information, like local-
ization of relevant features, description of causes leading to outcomes, confidence scores,
etc., and provided to the user through explanation interfaces and ways to communicate
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uncertainty [27,28]. The user is still out of the loop; he/she only receives a wider range of
information on which more informed decisions outside the system can be taken.

The user begins to be included in the system/loop with the architecture represented
in Figure 2c: a new interaction between the HI and the Data and Knowledge layer is
added to model the possibility for the user to provide feedback on system outputs or
to augment the system knowledge dynamically. Referring to the example provided in
case (a), the physicians, after obtaining the output, can manually check the results and
provide feedback indicating whether the output is correct, i.e., confirming or correcting the
prediction/detection. Such information/feedback is collected in the dataspace, creating
a de facto new example that may be used for retraining or fine-tuning the AI model in a
continuous learning approach often implemented via refinement with human-in-the-loop
as active learning and continuous learning [29].

Note that the above-presented cases (a), (b), and (c) can provide solutions to relatively
simple tasks such as single iterations of what-if analysis or answers to questions like: “Does
this image show a disease?”, “ How many cells are visible in this image?”, “ Do these two proteins
interact?”, ”How will the traffic congestion change on this new road graph?”,“How are the prices
of these stocks expected to change?”. On the other hand, the described systems cannot address
complex tasks like: “I have this problem, with these constraints. Find me possible solutions.”,
which include actual suggestions of prescriptions.

To allow the system to be able to work on more complex tasks, new layers and inter-
actions are required. Figure 2d shows an additionally improved architecture including
a Decision Logic layer that extends the decision pipeline beyond pure explanation (de-
scription). This new layer is responsible for scoring the results of the X-Generative layer,
providing feedback to improve the models and producing prescriptions. It can be imple-
mented by exploiting symbolic constraints, rules, optimization-based checks, or structured
decision processes, keeping the decision logic justifiable [30], thus implementing a full
neuro-symbolic Al system. Moreover, the Decision layer can also introduce changes in
the problem scenario by varying constraints, objective weights (reward/utility), or en-
vironment parameters, thus creating alternative versions as inputs for the X-Generative
layer. The Decision layer can be instantiated as a critic evaluating candidate actions with
the aim of identifying the most valid solutions/prescriptions to the user’s problem [31].
Explanations are still produced by the X-Generative layer (e.g., saliency, confidence, coun-
terfactual candidates) and exposed through the Human Interface to make the Decision
Logic’s trade-offs, active constraints, and why/why-not choices inspectable [27]. Note that
the user is kept in the loop: once the iterations among Decision Logic, Data and Knowledge,
and X-Generative layers reach a stable set of solutions, the user is still able to assess the
output and provide feedback.

The final stage of HCAI-DSSs is illustrated in Figure 2e, in which the system is
evolving toward an agentic paradigm to achieve improved robustness across a broader
range of problems. Multiple X-Generative and Decision Logic layers are made available as
exploitable tools, each one tailored for addressing a specific task, while several Data and
Knowledge layers are at disposal as resources. This approach requires the introduction of
an Orchestrator layer in charge of understanding the user requests, selecting the right tool
or resource to call at the right time, enabling the execution of a chain of simple tasks to
solve complex problems via modular workflows [32], adapting its behavior according to
the received outputs. Note that the user can be interviewed by the Orchestrator to collect
additional input to dynamically drive the production for the best solution. For example,
suppose a city officer must design new public transport lines and scheduling since in the
near future, part of the city will be blocked due to some road work. After defining the
area of interest and specifying the roads that will be closed, it asks the system to provide
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novel public transport plans. The Orchestrator decomposes the request into subtasks (e.g.,
demand forecasting or scenario simulation), calls the appropriate generative/decision layer,
and iteratively queries the user to refine objectives. It then returns a ranked set of alternative
plans with estimated Key Performance Indicators (KPIs), together with explanations of
the trade-offs and constraints supporting the selected solution. Where task allocation is
relevant, the orchestration also enforces role assignments and calibrates autonomy levels
based on interaction outcomes [33].

After presenting this final and more complete architecture, in the next section, the five
introduced layers will be discussed in more detail in terms of functionalities, technologies
involved, and how they are typically implemented in practice, with explicit reference to
state-of-the-art literature.

To provide empirical support for the proposed five-layer taxonomy in Figure 3, the
distribution of the considered works classified in one of the presented architectures is
reported. Note that 42 out of 90 papers do not provide information on a specific architecture,
being, for example, surveys, behavioral studies, or legal and ethical analysis. The remaining
48 papers were classified as: 7 (14.58%) in level 1 (Figure 2a), 7 (14.58%) in level 2 (Figure 2b),
7 (14.58%) in level 3 (Figure 2c), 18 (37.50%) in level 4 (Figure 2d), and 9 (18.75%) in level
5 (Figure 2e). The distribution shows that most implemented architectures are classified
as level 4, corresponding to systems in which Al/model outputs are transformed into
recommendations, rankings, prescriptions, plans, or selected alternatives through explicit
decision logic. Conversely, each architecture of levels 1 to 3 was found in a smaller number
of papers, demonstrating that simple and straightforward solutions are less used in recent
HCALI + DSS systems. On the other hand, some papers implement a more advanced
architecture with a specific orchestrator; however, it is important to notice that, among
the 18 papers, only 2 [32,33] propose systems that exploit large language models (LLMs)
following more recent developments of agentic Al

Level 5 (Fig 2(e)) Level 1 (Fig 2(a))

Level 2 (Fig 2(b))

Level 4 (Fig 2(d)) Level 3 (Fig 2(c))

Figure 3. Distribution of reviewed papers across the identified architecture levels.
2.1. The Five Layers of HCAI Systems
2.1.1. Human Interaction Layer

This layer represents the contact between the user and the system. It enables users
to provide input, receive recommendations, and interpret outputs. Typical technologies
include human—computer interaction (HCI) interfaces and dashboards [34,35], allowing in-
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teraction with natural language [36] and including solutions to present XAl insights [37]. Im-
plementations of such technologies encompass the design of interactive visual workspaces
to explore model outputs and decision variables [38,39], as well as the development of ded-
icated explanation interfaces that expose “why/why-not” through interactive explanations
(e.g., counterfactual “what-if”, saliency-map) [27,40]. In [28], the use of uncertainty com-
munication patterns, specifically, how uncertainty is measured and presented to support
calibrated reliance, has been addressed. In contrast, a decision interaction pattern, such as
requesting additional advice and comparing recommendations to reduce over-reliance, has
been proposed in [41]. In [42], a solution to include human interaction by monitoring the
operator state and adapting prompts or interventions has been presented. Note that expla-
nations are treated as a cross-layer capability: they may be generated by the X-Generative
or Decision Logic layers and exposed to the user in this layer [43,44].

2.1.2. X-Generative Layer

This layer represents computational intelligence and implements models that generate
predictions, diagnoses, detections, simulations, and reconstructions. This layer is typically
built by exploiting machine learning (ML), deep learning (DL), reinforcement learning
(RL), reasoning systems or Bayesian networks, agent-based models (ABM), and numerical
models. For example, in [45], the authors have proposed DL predictive models to map
inputs to outputs used in decisions. Graph-based or structured models paired with XAI
techniques to make them explainable have been proposed in [27], while in [42] and in [46],
policy-learning and reinforcement-learning solutions have been used to adapt recommen-
dations or autonomy levels based on interaction outcomes. Multi-stage model stacks, in
which different Al modules are leveraged to produce intermediate outputs, successively
combined to provide a final result, have been instead proposed in [25,32].

2.1.3. Data and Knowledge Layer

This layer manages structured and unstructured data and semantic knowledge to
support decision-making. It is usually implemented with technologies such as data ware-
housing, knowledge graphs, ontologies, and data lakes. Works in the literature have
proposed heterogeneous data ingestion pipelines by combining different input modalities
(e.g., images, logs, sensor streams) into a single data workflow [45,47], and solutions capable
of handling streaming and real-time data to keep system state updated as new observations
arrive [47]. In this context, Internet of Things (IoT) data acquisition plays a crucial role
in continuously collecting and making available to the DSS real-time signals produced
by users and external systems [48]. However, data availability alone is not sufficient for
trustworthy Al: integrity, provenance, and secure sharing of the information used by down-
stream Al and decision-logic components are also required in the Data and Knowledge
layer. Blockchain and distributed ledger technologies address these requirements through
tamper-resistant records, decentralized data validation and smart contracts, reducing the
risk of data manipulation in HCAI + DSS workflows [49,50]. Moreover, the digital twin
paradigm has been exploited [51,52] in order to keep a “live” entity representation, created
on historical data and continuously updated through real-time input [31]. Efforts focusing
on dataset curation and labeling workflows have appeared, such as, for example, label
acquisition and iterative dataset refinement based on human input [29], or inclusion of
uncertainty metadata to enable downstream components to work reliably [28]. In [53], a
knowledge-based retrieval solution combined with updating mechanisms has been used to
refine stored information, like cases and features, via user’s feedback.
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2.1.4. Decision Logic Layer

This layer combines rules, decision-making logic, and multi-criteria analysis to evalu-
ate results and produce recommendations, prescriptions or even complex new scenarios.
Decision trees, multi-criteria decision-making, optimization models, collaborative scenario
construction [54], domain-related constraints [55], reward/utility approaches [44], and en-
vironment parameters [43] are all technologies that can be used to implement the Decision
Logic layer. For example, the optimization of constrained objective functions to translate
model outputs into recommendations has been proposed in [30,56]. In contrast, in [57,58],
the authors have proposed automated planning solutions to generate alternative action
sequences and scenarios. The use of interpretable decision structures to keep decision logic
inspectable and justifiable (e.g., rule-like or structured decision models) has been discussed
in [59], while in [32], decision frameworks that explicitly structure decision-making into
stages have been introduced.

2.1.5. Orchestrator Layer

This layer orchestrates the system and is the heart of the agentic architecture (see
Figure 2e). It is in charge of interpreting and decomposing the user’s request into simpler
subtasks to achieve the final goal. On the other hand, it interacts with all the other lay-
ers, exploiting them via application programming interfaces (APIs) and communication
protocols. In this way, the Orchestrator is able to reach tools and resources locally or
remotely, including humans, thus improving the feedback loop. The Orchestrator invokes
the right tool/resource (among those at its disposal) to complete each subtask, possibly
in several steps. According to the implemented policy, this layer can move over a fixed
and well-defined order of steps or dynamically and independently decide which step to
execute depending on the outputs progressively received by the tools.

According to the identified literature, the agentic architecture has not yet been fully
implemented into HCAI+DSS; nevertheless, solutions moving toward such a paradigm
have been proposed. For example, a modular orchestration via workflows connecting a
user interface (UI), data, models and decision logic is proposed in [32]; a task assignment
coordinating execution and responsibilities for autonomous robots mission planning is
described in [58]; context-aware module selection to choose explanation methods based on
context/constraints is discussed in [60]; and a multi-agent aggregation for group decisions,
in which preferences and criteria are negotiated to reach a consistent decision, is presented
in [61]. Similar orchestrator-like patterns are emerging in industry, for example, in agent-
based digital payment systems, where Al agents can carry out transactions on behalf
of users, demonstrating the practical feasibility of the coordinated use of these tools in
regulated environments [62]. More recent evolutions of agentic Al systems leverage the
emergent capabilities of LLMs to decompose tasks into subtasks, coordinate workflows,
and decide when external tools are needed for specific activities; they also have a strong
capability to understand natural language and user intention, which is fundamental for
human-computer interaction. Nevertheless, the exploitation of LLMs is still challenging,
since such models lack grounded knowledge, can produce hallucinations, and have limited
long-term memory. Moreover, by not relying on explicit symbolic reasoning, they offer
limited interpretability. In addition, technical and economic barriers can impose limits
on the adoption of LLM-based agentic Al. While foundation models avoid the need for
training, they require expensive hardware for on-premises deployment. On the other
hand, relying on LLM-as-a-service via paid APIs can still be financially prohibitive and
can raise data privacy concerns. To address these problems, further research is required.
On the one hand, there is a need for studies aimed at reducing the size of LLMs without
producing excessive degradation of performance. On the other hand, neuro-symbolic

https://doi.org/10.3390 /bdcc10060186


https://doi.org/10.3390/bdcc10060186

Big Data Cogn. Comput. 2026, 10, 186

10 of 40

approaches can be further investigated to ground the LLM knowledge in accurate and
factual information, like, for example, graphs describing decision-logic schemas to guide
task resolution, making LLM-based agentic systems more reliable and explainable.

Other solutions, not classifiable as agentic architectures, are more focused on coor-
dinated interaction for continuous learning. Active learning and bias-aware adjustments
have been implemented, exploiting human feedback loops to update models or sampling
strategies: the model selects high-value examples, asks humans to create new annotations,
and then uses the newly labeled data to retrain itself, progressively improving training
data quality over time [29,63]. Moreover, by leveraging online and continuous adaptation,
policies or allocations can be updated as new outcomes and feedback arrive [56,64], also
implementing closed-loop system updates where a “live” system representation is continu-
ously updated and used for decision/control [31,47]. In [46], fine-tuning loops for shared
autonomy or automatic calibration have been proposed, exploiting functional allocation
between humans and robots (who controls which part of the task), while the usage of
deployment iteration practices, performance monitoring, and data/model choice revision
over time based on operational experience has been proposed in [65].

Table 2 shows the main roles, typical inputs and outputs, and enabling technologies
for each layer that has been discussed.

Table 2. HCAI + DSS: Five-layer architecture summary. For each layer (Human Interaction, X-
Generative, Data and Knowledge, Decision Logic, and Orchestrator), the table reports the main role,

typical inputs, typical outputs, and enabling technologies.

Layer Main Role Typical Inputs Typical Outputs Enabling Technologies
Interface between users
and th tem; Recommendations,
© systemy Natural-language ecomme ons HCI/UI dashboards,
captures input, . dashboards,
queries, parameters, " . natural-language
. presents . why/why-not . .
1. Human Interaction . constraints, preferences, g interfaces, explanation
recommendations and . explanations, .
. corrections/ e . Uls, uncertainty
explanations, and . . clarification questions, L.
labels, confirmations. communication patterns.
enables captured feedback.

structured feedback.

2. X-Generative

Computational
intelligence that
produces estimates and
candidates (predictions,
diagnoses, simulations,
reconstructions,
recommendations).

Data/features,
environment state, task
specification/prompts,

(soft)
constraints, context.

Predictions, candidate
plans/actions,
scenarios/simulations,
uncertainty estimates,
explanatory artifacts.

ML /DL models,
RL/policies, Bayesian,
planning engines,
agent-based models,
numerical models,
hybrid neuro-
symbolic methods.

Manages struc-

Sensor/log streams,

Curated datasets,

Data lake/warehouse

tured /unstructured knowled
ed/unstruc © datasets, documents, feature stores, updated owedse
data and semantic graphs/ontologies,
knowledge knowledge graphs, .
3. Data and Knowledge knowledge; supports . . streaming platforms,
. graphs/ontologies, system state, quality . .
continuous updates . IoT ingestion,
. human labels, realized and L .
and quality/ . digital-twin
. outcomes. uncertainty metadata. ..
uncertainty metadata. synchromzatlon.
. timization,
Evaluates, filters, and . Op .. O.
. . Scores/rankings, multi-criteria
ranks candidates; Candidate outputs . .. .
. . selected solutions, decision-making,
enforces constraints; from X-Generative, . .
.. . .. . alternatives, rule/constraint
4. Decision Logic optimizes trade-offs; hard/soft constraints, . . .
s N . scenario/constraint systems, constraint
produces justifiable objective weights, . .
adjustments, solving, automated

recommendations
and alternatives.

policies, rules.

decision rationale.

planning, interpretable
decision structures.
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Table 2. Cont.

Layer

Main Role

Typical Inputs

Typical Outputs

Enabling Technologies

5. Orchestrator

Decomposes complex
tasks, selects
tools/resources,
manages iterative
workflows, calibrates
autonomy /roles, and
closes feedback loops.

User request, system
state, intermediate
outputs, orchestration/
assignment policies.

Executed workflows,
tool calls, user queries
for refinement, final
ranked solutions
with KPIs.

Workflow engines,
tool/ API calling, policy
graphs, monitoring and

continuous-learning
hooks,
deployment pipelines.

3. Review of HCAI + DSS Solutions

There is a wide range of research literature regarding the application of HCI and HCAI
in DSS contexts. Following the queries defined in the Introduction, a total of 1979 articles,
published from 2015 to 2025, were initially found. In order to provide an overview of
the growing interest around these topics, the temporal evolution of the above-mentioned
papers (grouped by year of publication) is reported in Figure 4. It is worth noting that the
count for 2025 refers to publications indexed up to 30 October 2025, since the search was
performed on that date, in advance of the actual analysis, which took time to complete.

400
350
300

250

200
150
100

il
0

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025

o

Figure 4. Temporal evolution of the number of published papers on HCAI + DSS from 2015 to
2025. The year 2025 is shown in a different color because it represents a partial-year count, including
publications up to October only, whereas the other years refer to complete annual counts.

On the other hand, many different approaches have been proposed in the literature
for classifying HCI frameworks and DSS solutions across a variety of application domains.
For this reason, we focused the presented study on the main application domains emerging
from the literature. After careful screening, a total of 90 research and review articles on
HCAI + DSS have been considered as a reference basis for the survey presented in this paper.
For each paper, the following aspects have been identified: the application domain, the
reference subdomain, the claimed impact, the techniques adopted for the implementation
of the HCAI approach, and the validation strategy used to assess the proposed system
(e.g., user studies/experiments, real-world case studies, simulation-based evaluations, or
offline benchmarking). In Figure 5, the identified HCAI domains with their subdomains
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and application areas are graphically presented. On the other hand, Figure 6 shows the
number of papers identified in the literature for each application domain. In the following
subsection, each domain is separately discussed.

Diagnosis
Prognosis / triage
Treatment & medication
* Lifestyle / nutrition
Healthcare
clinical
decision
making

Process control rooms
Planning & logistics

Interpretable planning
Industrial robotics

Smart
environment,
climate
agriculture

Smart farming
Irrigation & water

Food safety & risk assessment
Environmental modeling
Disaster management

* Space operations

* Forensics (bio/media)
* Cyber & critical infrastructure
* Disaster management

Logistics & routing .
Aviation / cockpit .

Justice & welfare

Urban management

Algorithmic governance
Editorial support (plagiarism)

UAV/RPAS: safety
Shared control

* Business analytics (SCM)
* Managerial / IT decisions
* Tax advisory (GenAl)

* Sentiment / marketing

Smart living
and
infrastructures

¢ Urban/heritage DSS
* Personalized Ul/learning
* Task assignment

* Power grid control rooms
* Digital twin (PV/smart energy)
¢ Nuclear emergencies (VR)

Figure 5. HCAI + DSS domains with related components and application areas.

Healthcare and clinical decision making
Smart Economy

Cross-domain

Smart industry and production

Smart Governance and public administration
Mobility and transportation

Smart living and infrastructures

Safety, Security, Defense and space

Smart environment, climate and agriculture

Smart energy Management

o

5 10 15 20 25

Figure 6. Number of papers identified in the literature search for each HCAI + DSS domain.

Explainability was considered as a cross-domain evaluation criterion. In this review,

technical explainability refers to model- or algorithm-level mechanisms, such as saliency

maps, counterfactuals, uncertainty estimates, SHAP explanations, etc. Functional explain-

ability refers to the extent to which explanations are understandable and actionable for the

intended decision-maker in the workflow. This distinction follows recent work stressing

that explainability should be assessed both as a system property and in terms of human un-

derstanding and decision usefulness [66—69]. Table 3 shows the domain-level explainability
criterion used to interpret the reviewed HCAI + DSS systems.
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Table 3. Domain-level explainability criterion used to interpret the reviewed HCAI + DSS systems.

Domain

Technical Explainability

Functional Explainability

Healthcare and clinical
decision-making

XAI interfaces, counterfactuals,
uncertainty communication and
interpretable clinical visualizations.

Evaluated through trust, reliance,
cognitive load, acceptance and
clinician-facing
workflow integration.

Mobility and transportation

Collision-prediction logic, cockpit
decision support, shared-control
rationale and simulation traces.

Assessed through simulated
understandability, workload and
pilot/operator feedback; field
evidence remains limited.

Smart industry and production

Fault rationale, interpretable resource
planning, operator-state monitoring
and visual analytics.

Related to control-room workload,
situational awareness and
operator intervention.

Smart environment, climate
and agriculture

Visual thinning simulations,
predictive irrigation models, scenario
analysis and
human-model interaction.

Often domain-expert-facing; transfer
to non-expert stakeholders is less
systematically evaluated.

Smart energy management

Causal models, what-if simulations,
digital twins and immersive
emergency visualization.

Relevant in high-risk settings, but
usually validated in proof-of-concept
or simulated settings.

Smart governance and
public administration

Algorithmic transparency, oversight
mechanisms and
accountability-oriented explanations.

Mainly institutional rather than only
individual; human oversight alone
may not be sufficient.

Smart economy

Context-aware XAl selection,
business-oriented explainability and
trust/responsibility studies.

Evaluated through managerial trust,
delegation, perceived responsibility
and business decision usefulness.

Smart living and infrastructures

Personalized interaction models,
learning-style classification, UI
optimization and
workload-management feedback.

Related to personalization, feedback
and user self-regulation; evidence
remains heterogeneous.

Safety, security, defense and space

Relevance feedback, forensic decision
support, mission constraints and
Cognitive Systems Engineering.

Related to accountability and safety
under high uncertainty; empirical
validation is often scenario-based.

3.1. Healthcare and Clinical Decision-Making

From the analysis of the works in this domain, a predominant focus in the use of HCAI
+ DSS techniques in clinical decision support systems (CDSSs) is diagnostic support, with
systems supporting diagnostic decisions in various clinical settings through the analysis
of images [48,69] or physiological signals [70,71]. Additional aspects identified include
prognostic support for assessing severity and clinical outcomes [56,72], decision support for
triage and patient management [73], systems supporting treatment- and medication-related
decisions [45,69], and DSS for promoting healthy lifestyles and nutrition (e.g., healthy food
recommendations in the workplace) [74].

The impact of these systems consists of improving the accuracy and timeliness of
diagnosis [70,71] and triage or timeliness in urgent decision support [56] while reducing po-
tential clinical errors, supporting complex clinical decision-making [46,69], and improving
patient safety and overall quality of care, even in highly critical contexts [73]. In addition, Al
systems are made explainable to increase user trust in their use [75-78], and heterogeneous
biomedical data and multiple signals are integrated and visualized to support clinical
interpretation [70,72,79] while enabling the development of high-performance Al tools that
can be effectively integrated into clinical workflows [39,74].
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Regarding the techniques used, the main approaches include ML and DL on im-
ages [48], physiological signals [45], Electronic Health Records (EHRs), high-volume clinical
data with XAI techniques (trust/reliance [75], uncertainty [80], pragmatic embedding [28],
XAl interfaces [71]), Knowledge Discovery in Databases [81] or HCI interfaces guided by
usability principles (ISO 9241-11 [82], user-centered design, usability studies) [39,70], ex-
ploiting augmented reality, natural user interfaces, mobile devices [39], and telehealth [71].

Regarding system validation, studies have been conducted with doctors, nurses, phar-
macists, therapists, and sometimes non-expert people, using trust/reliance measures in real
cases (trust in CDSS and Al) [28,75] and in explainable clinical support settings [71], as well
as cognitive load and workload measures (mental workload, interaction fluency) [39,80],
and measures of satisfaction and acceptance of the system (perceived trust, usefulness,
intention to use) [69,74].

3.2. Mobility and Transportation

In this domain, the reviewed studies show that HCAI + DSS techniques are used in sev-
eral mobility and transportation contexts. These include logistics and urban transport such
as fleet composition problems [30], the routing and scheduling of intelligent autonomous
vehicles in industrial logistics systems [30], and shared control and driver—automation coop-
eration in lane-keeping assistance systems [83], as well as remotely piloted aircraft systems
(RPAS) or unmanned aerial vehicles (UAVs) for operator interaction and supervisory con-
trol [84], and for decision support in mission planning and operator interaction [58]. In the
RPAS domain, Automatic Dependent Surveillance-Broadcast (ADS-B)-based separation
assurance and collision avoidance systems are validated through real-time hardware- and
human-in-the-loop simulations to support both fully automatic operations and remote pilot
decision-making [85], aviation applications including pilot decision support for diversions
and continuous versus recommendation-centric support [86], and cockpit layout evalu-
ation [87]. Note that keywords such as cooperative, connected and automated mobility
(CCAM) and connected autonomous vehicles (CAVs), even if able to exploit Al techniques,
are not usually related to DSS; thus, they did not emerge from the literature selection.

For the impact, the proposed systems aim to improve safety in RPAS operations [85],
support pilot decision-making in aviation contexts [86], and improve operational efficiency
in urban freight transport [30] while supporting pilots in complex decision-making sit-
uations [87] and reducing cognitive load through driver-automation cooperation [83],
enhancing human supervision and decision-making over UAV mission plans [58] and sup-
porting automatic separation assurance and collision avoidance in RPAS operations [85].

Technologies adopted by these systems are based on the following: for fleet compo-
sition and routing, mathematical optimization algorithms and stochastic models [30]; for
planning and simulation, interactive interfaces [58]; and for “forward” vs. “backward” Al
support in cockpits [87], hybrid human—-automation control algorithms (shared control,
driver-automation cooperation) [83] and the integration of ADS-B data with collision-
prediction logic for RPAS [85].

Regarding validation, studies have been conducted with professional pilots in sim-
ulated flight scenarios [86], or evaluations have been performed with users/operators
on UAV scenarios in a simulated environment using QGroundControl and DSS [58], by
measuring performance, or through subjective feedback (understandability, load) [83,87]
and through real-time hardware- and human-in-the-loop simulations for RPAS separation
assurance and collision avoidance [85]. However, simulation-based validation remains
insufficient, as real-world factors such as sensor noise, communication delays, environ-
mental variability, and operator stress can still affect system performance. Future studies
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on RPAS/UAV HCAI + DSS should therefore supplement simulations with controlled
real-world testing and operational monitoring.

3.3. Smart Industry and Production

In this domain, a prevalent feature in the use of HCAI + DSS techniques is the develop-
ment of industrial control rooms—for chemical processes [42] and industrial cyber-physical
systems (ICPS) [88]—to support operators under multiple alarms and critical scenarios.
They include decision-making frameworks integrated into the plant operational system
(e.g., container terminals) [47], DSS for industrial processes [38], and interpretable systems
for resource-allocation planning (e.g., crane planning) on construction sites [59], as well as
shared-autonomy systems for industrial robots and high-level tasks [36].

In terms of impact, the solutions reviewed primarily aim to reduce the risk of human
errors and accidents in complex industrial plants [42]. XAl is used for describing the
rationale of the detected faults [89] while improving efficiency, productivity, and quality in
industrial processes [47]. They also make Al models interpretable so that their results can
be directly accessed by decision-makers, such as engineers and managers [59], enabling
shared autonomy and adaptive human-robot policies under human supervision [46].

Regarding the techniques used, the main approaches include DL models [59], Hidden
Markov Models, dynamic influence diagrams, and RL to monitor plant status [42], together
with advanced human-machine interface (HMI) and visual analytics [47] and a hierarchical
Markov decision process for adaptive human-robot policies [46].

For system validation, experiments have been conducted with process operators (in-
cluding professionals), often in realistic control-room simulators [42]. Pilot studies were
also conducted with users on robotic tasks [90], measuring performance and control prefer-
ences [42], alongside measurements of workload, situational awareness, and interaction
styles (eye-tracking, questionnaires, interaction logs) [42]. In addition, performance and
cognitive metrics were evaluated in operator studies involving Al-supported control room
environments [42], while decision-support performance was assessed in industrial planning
applications such as crane planning [59].

3.4. Smart Environment, Climate and Agriculture

In this domain, HCAI + DSS have been used for smart farming/Agriculture 5.0,
sustainable crop, and soil management to support end-to-end agricultural processes [91];
predictive/adaptive irrigation integrating models, weather data, humidity sensors, and
human preferences [43]; visual decision support for quantitative and visual forest thinning
(2D /3D before/after simulation) [92]; human-model interaction frameworks for food
safety and risk assessment (e.g., infant food) [54]; hybrid ML—-geostatistical models for
territorial /environmental applications like mineral grade estimation in mining, where
human experts guide or validate hybrid ML—-geostatistical ensemble models to improve
prediction accuracy [93]; user experience (UX)-oriented demonstration prototypes for
reducing the risk of disasters affecting communities through digital services [40] and DSS
and agents for multi-stakeholder decisions in disaster management (e.g., strategic roads in
floods) [61].

The impact of the reviewed solutions has been focused on increasing productivity
and reducing waste of resources (water, fertilizers, energy) in agriculture [43,77], as well as
improving food safety risk assessment by integrating models and expert knowledge [54]
and simulating the effects of forestry decisions (e.g., thinning) through visual analysis [91].
In addition, the analyzed solutions have supported multi-stakeholder [94] decisions in
environmental disasters [40], critical infrastructure planning [61], and decision-making in
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agriculture under environmental variability and complex farming conditions (irrigation,
forest management, agricultural risk) [91].

The main adopted technologies have been knowledge representation and reasoning
(KRR), including ontologies and knowledge graphs, and ML predictive modeling for agri-
cultural processes and smart farming systems [91]. In addition, these systems adopt data-
driven scenario analysis and stochastic/Monte Carlo simulation for food safety risk assess-
ment [54] or control-oriented modeling and forecasting, up to model-based control/Model
Predictive Control approaches [43]. Finally, they include multi-agent systems/agent-
based modeling and negotiation-based decision support for multi-stakeholder decision-
making [61].

Regarding system validation, the reviewed systems were evaluated with domain
experts through analysis of indicators such as water savings in irrigation management [43]
and forest stand structure in forestry decision support systems [92]. Additional validation
was performed through real-world case studies, including applications to a sweet corn
field in Florida [43], a Chinese fir plantation [92], and disaster management scenarios
involving multiple stakeholders [61], while some works provided conceptual frameworks
and research perspectives rather than empirical system validation [91].

3.5. Smart Energy Management

Based on the reviewed studies in this field, HCAI + DSS techniques are frequently
applied to control rooms for electrical networks (critical infrastructure) [88] digital twins and
integrated frameworks for photovoltaic and smart energy infrastructures [31]; and decision
support for nuclear emergencies using Virtual Reality (VR) and causal models [95]. In terms
of impact, these systems reduce errors and reaction times for operators in energy control
rooms [88], while supporting complex decisions in high-risk (nuclear) emergencies through
human-centered decision support tools [95] and increasing the resilience and security of
critical energy systems [88], as well as for facilitating the control and understanding of
complex photovoltaic systems through interactive digital twins [31].

The technologies used by these systems depend on the operating environment. The
proposed systems rely on causal models, what-if simulations in a VR environment to evalu-
ate emergency strategies [95], or the integration of simulators, Industrial Control Systems
(ICS) testbeds, cyber-physical systems and cognitive metrics (eye-tracking) [88], and digital
twins, physical models, and immersive visualization for control and training [31].

Regarding validation, studies were conducted with professional electricity grid op-
erators or students, measuring performance, accuracy, and cognitive measures [88], or
controlled experiments were conducted in simulated nuclear emergency scenarios with
participants making decisions through VR [95], and proof-of-concept and initial usability
studies for interaction with the digital twin [31].

3.6. Smart Governance and Public Administration

Based on the reviewed studies in this field, HCAI + DSS techniques are applied to
several public-sector decision settings, including systems supporting decisions in criminal
justice [96] and the assessment of defendants [97], urban management (e.g., identifying
vacant/abandoned properties) [65], analyses of human oversight in welfare administration
systems and automated decisions [98,99], and investigations of the role of plagiarism-
screening tools in editorial decision-making [100], as well as policies on algorithms [101,102]
in public administration and trust in public-sector algorithms [103]. Here, algorithmic gov-
ernance, accountability, and human oversight are widely debated [98,99,101]. In particular,
human-in-the-loop approaches are critically examined as a regulatory safeguard, especially
with regard to their practical effectiveness [99,101].
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For the impact, the proposed systems support complex decision-making in urban [65]
and crisis management by balancing efficiency, fairness, and the protection of the most
vulnerable [94]; help understand how Al errors influence human judgments and decision-
making performance [96], including judgments about defendants [97]; how algorithms
shape the decision-making space [100]; propose a shift from individual human oversight to
institutional forms of oversight [101], and seek to ensure accountability, transparency, and
democratic control over governmental algorithms [98,99].

Technically, these systems are based on ML classification methods [65], screening
software [100], or trust in public-sector algorithms [103], human oversight of government
algorithms [101], transparency and human oversight in algorithmic systems [102], and
human oversight in automated decision-making [99].

Regarding validation, these systems have been evaluated by quantitatively comparing
the performance of the model with and without human intervention and analyzing the
differences in results [65], or through studies on oversight and policy (mainly conceptual
and qualitative analysis, without numerical experimental validation [101,102]), and studies
focusing on trust in public-sector algorithms [103] and human oversight in automated
decision-making [98].

3.7. Smart Economy

In this domain, HCAI + DSS techniques are commonly applied to supply chain, de-
mand forecasting, and business analytics. These include selecting XAI methods in business
Al contexts [60,104]; tools supporting business innovation and human-machine collab-
orative decision-making [105]; decision support for IT leaders in project selection [106];
tax-advisory decision support using generative models [107]; and sentiment analysis sys-
tems across reviews, films, marketing contexts [108], and Al-supported decision-making in
hospitality and tourism settings [109].

In terms of impact, these systems increase the effectiveness of data-driven strategies
in business contexts (e.g., supply chain and marketing) [108] while maintaining inter-
pretability and comprehensibility of decision-making models [60], supporting innovation
(exploration/exploitation) through human-AI collaboration [105]; align the use of XAI
and DSS with business objectives and constraints [60,104]; address trust in Al-supported
decision-making [109] and questions of responsibility in Al-assisted decisions [110,111]; and
examine when, and for which decisions, managers are willing to delegate to AI [107,109].

Technically, these systems are based on ML and XAI techniques with DSS supporting
the selection of XAI techniques based on the context of use [60,104], as well as qualitative
analysis of case studies [112], and discussions of practical business cases [113], and even
experimental methods with hypothetical scenarios (surveys, simulated decision-making
tasks) to analyze how people trust Al [109], accept its use in decisions [110] and perceive
who is responsible for the decision (locus of causality/responsibility) [111].

Regarding validation, these systems have been evaluated by managers in simulated
decision-making scenarios [105], IT leaders [106], hospitality professionals in decision-
making scenarios [109] or by evaluating metrics such as decision-making performance
measures [60] and trust, acceptance, and perceptions of responsibility in DSS [110,111], or
even by analyzing case studies and practical business problems [112,113].

3.8. Smart Living and Infrastructures

HCALI + DSS systems are applied to a range of interactive systems. These include
generative and interactive tools for urban design/urban aesthetics, with human-in-the-loop
aesthetic evaluation [114]; monitoring of historic villages [115]; e-learning systems that
classify learning styles via chatbots [116]; facial emotion recognition for human behavior
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analysis [108]; architectures for the metaverse/Web3.0 and human-in-the-loop RL for
intelligent smart contracts [44]; frameworks for adaptive task assignment [64]; and DL
systems for Ul and personalized interaction design [117].

In terms of impact, these systems support complex urban design decisions (configura-
tions, aesthetics) while keeping the designer in the loop [114], improving the management
and use of historical /urban infrastructure through human-in-the-loop approaches [115],
increasing the efficiency of distributed urban tasks [64], customizing Uls [117], and training
courses [116] based on behavioral and cognitive styles.

The main technical approaches include generative algorithms and interactive evo-
lutionary design with hybrid aesthetic evaluation [114]; RL (Deep Q-Networks (DQN)
with attention) with human supervision to partition task streams [64]; deep learning for
recommendations, layout optimization, and user interaction data analysis [117], traditional
ML for learning-style classification [116]; and CNN + Hierarchical Convolutional Recurrent
Neural Network (HCRNN) + Random Forest pipelines for facial emotion recognition [108].

Validation is reported via urban designers exploring urban design spaces [114]; exper-
imental studies with students/learners [116]; tests on standard datasets with comparisons
against other ML algorithms [108]; and usability and performance evaluations for Ul
recommendation and layout optimization [117].

3.9. Safety, Security, Defense and Space

In this context, HCAI + DSS techniques are applied to several mission- and safety-
critical settings. These include space situational awareness (SSA) and decision support in
space operations [55]; extravehicular activities (EVA) under strong safety constraints [118];
knowledge-based and relevance-feedback systems for fingerprint identification and other
forensic applications [53]; and forensic and regulatory analyses of Al use for DeepFake
detection and media forensics [119]. Related work also addresses DSS and simulation-
based [61] support for disaster management scenarios [94]. These systems primarily ensure
security and reliability in high-risk missions, such as space operations [55], extravehic-
ular activities under strict safety constraints [118], and critical cyber-physical infrastruc-
tures [88], while reducing human error and increasing situational awareness in highly
complex environments [88,118]. In addition, these systems aim to improve media foren-
sics tools to address the risks of disinformation associated with DeepFakes and similar
technologies [119] and aim to increase the accuracy and transparency of forensic tools
(fingerprints [53], DeepFakes [119]) integrated into decision-making processes.

Regarding the techniques used, these systems are based on Cognitive Systems Engi-
neering techniques for designing DSS in safety-critical environments [118] and on modeling
of operational scenarios in space environments [55], as well as on data-driven relevance
feedback approaches with visual analytics and adaptive knowledge bases for biometric
systems (iterative customization and model updating with user input) [53] and frame-
works for forensic analytics and regulatory/ethical assessments of Al systems in security
(risk analysis and governance) [119], together with the integration of ICPS testbeds and
simulator environments for monitoring and decision support [88].

Regarding validation of these systems, laboratory studies were carried out with
operators in simulated EVA scenarios [118] or experimental evaluations of the accuracy
of DSS for fingerprint identification [53]. Furthermore, in the case of SSA, additional
conceptual validation was conducted through use cases rather than detailed numerical
trials [55], while experiments were carried out with operators and measured performance
metrics for cyber-power systems [88].
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4. Contribution to the United Nations Sustainable Development Goals

In order to relate the literature reviewed on HCAI-DSS to broader social priorities,
the United Nations Sustainable Development Goals (SDGs) of the 2030 Agenda were used
as a reference framework, relying on the SDG classification provided by Web of Science
(WoS) [120]. According to this classification, publications are assigned to one or more
SDGs based on WoS internal SDG mapping criteria. For each SDG, we report both the total
number of records returned by the initial WoS query before the study selection process
described in Section 3 and the corresponding number of filtered studies. These results help
identify research areas where more substantial contributions from HCAI + DSS may be
needed. Out of 1979 total records, only 678 appeared to be related to at least one SDG. As a
consequence, after applying these review eligibility criteria, out of the 90 selected papers,
only 22 were found to be related to at least one SDG.

In Table 4, the works related to SDGs are mapped: for each SDG, the total number
of papers found in the WoS records is reported in the second column, while in the third
column, the number of papers remaining after applying the review eligibility criteria is
shown. In the fourth column, the SDG density among the selected studies is reported. This
was computed as the percentage of selected papers associated with a given SDG relative to
the total number of selected papers with at least one SDG assignment, i.e., 22 papers:
#sé%eéied

SDG densl‘tyi = W X 100
#SDG

where #g‘g&‘"d is the number of selected papers associated with SDG; and N ;%%ted =22is
the total number of selected papers associated with at least one SDG.

Table 4. HCAI + DSS works classified according to the United Nations SDGs. The first column
reports the SDGs, the second column, the work found on WoS before filtering the results as discussed
in Section 3, while in the third column, the number of papers after the selection process. The last
column shows the references to the counted papers.

SDG Coverage
SDG #WoS #Selected Density (%) Ratio (%) References
SDG 1-No Poverty 7 1 455 14.29 [121]
SDG 2-Zero Hunger 17 1 4.55 5.88 [93]
SDG 3-Good Health
and Well Being 308 8 36.36 2.60 [33,46,48,64,69,70,79,89]
SDG
4-Quality Education o4 ! .55 1.56 [26]
SDG 5-Gender Equality 13 1 4.55 7.69 [122]
SDG 6-Clean Water
and Sanitation 8 1 4.55 12.50 [43]
SDG 7-Affordable and 20 1 455 500 [26]
Clean Energy
SDG 8-Decent Work
and Economic Growth 1 4.55 2500 [123]
SDG 9-Industry,
Innovation and 75 2 9.09 2.67 [47,59]
Infrastructure
SDG 10-Reduced 8 1 455 12.50 [121]
Inequality
SDG 11-Sustainable
Cities 144 4 18.18 2.8 [30,48,65,95]

and Communities
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Table 4. Cont.

SDG Coverage

SDG #WoS #Selected Density (%) Ratio (%) References
SDG 12-Responsible

Consumption and 66 2 9.09 3.03 [47,91]
Production

SDG 13-Climate Action 30 1 4.55 3.33 [43]
SDG 14-Life

Below Water 13 1 4.55 7.69 [43]
SDG 15-Life on Land 16 1 4.55 6.25 [40]
SDG 16-Peace, Justice

and Strong Institutions 4 ! 455 25.00 [124]
SDG 17-Partnerships 13 1 455 14.29 [59]

for the Goals

To account for the information loss between the initial WoS records and the final
selected corpus, we also considered the coverage ratio after filtering:

#ss%e(c;ted

i %100
#WOS
SDG;

CoverageRatio; =

where #g‘géi is the number of initial WoS records associated with SDG;. This second
measure highlights the extent to which each SDG remained represented after applying
the review eligibility criteria. Indeed, the transition from the initial WoS records to the
selected papers shows a significant shift in SDG distribution. This skewness and the re-
sulting reduction in paper counts are due to an unavoidable loss of information caused
by the eligibility criteria used in this review. This analysis shows a strong filtering ef-
fect for high-volume SDGs, such as SDG 3 (8/308), SDG 11 (4/144), SDG 9 (2/75), and
SDG 12 (2/66).

As can be observed, SDG 3 was the most recurrent (Good Health and Well Being), with
308 papers found on WoS, among which 8 were selected. For SDG 11 (Sustainable Cities and
Communities), 144 papers were found on WoS, and 4 were selected; for SDG 9 (Industry,
Innovation and Infrastructure), there were 75 WoS papers, and 2 were selected; and for SDG
12 (Responsible Consumption and Production), 66 papers were found on WoS, of which
2 were selected after filtering. Conversely, all the remaining SDGs exhibited extremely
limited and flat coverage, being represented by only a single paper each after eligibility
selection. In particular, the selected corpus was sparse regarding crucial equity-oriented
goals, such as SDG 5 (Gender Equality) and SDG 10 (Reduced Inequalities). Therefore,
the findings regarding the SDGs highlight two complementary aspects: the thematic
concentration of current research on HCAI + DSS in the sectors of health, cities, industry,
and manufacturing and the limited representation of social equity dimensions within the
selected literature.

As expected, the SDGs with the most contributions are those related to the previously
identified domains, for which a greater number of HCAI + DSS solutions have been pro-
posed over the years. For example, health-related HCAI + DSS (SDG 3) often targets clinical
decision support and monitoring, whereas smart-city, mobility, and planning systems
(SDG 11) address urban services, transport, and infrastructure decision-making. Similarly,
industrial and infrastructure settings (SDG 9) reflect optimization and operational decision
support and resource and production-oriented applications, while SDG 12 emphasizes
efficiency and responsible decisions.

https://doi.org/10.3390 /bdcc10060186


https://doi.org/10.3390/bdcc10060186

Big Data Cogn. Comput. 2026, 10, 186

21 of 40

It is also worth noticing that most of the works are classified with a single SDG, with
only a minority among the selected papers having multiple SDGs: [43] associated with
SDGs 6, 13, and 14; [26] with SDGs 4 and 7; [59] with SDGs 9 and 17; and [47] with SDGs 9
and 12.

5. Evolution of Keywords over Time

In this section, the temporal evolution of keywords has been analyzed. The most
relevant technical keywords and key phrases have been extracted from the articles under
consideration during the analysis. We decided not to limit the analysis to those provided
by the authors in the papers, since they are usually focused on matching the location of the
paper rather than the actual global trend and emerging keys. Figure 7 shows the temporal
evolution: bubble size represents the number of papers in which the keyword is present,
year by year, and color represents the proportion of papers mentioning the keyword,
considering all the papers in the year. Such a distinction has been made to highlight both
the absolute quantity of papers addressing specific topics and how the topic is relevant in
different years. For example, decision-making was addressed by a greater number of papers
in 2024 than in 2023, yet in 2023, the keyword was more relevant. Note that two derived
keywords have been defined due to their importance: Human * groups the keywords human-
in-the-loop, human-centered, and human interaction, while Decision * considers decision-making
and decision support systems (DSS). This choice has been made to highlight concepts of
human inclusion and DSS applications exploiting artificial intelligence processes.
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Figure 7. Temporal trends of keywords in HCAI + DSS papers. Bubble size indicates the number
of papers in which the keyword is present. Color indicates the proportion of papers mentioning
the keyword in the given year. The asterisk (*) indicates an aggregated keyword form; for example,
“human” and “decision” refer to the summed occurrences of related terms based on the words
“human” and “decision”
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Some terms show a stable pattern of occurrence: they appeared in both the early
and late stages of the period covered by this review, or they remained present over time
since their first appearance. These terms include Al and XAI, human-in-the-loop and human
interaction, DSS and decision-making, as well as optimization, uncertainty, and reliance. Starting
in 2020, the consistent occurrence of transparency and reliance highlights the importance
of these topics in the field of Al systems. Over the years, other terms have emerged in
HCAI systems, as they show a growing trend but account for a small percentage of the
papers considered. These include RL, counterfactual explanations, digital twins, active and
continuous learning, and, finally, hallucinations. Furthermore, topics such as neuro-symbolic
Al scenario generation, and agentic Al emerged only in the last year. A particular case is
represented by the terms trust, human-centered and generative, which appeared as early as
the first few years of the period considered and have been growing significantly in recent
years. In contrast, the terms ontology/knowledge graph and multi-criteria have appeared only
sporadically. Finally, automated planning, which was present in the early years, is missing in
the later ones.

6. Discussion on Current Limitations and Future Directions

Current HCAI + DSS solutions increasingly combine user-centered interactions and
data-driven methods to support complex decisions in real-world cases and are already
applied across numerous domains. However, based on the analyses and reviews carried
out in the previous sections, open challenges remain to be addressed in future work.

Many HCAI + DSS systems introduce explanations (e.g., textual or counterfactual
explanations) to make recommendations more understandable, but this does not guarantee
appropriate reliance: users may still rely too heavily on Al (over-reliance) or ignore useful
suggestions (under-reliance), with potentially significant costs, as shown by [125]. The
effect of explanations depends greatly on how the user interacts with the system: for
example, counterfactual explanations can increase reliance on Al recommendations, but
they do not necessarily prevent over-reliance [40]. Offering second opinions is not a unique
solution either since, depending on the context, it can lead to both over-reliance and under-
reliance [41]. Furthermore, the risk of over-reliance changes with the socio-organizational
context (e.g., supervision in public administration) [98]. The reliance problem is even more
critical when black-box advice may be underutilized or used in an uncalibrated manner in
technical fields [126].

Another limitation that emerged from the studies analyzed is that HCAI + DSS solu-
tions often present explanations as a standard system component, without considering the
user, context, or risk, even though empirical studies. In [127], the authors show that these
factors significantly influence human—computer collaboration. This motivates future work
on adaptive and context-sensitive explanation policies, where explanations are customized
to the user’s experience and the context of use. Furthermore, if the interface and workflow
do not adequately make the user aware of the error, the user may not notice the error and
therefore follow incorrect recommendations [96]. Many systems do not offer sufficient
diagnostic and correction tools, and, as a result, having humans in the loop may not be
sufficient to automatically guarantee safe systems.

In most HCAI + DSS systems, the role of humans is to accept or modify an Al sug-
gestion only at the end, without promoting active collaboration or co-construction of the
decision (human in the loop) [128,129]. Therefore, in domains such as healthcare, even with
high-performance models, the decisions can remain difficult to understand. Interaction
such as the manual counterfactuals implemented in [27] is promising; however, explaining
is not enough if the explanation does not support the clinician’s (or more generally, the
user’s) reasoning. A related direction is to define the concept of clear roles and rules for
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the human-in-the-loop in a more structured way, and therefore not based exclusively on
approval. Current works fail to adopt recovery mechanisms in the design workflow (error
detection, diagnosis, etc.) and to evaluate them on real-world case studies.

In summary, current research indicates that explainability alone does not ensure
calibrated reliance, and although several insights have emerged in the literature, the field
has not yet translated these insights into established design requirements for HCAI + DSS
systems. Consequently, one future direction may lead to a shift from explanations as a
characteristic of reliability engineering to the actual design of interaction policies that
calibrate reliability in various decision-making contexts.

With regard to data, the limitations that emerge from the analyzed works concern
cost and scalability of data enrichment processes [54,63], the variability introduced by the
human factor in dynamic scenarios [43], dependence on experts and feedback mechanisms
that are not always mature [53], and the gap in empirical validation of the real effectiveness
of solutions [104]. This requires scalable methods for human enrichment of data and
knowledge, with quality controls, bias mitigation, and more robust empirical evaluations
in real-world case studies.

A further limitation relates to the training of Al models: many papers have not adopted
versioning and machine learning operation solutions (MLOps) [130], tools (monitoring,
controlled updates, etc.), which allow feedback from human-in-the-loop components to be
integrated, with extended coverage of the MLOps process in the production and control
phases [131,132].

Finally, HCAI + DSS systems face limitations that are not only technical: the transition
from prototype to operational use raises challenges in workflow integration, roles and
responsibilities, user training, and organizational acceptance, and scientific literature often
underestimates deployment accountability issues in its assessments [80]. Future research
should also consider HCAI + DSS applications for personalized management of employee
workload and well-being. Meduri et al. [133] demonstrate that HCAI can contribute to
burnout prevention when Al tools are combined with employee training, personalization,
and regular feedback. This suggests that future DSS should not be limited to optimizing
tasks or interfaces, but should also adapt recommendations to users” workloads, stress
levels, and working conditions.

Table 5 maps the HCAI + DSS architecture with the main limitations identified in
the literature.

Table 5. Mapping of HCAI-DSS architecture with the main limitations identified in the literature.

Layer Criticalities

Reliance

Black box use

Adaptive explanations

Error awareness

Diagnostic and correction tools

Active collaboration or co-construction

Clear roles and rules for the human-in-the-loop
Real-world case studies

1. Human Interaction

Reliance
Black box use
2. X-Generative Clear roles and rules for the human-in-the-loop
Exploitation of MLOPS
Deployment accountability

Real-world case studies

3. Data and Knowledge Quality controls & bias mitigation
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Table 5. Cont.

Layer Criticalities
Active collaboration or co-construction
4. Decision Logic Clear roles and rules for the human-in-the-loop
MLOPS
Diagnostic and correction tools
5. Orchestrator MLOPS
Agentic Al

An emerging direction is to leverage LLMs and agentic Al to orchestrate multi-step
decision-making workflows. This integration promises not only improved reasoning and
contextual understanding but also more autonomous decision-making, adaptive collab-
oration, and proactive learning behaviors [134]. Although a growing body of literature
already analyzes LLM-based agents and multi-agent systems, they are still rarely opera-
tionalized in HCAI + DSS contexts with human oversight and systematic evaluation of
reliance calibration and accountability. In this sense, orchestration frameworks such as
LangGraph [135], a low-level framework for building stateful and long-running agents,
explicitly support human-in-the-loop supervision and allow users to inspect and modify
the agent’s state during execution in order to approve or correct critical steps, making these
frameworks particularly suitable for decision support settings in which human oversight
is required.

The use of RL and DeepRL in DSS [42,136] is also linked to this trend, as it enables the
learning of adaptive and sequential decision-making policies and strategies, consistent with
multi-step agentic workflows and human intervention throughout execution. In particular,
the evolution towards human feedback-guided learning brings RL from human feedback
(RLHF) into focus. RLHF [137] provides a basis for human-centered Al in HCAI + DSS
contexts, making agents more reliable partners in decision-making, capable of adapting,
explaining and reasoning in accordance with human values, rather than acting as automatic
tools [138]. In RLHEF, static rewards defined by the environment are replaced by human
feedback; in the context of DSS, this capability allows models to realign recommendations
with human judgment. RLHF can therefore support a new generation of more accountable,
interpretable, and adaptive systems, which are fundamental for reliable decision-making
in different domains.

Future research in the field of HCAI + DSS may further explore hybrid models that
integrate deep learning with swarm intelligence or optimization algorithms, as these
approaches can improve decision-making accuracy in complex environments [139]. Recent
studies have shown that hybrid Al-optimization frameworks outperform conventional
models in solving multi-objective decision-making problems by combining global search
capabilities with adaptive learning mechanisms [140].

At the same time, to make autonomy more reliable, composite architectures are
emerging that combine learning and explicit knowledge. Recent perspectives suggest
a shift from all-in-one models to modular systems [141] (including neuro-symbolic ones),
which integrate domain knowledge and expert feedback to increase reliability, control and
accountability in many domains. In this vein, neuro-symbolic Al makes systems more
interpretable and aligned with humans [142]. In HCAI+DSS, it may help build solutions
that are smart and understandable, capable of enriching the context with ethical aspects
through scalable, ontology-based architectures.
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7. Conclusions

In this paper, a review of the recent research literature on HCAI approaches in DSS
frameworks has been carried out. First, architectural components were presented and
discussed, highlighting the evolution from simple Al systems to full agentic solutions,
progressively improving the inclusion of human input and feedback inside the Al systems
for decision support. Then, recent works in HCAI + DSS were discussed according to
nine different application domains. For each domain, practical applications, observed
impacts, employed technologies, and validation modalities were examined in order to
provide a comprehensive overview of HCAI + DSS solutions, including their alignment
with the UN SDGs. In addition, the temporal evolution analysis of keywords and key
phrases identified in the considered publications has shown how specific topics have
received more or less attention during the last ten years. From the analysis, it emerged that
in recent years, increasing attention has been paid to human-centered, explainable, and
interactive Al-based DSS. Nevertheless, further attention is still required for surpassing
simple explanations toward reliability engineering and better human-machine interaction
policies. In addition, the limited adoption of MLOps and insufficient consideration of
deployment accountability hinder the concrete deployment of HCAI + DSS solutions in
real scenarios. In this context, the uptake of agentic Al, exploiting LLMs, RLHF, and
neuro-symbolic methods, can constitute a relevant improvement aimed at providing more
interpretable and human-aligned systems to support decision-making.
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Appendix A Summary of Included Studies

To improve the transparency and traceability of the review process, Appendix A
reports the complete list of studies (Table A1) included in the final corpus. For each
study, the table summarizes the application domain, SDG association where available, task,
adopted techniques or methods, reported impact, and validation strategy.
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Table Al. Summary of the studies included in the systematic review. For each study, the table reports
the application domain, SDG association, task, adopted techniques or methods, reported impact and

validation strategy reference number. NC indicates studies that were not classified.

Study Domain SDG Task Techniques/Methods Impact Validation
Yun et al., Smart industry DSS for industrial ..
2021 [38] and production NC applications Data mining NE Case study
. Surveys and
High-
HCI interfaces . performance Al health-data
Healthcare and ided b Dashboard design; tools that can be measurements of
Su et al., 2023 [30] clinical NC gusabilit y knowledge offectivel interactivity,
decision-making principlzs management integrated ii,\to convenience,
clinical workflows accuracy,
and satisfaction
Conceptual
Space situational Ensure security throxlflalllldlil:eo?ases
Jaunzemis et al Safety, security, awareness (SSA)  Modeling of operational ~ and reliability in h otghesis—base d,
2020 [55] v defense NC and decision scenarios in high-risk yrl)annin and
and space support in space environments missions, such as copvarianc%’- based
space operations space operations .
planning
approaches
Fleet composition, Mathematical Improve
. e routing, and optimization algorithms operational
P;g;(i T; g]l v ti\;lﬁsllé?;;?jn SDG 11 scheduling in and stochastic models efficiency in NC
P urban for fleet composition urban
freight logistics and routing freight transport
Grover et al Safety, security, Automated Planning Domain laiicil;met?me Ablation studies
v defense NC - Definition pia & ’ with
2020 [57] Task Planning; increased .
and space Language (PDDL) user satisfaction human subjects
Human-model . . Improve food
. . Data-driven scenario . -
Smart interaction analysis and safety risk Application/
Jinetal, 2005 (54~ VROrment NC frameworks fOr - tochastic/Monte Carlo ~ 2S5SSmentby - case study on
. . Y simulation for food 5 &
and agriculture risk assessment safety risk assessment models and food assessment
(e.g., infant food) y expert knowledge
. . Experimental
Gou et al., Heal&?ﬁ?cr; and SDG dec]ijslii)gnnsojhcort Machine learning and ) analysis using
2024 [48] - . 3-SDG 11 L PP deep learning performance
decision-making in clinical settings .
metrics
. Healthcare and DSS for . Managing Uncer- Utility and
I;Silse[t 8211]" clinical NC nosocomial Knovﬁe]t)iag; }E)al s;?svery tainty /Complexity usability
decision-making infections/ICU in KDD evaluations
Decision-making
. Maintain performance
Selecting XAI ML x?hﬁAéégcmlfues interpretability measures; test on
Reis et al., methods in X and comprehensi- a real-world
Smart economy NC . supports the selection of o .
2025 [60] business . bility of supply-chain
XAI techniques based
Al contexts on context of use decision- demand problem
making models with real data and
real users
Predictive/
adaptive Control-oriented Increase Water-savin
Smart irrigation modeling and productivity and assessment i‘i
Conde et al environment SDG integrating forecasting, including reduce resource irrieation
2004 [43] v climate ’ 6-SDG models, weather model-based waste (water, manag ement:
icul 13-SDG 14 data, humidity control/Model fertilizers, and 5 fi 1’
and agriculture sensors, and Predictive energy) Swfﬁtlflzl;?d;e d
human Control approaches in agriculture
preferences
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Table A1l. Cont.
Study Domain SDG Task Techniques/Methods Impact Validation
Realistic
control-room
simulators,
Hidden Markov Reduce the risk of workload,
. Industrial control Models, dynamic human errors and situational
Abbas et al., Smart industry . . . .
. NC rooms for influence diagrams, and accidents in awareness, and
2025 [42] and production . . . . .
chemical processes  reinforcement learning complex interaction-style
to monitor plant status industrial plants measures
(eye-tracking,
questionnaires,
interaction logs)
. Cognitive Systems Reduce human Laboratory
Extravehicular . . . error and increase . .
. . o Engineering techniques o studies with
Miller et al., Safety, security, activities (EVA) .9 X situational .
NC for designing DSS in . operators in
2020 [118] defense and space under strong f awareness in imulated
safety constraints satety- highly complex simulate
critical environments . EVA scenarios
environments
. Cognitive Systems Reduce human Laboratory
Extravehicular . . . error and increase . .
. Smart governance R Engineering techniques o studies with
Liang et al., . activities (EVA) .9 . situational .
and public SDG 11 for designing DSS in . operators in
2024 [65] L1 . under strong awareness in .
administration safety constraints safety- highly complex simulated
y critical environments gLy P EVA scenarios
environments
Pilot decision
support for Support pilot Professional
Zhang et al., Mobility and NC diversions and Mixed-methods user decision-making pilots in
2024 [86] transportation continuous vs. study with pilots in simulated
recommendation- aviation contexts flight scenarios
centric support
Help explain how
Human-in-the-loop Al errors
Smart governance . . . .
Agudo et al., . Decision support experiment with influence human
and public NC o ) NC
2024 [96] L . in criminal justice Al-support judgments and
administration . ! . ., .
timing manipulation decision-making
performance
Improve patient
Healthcare and D?gistlﬁg s:gr}:grt Al-assisted radiology safitayhanc(i) fOCV:ISH Ml:titm‘i?:ﬁds
Yu et al,, 2025 [73] clinical NC 8 study with quaiity of care, yw
decision-making patient explainability / control including in 42 medical
management highly professionals
critical contexts
Decision-making Improve
frameworks Advanced efficiency, Improvements
Huetal,, Smart industry SDG integrated into human-machine productivity, and ogserve din
2024 [47] and production 9-SDG 12 plant operational interface (HMI) and quality in .
; . . . operational KPIs
systems (e.g., visual analytics industrial
container terminals) processes
Al systems are
Caoetal., Healtl}c.are and Skin- . . made explainable Experimental
clinical NC . ResNet binary classifier . )
2024 [77] . . cancer screening to increase user evaluations
decision-making : .
trust in their use
Smart governance Support
Schoeffer et al., and public NC Assessment Mathematical modeling judgments NC
2025 [97] L . of defendants
administration about defendants
Forensic analytics Address the risks
frameworks and L. .
DeepFake regulatory/ethical of disinformation
Siegel et al., Safety, security, : associated with
NC detection and assessments of Al NC
2024 [119] defense and space : . . L deepfakes and
media forensics  systems in security (risk .
. similar
analysis ;
technologies
and governance)
Gomez et al, Cross-domain NC Survey of human- Survey NC NC

2025 [128]

Al collaboration
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Table A1. Cont.
Study Domain SDG Task Techniques/Methods Impact Validation
Generative and Support complex
) : . . urban design
interactive tools Generative algorithms decisi
. . ecisions .
.. for urban de- and interactive g - Urban designers
Muehlbauer etal,,  Smart living and . . . . (configurations .
. NC sign/aesthetics, evolutionary design . exploring urban
2018 [114] infrastructures ; . . . and aesthetics) .
with human-in- with hybrid . : design spaces
. . while keeping the
the-loop aesthetic evaluation . :
. . designer in
aesthetic evaluation
the loop
. Enhance human Simulated
Decision support o . .
. . e o Interactive interfaces for ~ supervision and environment
Ramirez-Atencia Mobility and for mission . . . .
tal., 2018 [58] transportation NC planning and planning decision-making ustg
etal, g . . and simulation over UAV QGroundControl
operator interaction -
mission plans and DSS
Improve Experimental
Healthcare and Decision-making Expe.rlmental study, understar}dmg of study of
Caoetal.,, .. simulated Al how time . .
clinical NC phases under . . decision-making
2023 [76] . . . suggestions, spatial pressure affects
decision-making time pressure . . phases under
reasoning tasks Al-assisted .
L . time pressure
decision-making
Electronic Health Trust/reliance
Van Berkel et al Healthcare and Records (EHRs), Pragmatic embedding measures in
2023 [25] v clinical NC high-volume of XAl in EHR/ Trust and reliance real-world cases
decision-making clinical data with CDSS workflows (trust in CDSS
XAI techniques and Al)
Knowledge
representation and Increase Conceptual
Smart farm- reasoning (KRR), productivity and frameworks and
Smart . . . . .
. - ing/Agriculture including ontologies reduce resource research
Holzinger et al., environment, X ;
. SDG 12 5.0, sustainable and knowledge graphs; waste (water, perspectives
2024 [91] climate . . . o
. crop, and soil ML predictive modeling fertilizers, and rather than
and agriculture . L.
management for agricultural energy) empirical
processes and smart in agriculture system validation
farming systems
Pointing-gesture Use a
Boboc et al,, Smart industry ar}d speec_h-b?sed Ob}gct @etectlon,. longer-?battery
2015 [90] and production NC interaction for Dynamic Time Warping  robot to improve NC
assistive object- (DTW), fuzzy-logic interaction time
fetching tasks and naturalness
Knowledge-
based and Data-driven Experimental
relevance- relevance-feedback Increase the ov aﬁua tions of
Kwanetal, Safety, security, feedback systems  approaches with visual accuracy and
NC . ) . . DSS accuracy for
2015 [53] defense and space for fingerprint analytics and adaptive transparency of fi .
: e D . ingerprint
identification and knowledge bases for forensic tools . e
. . ; identification
other forensic biometric systems
applications
Professional
electricity-grid
Industrial ) Reduce operator operators or
. X Integration of errors and students;
Cross-domain: cyber-physical . . . Lo .
simulators, industrial reaction times in performance,
smart energy systems (ICPS);
Mustafa et al., . 1 f control systems (ICS) energy control accuracy, and
2025 [88] management; NC control rooms for testbeds, cvber-phvsical 7 it
. ) , cyber-physica rooms; increase cognitive
safety, security, electrical o . .
.. systems, and cognitive the resilience and measures;
defense and space networks/critical . . . o,
- metrics (eye-tracking) security of critical cyber-power
infrastructure
energy systems system
performance
metrics
Experimental methods 1
AI.-s.upporte.d with hypothetical Address trust in Hospltahty.
Ivanov et al., decision-making . professionals in
Smart economy NC . s scenarios (surveys and Al-supported .
2024 [109] in hospitality and - . . decision-
simulated decision-making

tourism settings

decision-making tasks)

making scenarios
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Study Domain SDG Task Techniques/Methods Impact Validation
Interpretable Make Al models -
. Decision support
systems for interpretable so erformance
resource- that their results P .
Smart industry allocation are directly assessed in
Li et al., 2024 [59] . SDG 17 . Deep learning models . industrial
and production planning (e.g., accessible to lannin
crane planning) decision-makers, planning
. applications such
on such as engineers .
S as crane planning
construction sites and managers
Interactive interfaces for -
lanning and Support pilots in Subjective
Zhang et al., Mobility and Cockpit P . feedback on un-
. NC . simulation; forward vs.  complex decision- .
2022 [87] transportation layout evaluation : . . derstandability
backward Al support making situations
. . and workload
in cockpits
Examine when
Tax-advisory and for which
Raddatz et al., Smart economy NC dec1510n. support Generative models decisions Experlmgntal
2025 [107] using managers are evaluations
generative models willing to
delegate to Al
Reduce potential Satisfaction and
Treatment- and . .. acceptance
Healthcare and - Survey of fuzzy logic,  clinical errors and
Goh et al., .. medication- . .9, measures
clinical SDG 3 ontologies, data mining,  support complex .
2016 [69] . . related . .. (perceived trust,
decision-making - and Bayesian networks clinical
decision support . . usefulness, and
decision-making . .
intention to use)
Mixed-design
Evaluating how experiment with
XAI explanation 48 participants
Wang et al., . strategy and . measuring
2024 [127] Cross-domain NC agent autonomy XAl techniques NC workload, trust,
affect human—-Al social presence,
decision-making and
decision confidence
Quahtatlv.e literature Practical case
synthesis; CDSS I .
mprove CDSS studies and
CDSS data data-entry control, s .
. Healthcare and . . usability, data comparative
Azadietal., e management with standardiza- - .. .
clinical SDG 3 AT . S quality, decision analysis of
2025 [79] .. . HCI in clinical tion/normalization,
decision-making . . . accuracy, and manual vs.
decision support integration, and L
clinician trust automated
automated
- data entry
text generation
Cross-domain: DSS and agents Multi-agent .
for multi- Disaster-
Smart systems/agent-based
- stakeholder . . management
. environment, . modeling and Support critical- -
Ghavami et al., . decisions in L. . scenarios
climate and SDG 9 . negotiation-based infrastructure . .
2019 [61] . disaster o . involving
agriculture; decision support for planning .
. management (e.g., X multiple
Safety, security, . multi-stakeholder
strategic roads . . stakeholders
defense and space . decision-making
in floods)
. Al-assisted . .
Nandy et al,, Smart industry NC multi-obiective Example- Reliance on Experimental
2025 [126] and production . ) . based explanations Al advice evaluations
engineering design
Reduce

Al-assisted

over-reliance on

. e . . Pre-registered
Luetal., 2024 [41] Cross-domain NC sentlme.n t Class1f1cat10n task; Aland increase randomized
analysis fine-tuned RoBERTa appropriate experiments
decision-making reliance when Al P
advice is correct
Plagiarism- Analyze how Empirical
Smart governance : . . :
Hesselmann et al., and public NC screening tools in Screening software algorithms shape analysis of
2024 [100] < publ editorial & the decision- editor-software
administration

decision-making

making space

interactions
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Table Al. Cont.
Study Domain SDG Task Techniques/Methods Impact Validation
Cognitive-load
Helldin et al., Healthc.are and Sepsis ML models; LIME and and workload
2025 [80] clinical NC diagnosis support SHAP explanations NC measures (mental
decision-making workload and
interaction fluency)
Provide Benchmark
Generating explanations evaluation and
Lash etal,, Cross-domain NC explanations for Example- Ig)ase don randomized
2024 [136] ML- based explanation controlled
. preferred features
based decisions o laboratory
and reliability .
experiment
Metaverse/Web3.0
architectures and
Soltanshahi etal.,  Smart living and human-in-the- . Reduction in Experimental
2025 [44] infrastructures NC loop RL for Human-in-the-loop RL gas consumption evaluations
intelligent
smart contracts
Studies with
Healthcare and Physiological- HCI mtqfaces. gu}ded Improve the doctors, nurses,
Rundo et al., . . by usability principles; accuracy and pharmacists,
clinical SDG 3 signal-based
2020 [70] decision-makin decision support user-centered design; timeliness therapists, and
& PP usability studies of diagnosis sometimes
non-expert users
Vl:zal iftc }Zlfn Simulate the Forest-stand
Smart quanltgiltgative and effects of forestry structure in
Li et al., 2015 [92] environment, NC visual forest Visual decision support c.lec1.51ons (eg. forestry decision
climate thinning (2D/3D thinning) through  support systems;
and agriculture be}gore / interpretable Chinese
after simulation) visual analysis fir plantation
Cross-domain:
smart
environment,
ghmate and Disaster Survey of Al Balapce efficiency,
Comes et al., agriculture; smart NC management applications in fairness, and NC
2024 [94] governance and . gem app protection of the
. in scenarios crisis management
public most vulnerable
administration;
safety, security,
defense and space
Modeling
human-AI Multi-agent systems
Bo;%}zl(;f[f;t] al, Cross-domain SDG 3 interaction in (MAS), NC NC
o agentic Centaurian systems
Al systems
Business ISupport . .
innovation and exploratory and Questionnaire
Miao et al., . . . . exploitative study with
Smart economy NC human-machine = Hierarchical regression . .
2025 [105] collaborative innovation corporate
decision-makin through human— innovators
8 Al collaboration
Managing Improve
Tariq et al., Safety, security, NC uncertainty in Laree Laneuage Model ada }:abili NC
2025 [32] defense and space human-AI team & guag and rgbustntg’ss
decision-making
Agarwal et al,, Healtl}c.are and Handl}n & hu.man . . Real-world
clinical NC behavioral biases Active learning NC .
2023 [29] .. . . . . experiments
decision-making in active learning
Human-machine
. llaboration
Ren et al,, Smart industry €0
2023 [129] and production NC base(':l on Survey NC NC
cognitive
intelligence
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Table Al. Cont.
Study Domain SDG Task Techniques/Methods Impact Validation
. XAl is used for
Sontakke et al, Smart mdus.try SDG 3 Fault detection describing rationale of NC Survey /discussion
2023 [89] and production
the detected faults
Improve the
management and
use of
Nota et al., Smart living and NC Monitoring of Human-in-the- historical /urban Real-world
2024 [115] infrastructures historic villages loop approach infrastructure experiments
through
human-in-the-
loop methods
Semi-synthetic
Prognostic Integration and data based on
Healthcare and support for visualization of .. real-world patient
Shen et al., linical . . h Support clinical .
2002 [72] clinica NC assessing severity eterogeneous interpretation record processing
decision-making and biomedical data and from the UK
clinical outcomes multiple signals National
Cancer Registry
Reinforcement learning Increase the
Wuetal., Smart living and AdaPtlve (Deep Q—Networks with efficiency of Real-world
- SDG 3 task-assignment attention) with human - .
2025 [64] infrastructures p .. " distributed experiments
rameworks supervision to partition
urban tasks
task streams
Healthcare and AI._ asasted. Quantitative confidence ~ Use explainable Cognitive study
Chong et al., Ay decision-making :
clinical NC . model; Al to increase and
2022 [78] . . and adoption of . . L
decision-making . logistic regression user trust quantitative model
Al advice
Assess frontline
caseworkers’
Sztandar- Smart governance capacity to Context-sensitive Human oversight
Sztanderska et al., and public NC oversee ADM analvtical framework NC in automated
2025 [98] administration profiling in y decision-making
welfare/PES
administration
Conceptual
Proposes a analysis based on
Smart governance Analyze legal Legal/doctrinal and P three illustrative
Enarsson et al., . ’ research agenda
and public NC requirements contextual contexts; no
2022 [99] L . . . . for contextual .
administration and dependencies comparative analysis 1 . empirical or
egal analysis e
quantitative
validation
Hybrid
ML-geostatistical
. Human experts
Smart models for territo- . . .
- . . Hybrid Improve guide or validate
Erten et al., environment, rial /environmental L. .. .
. SDG 2 . MIL—geostatistical prediction hybrid
2025 [93] climate applications, such .
. . ensemble models accuracy ML-geostatistical
and agriculture as mineral-grade
L ensemble models
estimation
in mining
Shared- Enable shared
autonomy Hierarchical Markov autonomy and
. . - : Performance and
Yousefi et al., Smart industry SDG 3 systems for decision process for adaptive control-
2025 [46] and production industrial robots adaptive human-robot
- . preference measures
and human-robot policies policies under
high-level tasks human supervision
Review of human-  Survey/review of HITL
in-the-loop methodologies,
Kumar et al,, Smart industry learning including active
2024 [63] and production NC applications, learning, iterative ML, NE Survey

challenges, and
future directions

reinforcement learning,
XAlI, and crowdsourcing
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Table A1. Cont.
Study Domain SDG Task Techniques/Methods Impact Validation
Trust/reliance
Lee et al Healthcare and Trust and reliance Use explainable measures in
2023 [75j’ clinical NC in Al-assisted XAl techniques Al to increase real-world cases
decision-making decision-making user trust (trust in CDSS
and Al)
Selecting XAI DSS supporting the Align the use (.)f
. . - XAI and DSS with
Amaliah et al,, Smart econom NC methods in selection of XAI business NC
2025 [104] y business techniques based on the .
objectives
Al contexts context of use .
and constraints
IT
Judkins et al., project-selection Al Survey of
2025 [106] Smart economy NC decision support ~ recommendation system NE IT leaders
for IT leaders
Support complex Controlled
Decision support Causal models and . dec1.51ons in .experlments in
for nuclear . S high-risk nuclear  simulated nuclear
. what-if simulations in a .
Park et al., Smart energy emergencies . emergencies emergency
SDG 11 . . VR environment to . f
2025 [95] management using virtual through scenarios with
. evaluate L
reality (VR) and emergency strategies human-centered participants
causal models geney & decision making decisions
support tools through VR
Smart governance Trust in Analysis of trust in Studies focusing
Kennedy et al., li li li Trust . li
2002 [103] and public NC public-sector public- in algorithms on trust in public-
administration algorithms sector algorithms sector algorithms
Shared control Hybrid .
. . Reduce cognitive -
and driver— human-automation load through Subjective
Sentouh et al., Mobility and automation control algorithms - 8 feedback on un-
. NC .. driver— .-
2019 [83] transportation cooperation in (shared control and . derstandability
. . automation
lane-keeping driver— - and workload
. . . cooperation
assistance systems ~automation cooperation)
Studies on
. Propose a shift ove.r51ght E.md
Policies on T policy (mainly
. . from individual
Smart governance algorithms and Analysis of human . conceptual and
Green et al., . - . human oversight L
and public NC human oversight oversight of P qualitative
2022 [101] L . . to institutional . .
administration of government government algorithms forms analysis, without
algorithms . numerical
of oversight .
experimental
validation)
Facilitate the
Digital twins and control and Proof-of-concept
integrated Digital twins, physical understanding of and initial
Mamodiya et al., Smart energy NC frameworks for models, and immersive complex usability studies
2025 [31] management photovoltaicand  visualization for control photovoltaic for interaction
smart energy and training systems through with the
infrastructures interactive digital twin
digital twins
Gaczek et al.,, Smart econom NC Al-assisted Large language Acczllatjl:(jlilrtly of NC
2025 [110] y decision-making models (LLMs) i .
decision-making
Experimental methods Perceptions of
;i . e Trust, acceptance,
. with hypothetical responsibility for .
Kahr et al., Al-assisted . L and perceived
Smart economy NC . . scenarios (surveys and the decision e
2024 [111] decision-making - responsibility
simulated (locus of causal- in DSS

decision-making tasks)

ity /responsibility)
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Table Al. Cont.

Study Domain SDG Task Techniques/Methods Impact Validation
Studies on
Ensure oversight and
accountability, policy (mainly
Koulu etal,, Smart governance Policies on Transparency an('i transparency, and concep.tua.l and
and public NC . human oversight in democratic qualitative
2020 [102] o . algorithms . . . .
administration algorithmic systems control over analysis, without
governmental numerical
algorithms experimental
validation)
Sayyadnejad Case studies of Qualitative analysis of AI;?lll};lsiljsoefnC; >
Y. ) Smart economy NC explainable Al in Ty NC .
etal., 2025 [112] . case studies practical
business contexts .
business problems
Domain-
Trust and reliance independent
Klingbeil et al., ] . on Al advice in Large language models . incentivized
2024 [125] Cross-domain NC assisted (LLMs); logit regression Trust and reliance interactive
decision-making behavioral
experiment
. . Improve the .
Gomez et al,, Healtk.lc.are and Phy51olog1cal- XA accuracy and Expl.al.nable
clinical NC signal-based . S clinical
2024 [71] .. . o, interfaces; telehealth timeliness .
decision-making decision support . . support settings
of diagnosis
Automatic
Depgndent Improve safety in
Surveillance- RPAS operations; Real-time
Broadcast Integration of ADS-B su P ort ! hardware-in-the-
Di Vito et al,, Mobility and (ADS-B)-based data with pport
. NC . - - automatic loop and
2020 [85] transportation separation collision-prediction . .
. separation human-in-the-
assurance and logic for RPAS - ;
L. assurance and loop simulations
collision .. .
. collision avoidance
avoidance
for RPAS
Online Improve triage or
. Healthcare and assignment of . pProve & Real-world data
Rosemarin et al., e . . Learning-Based timeliness in .
clinical NC patients/medical . : . and input from
2021 [56] . . - . Assignment; simulation urgent .
decision-making studies to medical - medical experts
. decision support
professionals
Recommendation
and layout Deep learning with Experimental
Bao et al., Smart living NC optimization for RNNSs, DNNs, and Reliance and trust resﬂ lts in real-
2025 [117] and infrastructures mobile/e- cosine/ -
. R world scenarios
commerce Euclidean similarity
applications
Analysis of case
Herrera et al., Practical Discussion of practical studies and
2025 [113] Smart economy NC business cases business cases NE practical
business problems
Operator
interaction and
supervisory
. trol in
Strauch et al., Mobility contro” | Conceptual
2017 [84] and transportation NE rgmotely piloted automation framework NC NC
aircraft systems
(RPAS) or
unmanned aerial
vehicles (UAVs)
Support healthier
De Croon et al., Healt}.\c.are and Healthy food rec- Hybrid food choices D651gn /evaluation
clinical NC . through in a food-
2025 [74] . . ommendations recommender system . .
decision-making personalized rec- catering app
ommendations
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Table Al. Cont.

Study Domain SDG Task Techniques/Methods Impact Validation
E-learning Personalize
Rajkumar et al., Smart living and systems that Tradltlona.l ML for training courses Experlmental
. NC . . learning- based on studies with stu-
2020 [116] infrastructures classify learning 2 L :
. style classification behavior and dents/learners
styles via chatbots p
cognitive style
Sentiment
analysis across CNN, Hierarchical Increase the
. reviews, films, Convolutional effectiveness of Tests on standard
Cross-domain: . - )
. and marketing Recurrent Neural data-driven datasets with
Mazhar et al., Smart living and . . .
. NC contexts; facial Network (HCRNN), strategies in comparisons
2022 [108] infrastructures; . . .
Smart Economy emotion and Random Forest business contexts against other
recognition for pipelines for facial (e.g., supply chain ML algorithms
human- emotion recognition and marketing)
behavior analysis
Reduce potential Real-world
Treatment- and .. .
Healthcare and L clinical errors and  evaluation across
Ashraf et al.,, .. medication- . . .
J clinical NC Physiological signals support complex platforms/
2024 [45] . . related ..
decision-making . clinical deployment
decision support - . .
decision-making scenarios
Dual-objective energy
optimization;
multipolicy convex-hull
Optimizin reinforcement learning;
V\i For & RBFNN Q-function
Yang et al., Smart energy SDG operation ui}::ler approximation; Avoid decision- Simulation
2022 [26] management 4-SDG 7 }Zost—securit two-channel HITL making risks studies
y evaluation/regulation;
trade-offs .
Q-learning from expert
scores; Energy
Internet/We-
Energy simulation
. Adopt}on of Intention to use
Hidayat-ur- digital .
SDG . robo-advisors,
Rehman et al., Smart economy robo-advisory Survey o NC
1-SDG 10 sustainability,
2025 [121] systems
: and trust
by investors
Healthcare and . . . ImProve the
Chen et al., .. Diagnosis Bayesian efficiency and
clinical SDG 5 . . NC
2017 [122] - . support network reasoning quality of
decision-making ; ; .
medical diagnosis
Comparison of
online vs.
face-to-face -
Tarzia et al., Healtl.ic.are and support for Suppp rt victims Qualitative
) clinical SDG 16 Survey of intimate ; .
2018 [124] . . women . interviews
decision-making L partner violence
experiencing
intimate
partner violence
Gioia et al., Stock Portfoho Adapted Markowitz Reduce Experimental
Smart economy SDG 8 selection and . . results on the US
2023 [123] RS mean-variance model model complexity
optimization stock market
UX-oriented
demonstration Support multi- Prototype
Smart prototypes for demonstrator,
- . . stakeholder -
Leeetal, environment, reducing disaster Formal . participatory
: SDG 15 9 decisions in :
2023 [40] climate and risk in development process R evaluation, and
. s environmental L
agriculture communities disasters qualitative
through self-reflection

digital services
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