
 

 

Generative Artificial Intelligence for Executive Visual Communication in Saudi Giga-1 

Projects: A Framework for Decision Support under Vision 2030. 2 

  3 

Abstract 4 

Generative artificial intelligence is now beginning to change the way large infrastructure 5 

organisations turn complex project information into actions for executives. In the case of Saudi 6 

giga-projects, the issue is not just about producing more analysis; it is about creating visual 7 

narratives that are reliable, traceable and ready to support decisions in projects that are of a huge 8 

scale, highly interdependent, subject to rapid change and involve a wide range of stakeholder 9 

interests. This review brings together research that has been published between 2020 and 2025 10 

on generative AI, human-AI decision making, explainable AI, the digitalisation of construction, 11 

digital twins and project readiness in Saudi Arabia. Its aim is to find out how generative systems 12 

can assist with executive visual communication without replacing accountable human 13 

judgement. The evidence shows four repeated opportunities: the rapid synthesis of heterogeneous 14 

records, multimodal reporting, scenario-based explanation and adaptive visualisation. But these 15 

advantages depend on the quality of the data, the provenance of the data, the organisation's 16 

readiness, model governance and on having explicit control over uncertainty. The paper puts 17 

forward an Executive Visual Decision Support framework which includes five layers: project 18 

data, assurance, generative reasoning, visual communication and executive governance. The 19 

framework views generative AI as an interface between project intelligence and leadership 20 

deliberation rather than as an independent decision-maker. For environments associated with the 21 

delivery of Vision 2030, the main point is that value is obtained when the visual outputs can be 22 

audited against the source data, show confidence levels and alternatives, and keep the escalation 23 

paths available for decisions that are in dispute. The review ends with a proposed implementation 24 

programme and some research suggestions for testing in the context of Saudi giga-projects. 25 

 26 

1. Introduction 27 

 28 



 

 

The large-scale project environment in Saudi Arabia presents a particularly challenging situation 29 

for executive communication. Since such major programmes involve a wide range of 30 

information—including design data, schedules, cost forecasts, procurement records, risk 31 

registers, site observations, commitments from stakeholders, environmental indicators, and 32 

strategic objectives—this information is constantly changing and is often stored in separate 33 

systems. As a result, top-level decision-makers have to solve the problem of synthesising the 34 

information before making a decision: the relevant evidence must first be summarised, brought 35 

together and communicated in a way that enables timely judgement. Research into construction 36 

AI indicates that AI can be of assistance in the areas of prediction, optimisation, information 37 

fusion, natural-language processing and risk management, while digital twins can enhance the 38 

continuity between physical assets and their data representations (Pan and Zhang, 2021; Abioye 39 

et al., 2021; Boje et al., 2020; Opoku et al., 2021). Generative AI builds on this by creating text, 40 

images, structured summaries and multimodal outputs from contextual information. 41 

 42 

The situation with executive use cases is different from that of routine automation. An executive 43 

summary is only useful if it addresses the correct question, separates evidence from inference, 44 

makes uncertainty clear, and enables a decision-maker to question the reasoning that underlies 45 

the presentation. Research into generative AI in professional settings has found significant 46 

improvements in productivity, particularly in tasks that involve a lot of language, although it also 47 

shows that augmentation alters the way expertise is distributed and the way users depend on 48 

advice from machines (Noy and Zhang, 2023; Brynjolfsson et al., 2025). Management studies 49 

cautions that automation and augmentation are interdependent rather than simple substitutes, and 50 

that failing to critically evaluate machine advice can limit independent human judgement (Raisch 51 

and Krakowski, 2021; Fugener et al., 2021). In the context of giga-project governance—where a 52 

visual summary can affect decisions regarding the allocation of capital, schedule recovery, 53 

stakeholder escalation or risk acceptance—communication quality therefore becomes an aspect 54 

of decision quality. 55 

 56 

The situation in Saudi Arabia makes this requirement even more important. Felemban's research 57 

into AI readiness within the public construction sector in Saudi Arabia finds that technology 58 



 

 

readiness, the state of the data, support from senior management, organisational maturity, 59 

absorptive capacity and government support are all essential for the adoption of AI. The study 60 

also highlights the problems relating to the availability, accuracy, access, sharing and quality of 61 

data, all of which place constraints on AI-assisted planning (Felemban, 2025). Further evidence 62 

from the NEOM case shows that there is a connection between effective communication, 63 

readiness for change and involvement of stakeholders and project performance, meaning that 64 

technical information must pass through social and organisational processes before it can be put 65 

into action (Turi et al., 2025). Executive visual communication should thus be regarded as a 66 

socio-technical capability, not merely as a task involving the design of a dashboard. 67 

 68 

Generative AI is relevant since it is able to convert project evidence from one form to another. A 69 

system could, for example, retrieve a schedule variance, link it to correspondence and site 70 

imagery, summarise the causal explanations, generate recovery scenarios and produce a concise 71 

executive visual. Research in the field of construction has shown the integration of generative 72 

models with computer vision for automated daily reporting, and various reviews mention new 73 

applications in the areas of design, planning, documentation and project management (Xiao et 74 

al., 2024; Alwashah et al., 2025). However, fluent generation also introduces new risks. Large 75 

language models are capable of making unsupported statements, omitting qualifiers or stating 76 

uncertain conclusions with confident assurance (Ji et al., 2023; Dwivedi et al., 2023). The more 77 

refined the output, the greater the chance that people might confuse the quality of the 78 

presentation with the strength of the evidence. 79 

 80 

The review examines the way in which generative AI can enhance executive visual 81 

communication in Saudi giga-projects without compromising traceability, challenge, and 82 

accountable judgement. It views generative AI as a communication layer that is governed and 83 

which operates based on verified project information, and incorporates evidence from 84 

collaborations between humans and AI, from explanations provided by AI, from the 85 

organisation's overall AI capabilities, from construction digital twins, and from studies of Saudi 86 

projects into a decision-support framework for the achievement of Vision 2030. 87 



 

 

 88 

2. Aim and objectives 89 

 90 

This review aims to combine the evidence from 2020 to 2025 regarding the potential of 91 

generative AI to transform the information from heterogeneous giga-projects into executable, 92 

visually organised support for executive decision-making within the context of Saudi Vision 93 

2030, and to establish a governance-aware framework for its responsible use. 94 

 95 

The analysis is based on five objectives. The first is to draw a map of generative and related AI 96 

functions throughout the executive decision cycle, covering areas such as sensemaking, 97 

exception detection, scenario framing, option comparison, escalation and decision recording. The 98 

second objective is to identify the design requirements for executive visuals so that they retain 99 

provenance, uncertainty and contextual nuance rather than just simplifying the information. 100 

Third, the review looks at the socio-technical conditions that affect usefulness, such as the level 101 

of data maturity, the integration with digital twins, organisational capability, trust and the 102 

allocation of roles between humans and AI. Fourth, it creates an Executive Visual Decision 103 

Support framework which links data, assurance, generative reasoning, visual explanation and 104 

human governance. Fifth, it sets out an implementation and research programme for testing the 105 

framework in actual Saudi giga-project environments using criteria relating to speed, 106 

comprehension, traceability, decision confidence and accountability. 107 

 108 

3. Review methodology 109 

 110 

An integrative review based on a structured approach was chosen since the research problem 111 

spans a number of established and developing fields of study which do not have a common unit 112 

of analysis. The relevant evidence can be found in the areas of construction engineering, 113 

information systems, management, human-computer interaction, public-sector AI governance 114 

and generative AI research. A review that is too technically focused would fail to address the 115 



 

 

organisational and cognitive conditions, whereas one that is purely managerial would fail to take 116 

into account the data architectures via which visual decision support becomes possible. The 117 

design of the integrative review therefore centres on conceptual convergence and on mechanisms 118 

that are transferable rather than on estimating a pooled effect. 119 

 120 

The time frame for the review was set to span from 2020 to 2025 so as to include current AI 121 

capabilities while still ensuring a clear and consistent technological period. The search strategy 122 

included four categories: artificial intelligence or generative AI; construction, architecture-123 

engineering-construction or digital twin; explainability, visualisation, decision support or human-124 

AI collaboration; and Saudi Arabia, Vision 2030, giga-project or large-project governance. The 125 

potential studies were located using the publisher's online platforms, scholarly discovery 126 

services, and by carrying out backward and forward citation checks. In order to be included, the 127 

research had to be in English, fall within the date range, have a verifiable DOI, and be clearly 128 

relevant to at least two of the following areas: AI-enabled knowledge generation; executive or 129 

human-AI decision processes; explainability and visual communication; construction data and 130 

digital twins; organisational readiness or AI governance; and the Saudi project environment. The 131 

doctoral study by Felemban (2025) was kept in because it offers direct, context-specific evidence 132 

regarding public construction AI readiness and has a persistent DOI. 133 

 134 

The set of evidence ending with thirty sources was selected with a preference for peer-reviewed 135 

empirical studies, high-quality reviews and well-established conceptual contributions. 136 

Purposefully, the collection includes both studies on generative AI and earlier work on 137 

explainability and human-AI collaboration since executive visual support relies on more than just 138 

the capabilities of the model. For instance, research into trust, delegation and interpretability 139 

offers explanations for why an accurate model can still lead to bad organisational outcomes if 140 

users place too much reliance on it, fail to understand its limitations or are unable to examine its 141 

reasoning (Glikson and Woolley, 2020; Liao et al., 2020; Mohseni et al., 2021; Fugener et al., 142 

2022). 143 

 144 



 

 

The sources were coded in a concept-focused manner rather than by summarising them article by 145 

article. Five synthesis areas were employed: information compression and generation; visual 146 

explanation and provenance; human-AI judgement and trust; construction data integration; and 147 

governance and organisational readiness. In each of these areas, the analysis noted the claimed 148 

mechanism, the type of evidence, the boundary conditions and the implications for an executive 149 

readership. Contradictory findings were kept. For example, studies on productivity support the 150 

efficiency potential of generative assistance, while those on collaboration indicate that machine 151 

advice can reduce the diversity of human judgement or lead to delegation errors (Noy and Zhang, 152 

2023; Fugener et al., 2021; Fugener et al., 2022). This kind of tension is regarded as a design 153 

condition and is not settled by adopting either technological optimism or algorithmic aversion. 154 

 155 

The process took place in three stages. In the first stage, common functional capabilities were 156 

found throughout the corpus, for example summarisation, multimodal fusion, prediction, 157 

explanation and scenario generation. In the second stage, the enabling conditions and failure 158 

modes were linked to these functions, involving data quality, hallucination, opacity, cognitive 159 

overload, trust calibration and governance. In the third stage, the relationships were converted 160 

into a layered framework designed to assist with visual decision-making at an executive level. 161 

The framework is therefore an analytical proposition based on converging evidence and not an 162 

empirically validated causal model; its worth consists in defining testable relationships and 163 

implementation controls which can be looked at in future field studies. 164 

Table 1. Evidence synthesis across the reviewed domains 165 

Evidence 

domain 

Representative 

sources 
Synthesis 

Implication for 

executive use 

Generative work Noy and Zhang 

(2023); Brynjolfsson 

et al. (2025); 

Alwashah et al. 

(2025) 

Faster drafting, synthesis 

and knowledge transfer are 

plausible, but gains depend 

on task design and source 

grounding. 

Measure reduced 

decision latency 

together with 

factual integrity. 



 

 

Evidence 

domain 

Representative 

sources 
Synthesis 

Implication for 

executive use 

Explainability 

and trust 

Arrieta et al. (2020); 

Liao et al. (2020); 

Glikson and Woolley 

(2020); Mohseni et 

al. (2021) 

Explanations are audience- 

and task-dependent; trust 

can be useful or 

miscalibrated. 

Show provenance, 

uncertainty and 

drill-down rather 

than only a 

recommendation. 

Human-AI 

collaboration 

Fugener et al. (2021, 

2022); Seeber et al. 

(2020); Raisch and 

Krakowski (2021) 

AI can augment judgement 

but may alter delegation, 

conformity and collective 

diversity. 

Preserve 

independent 

challenge, human 

ownership and 

override. 

Construction 

data systems 

Boje et al. (2020); 

Opoku et al. (2021); 

Long et al. (2024); 

Xiao et al. (2024) 

Digital twins and 

multimodal reporting can 

connect project evidence 

across lifecycle activities. 

Ground generation 

in authoritative 

project systems and 

versioned data. 

Saudi readiness 

and governance 

Felemban (2025); 

Turi et al. (2025); 

Birkstedt et al. 

(2023); Wirtz et al. 

(2022) 

Data readiness, 

management support, 

communication, 

stakeholder processes and 

governance shape adoption. 

Treat visual 

decision support as 

a socio-technical 

capability with 

explicit controls. 

 166 

4. Thematic synthesis 167 

 168 

4.1 From project information to executive sensemaking 169 



 

 

 170 

AI research in the field of construction always presents value in the form of transforming 171 

scattered project data into predictions, pattern recognition, and optimisation. Pan and Zhang 172 

(2021) see information fusion, knowledge reasoning and natural-language processing as key 173 

abilities for construction management, whereas Abioye et al. (2021) emphasise risk management, 174 

monitoring and resource optimisation. The literature on digital twins provides a systems 175 

approach in that its aim goes beyond simply gathering more data to instead keep a useful 176 

connection between the physical conditions, the digital representations and the decision-making 177 

processes (Boje et al., 2020; Opoku et al., 2021; Long et al., 2024). Accordingly, executives 178 

ought to have generative AI positioned above the governed project-data layer rather than have it 179 

work from isolated documents. 180 

 181 

Generative models include a translation feature in this architecture. They are able to restate 182 

technical records in decision-focused language, produce comparisons, link text with images and 183 

tailor the output to the relevant stakeholders. For instance, Xiao et al. (2024) combine computer 184 

vision with a generative model in order to create daily construction reports based on site video, 185 

demonstrating how a machine-generated narrative can be based on project observations. Reviews 186 

indicate that the use of generative AI in the construction sector is growing in the areas of design, 187 

planning, documentation and management, and built-environment research points to user-centred 188 

and data-driven generative approaches (Alwashah et al., 2025; Zhang and Zhang, 2025). The 189 

executive opportunity is not a general chatbot but an orchestration layer which retrieves the 190 

approved evidence and reassembles it into a decision object. 191 

 192 

The literature on productivity helps to account for this appeal. Noy and Zhang (2023) show that 193 

generative assistance can cut down on the time taken and at the same time improve the quality 194 

when it comes to professional writing, while Brynjolfsson et al. (2025) note productivity gains in 195 

a large-scale workplace implementation. Even though these situations are different from those in 196 

the construction industry, both suggest that language models can reduce the cost of turning 197 

knowledge into usable communication. In the case of a giga-project, this can reduce the gap 198 



 

 

between analysis in the control room and leadership discussions. The advantage here is that 199 

decision latency can be reduced without compromising evidential integrity. 200 

 201 

4.2 Visual explanation, provenance and uncertainty 202 

 203 

Executive visuals are intentionally selective. For example, a dashboard, a risk map or a scenario 204 

card simplifies complex information so that attention can be focused on the most important 205 

aspects. With the help of generative AI this selectivity becomes dynamic since the system can 206 

decide what to summarise, how to present it and which type of representation to generate. 207 

Research into explainability demonstrates the need for audience-specific design. Arrieta et al. 208 

(2020) claim that explanations depend on the audience and the purpose; Liao et al. (2020) show 209 

that users pose different questions when they are trying to understand AI outputs; and Mohseni et 210 

al. (2021) link explainability objectives with different user groups and evaluation methods. An 211 

executive visual does not have to include all the technical details, but it does have to reveal only 212 

what is necessary for decision-making. 213 

 214 

The following three requirements apply. The first is that provenance must be visible—each claim 215 

which has an impact on a decision should be able to be traced back to the original records, 216 

models or assumptions. The second is that uncertainty should be shown using confidence ranges, 217 

scenario bands, data-quality indicators or by indicating explicitly any unresolved issues. The 218 

third is that alternatives should stay inspectable; since a single recommended course of action 219 

can have an anchoring effect, executives should be able to compare plausible options and 220 

understand the factors that distinguish them. 221 

 222 

Research into social transparency supports this point. Ehsan and others (2021) found that 223 

explanations are situated in a social context and can be enhanced by making available 224 

information regarding the people, processes and organisational background associated with an 225 

AI-assisted decision. Kaur and colleagues (2020) warn that interpretability tools do not by 226 



 

 

themselves lead to a correct understanding; users may misuse them or form incorrect mental 227 

models. It is for this reason that in the context of giga-project communication provenance should 228 

not only include the dataset but also the assumption, the responsible function, the time of update 229 

and the decision rule. A technically visually attractive output may be transparent in technical 230 

terms yet still remain opaque in an organisational sense. 231 

 232 

The need for provenance to be established becomes absolute. Ji et al. (2023) show that natural-233 

language generation is capable of producing content that is not supported by the source material. 234 

Dwivedi et al. (2023) extend the issue to include credibility, transparency, bias, and governance 235 

when the technology is used in an organisation. In the case of executive reporting, generation 236 

must be limited to approved project repositories, numerical values must be obtained from 237 

authoritative systems, and any content without support should be either blocked or marked as 238 

hypothetical. Visual communication should serve as an assurance surface that enables users to 239 

see the limitations of the model rather than concealing them. 240 

 241 

4.3 Human-AI judgement and calibrated reliance 242 

 243 

The best argument for the use of generative AI in executive communication is that of 244 

augmentation, but this does not mean that augmentation is safe. Raisch and Krakowski (2021) 245 

point out that automation and augmentation constitute an organisational paradox since tasks can 246 

shift between humans and machines over time. Shneiderman (2020) advocates for systems that 247 

combine a high degree of automation with meaningful human control. In the case of giga-248 

projects, generative AI should be used to automate the synthesis whereas material judgement, 249 

accountability and the acceptance of exceptions should remain with authorised people. 250 

 251 

Trust should be adjusted rather than pushed to the highest level. Glikson and Woolley (2020) 252 

indicate that trust in AI is influenced by the features of the technology and the way it is 253 

presented, and Fugener et al. (2022) show that inadequate metaknowledge can hinder human 254 



 

 

delegation even if the users are willing to work with AI. Furthermore, Fugener et al. (2021) 255 

discover that advice from AI can increase individual accuracy but at the same time decrease the 256 

diversity of human judgement, which may in turn weaken collective problem solving. When an 257 

executive committee sees the same machine-generated framing prior to forming their own 258 

independent views, the debate might be narrowed. 259 

 260 

A more effective workflow should keep the process of machine synthesis separate from human 261 

challenge. The system can prepare the evidence, detect any conflicts and suggest various 262 

scenarios, and at the same time the interface should encourage counter-interpretations. 263 

Executives should be able to record their own independent assessments when making decisions 264 

of high consequence, check out the synthesis produced by the AI and then note the points at 265 

which their judgement differs. Seeber et al. (2020) view AI as a possible teammate whose impact 266 

will vary according to the machine, the collaborative process and the institutional context. 267 

Makarius et al. (2020) do similarly stress the cognitive, relational and structural conditions 268 

involved in organisational integration. A visual summary should indicate who is responsible for 269 

the decision, who has validated the evidence and where the generated narrative has been changed 270 

as a result of human challenge. 271 

 272 

Kellogg and others in 2020 introduced a governance aspect by demonstrating the way in which 273 

algorithms alter the mechanisms of control within organisations. As part of a large-scale project, 274 

generative reporting can affect the issues that come to the attention of senior management and 275 

the interpretations that are given greater prominence. Prompt design, data access and the rules for 276 

escalating issues are thus examples of organisational controls. The support system must keep a 277 

record that can be audited of all the information retrieved, transformed, user edits made and the 278 

final decisions reached, so that the chain of influence can be examined. 279 

 280 

4.4 Organisational readiness and the Saudi giga-project context 281 

 282 



 

 

AI capability is in part a matter of how organisational resources are arranged. Mikalef and Gupta 283 

(2021) view AI capability as made up of tangible, human and intangible resources, which means 284 

that having access to a model by itself does not lead to improved performance. Felemban (2025) 285 

reaches a similar conclusion in the context of public construction in Saudi Arabia, noting that 286 

readiness is linked to technology infrastructure, the state of the data, support from senior 287 

management, organisational maturity, absorptive capacity, training, collaboration and 288 

government support; nevertheless, poor upstream readiness cannot be compensated for by better 289 

graphics. 290 

 291 

Data maturity forms the initial boundary condition. When a large-scale project deals with 292 

information, it involves design platforms, document-control systems, schedule tools, cost 293 

systems, geographic information, sensors, correspondence and reports from contractors. Even if 294 

the definitions differ, a generative interface can make these various sources appear to be unified. 295 

Before any generation takes place, the assurance layer has to resolve the identifiers, timestamps, 296 

versions and ownership. Research into digital twins supports this focus on interoperability and 297 

the integration of data throughout the lifecycle (Boje et al., 2020; Long et al., 2024). The model 298 

must not invent consistency in areas where the project has not already established it. 299 

 300 

The second boundary condition is governance. Birkstedt and others (2023) point out that 301 

technology, the various stakeholders and the context, regulation and processes are recurring 302 

aspects of organisational AI governance, and they stress the importance of senior management 303 

commitment and operationalisation. Wirtz and co-authors (2022) also suggest a governance 304 

approach that is oriented towards risk, covering technological, data, informational, social, ethical 305 

and legal issues. When these findings are applied to the Saudi giga-projects, this leads to the 306 

implementation of role-based access, approved model configurations, confidentiality controls, 307 

documented escalation thresholds, model review and human approval for any recommendations 308 

that have significant consequences. 309 

 310 



 

 

The third criterion is communication readiness. As Turi and others (2025) have found in their 311 

study of projects within the NEOM context, there is a connection between effective 312 

communication, change readiness and stakeholder engagement and the different performance 313 

pathways of projects. Executive visualisation thus plays a role in the process by which 314 

requirements, risks and changes are interpreted. A generative system should allow for multiple 315 

views of the same verified evidence—such as a high-level narrative on exceptions for the board, 316 

a view for the programme director showing the actions needed, and a technical level of detail. 317 

The evidence must remain consistent even when the level of detail changes. 318 

 319 

These themes together show a key principle, namely that generative AI creates value by reducing 320 

representational friction without at the same time reducing epistemic discipline; it should make 321 

project intelligence easier to understand while still keeping the source, the uncertainty, the 322 

assumptions, the alternatives and responsibility. 323 

 324 

325 
Figure 1. Visual intelligence pipeline from verified project evidence to accountable executive 326 

action. 327 



 

 

5. Executive Visual Decision Support framework 328 

 329 

The Executive Visual Decision Support (EVDS) framework consists of five interconnected 330 

layers together with a feedback loop; its aim is to transform project evidence into visual 331 

presentations that are ready for use by executives while at the same time keeping assurance and 332 

ensuring that there is accountable human control. 333 

 334 

The project evidence layer is known as Layer 1. It consists of the approved schedule, cost, risk, 335 

design, procurement, site, environmental, stakeholder and performance data, along with the 336 

relevant narrative records. Although digital twins and building-information models offer spatial 337 

and asset context, they are still considered sources and not replacements for governance. Each 338 

source must have an owner, a time of update, a version number and an access classification. This 339 

arrangement stops the generative model from becoming an unauthorised system of record (Pan 340 

and Zhang, 2021; Long et al., 2024). 341 

 342 

The assurance layer is made up of Layer 2. Before information gets to a generative model, both 343 

automated and manual controls are used to verify its completeness, consistency, provenance, and 344 

relevance for decision-making. Numerical fields are checked against authoritative systems; 345 

conflicting values are identified and brought to light rather than being quietly averaged; missing 346 

data are noted; and records that are restricted are filtered according to the user's role. For outputs 347 

that have high consequences, higher evidence thresholds are applied and specialist review is 348 

required. This layer is particularly important in Saudi public-project environments according to 349 

Felemban's (2025) findings on data, technology readiness and organisational maturity. 350 

 351 

Layer 3 is the layer responsible for generative reasoning. The models carry out retrieval, 352 

summarisation, comparison, anomaly narration, the generation of causal hypotheses and the 353 

drafting of scenarios. The system arranges the evidence but is not regarded as having 354 

independent managerial judgement. Retrieval is restricted to approved sources and the prompts 355 



 

 

have to include citation of evidence, explicit assumptions and a distinction between observed 356 

facts and hypotheses. The research into hallucinations supports this kind of control since fluency 357 

cannot be used to establish factual support (Ji et al., 2023). Scenarios must be presented as 358 

conditional possibilities unless predictive models have been validated and provide probabilities. 359 

 360 

Layer 4 serves as the visual communication layer and transforms the analysis results into 361 

decision-making objects such as exception cards for matters that need to be acted upon, scenario 362 

panels which compare different options and their consequences, temporal deltas that show what 363 

has changed, spatial views that link risks or progress to specific locations, and decision trails that 364 

connect recommendations to the evidence, assumptions, and previous commitments. The visual 365 

grammar should be stable so that executives can learn where to find information on provenance, 366 

uncertainty, responsibility, and the next action. Research into explainability indicates that the 367 

design should be aligned with the questions of the users rather than aiming to maximise technical 368 

detail (Arrieta et al., 2020; Liao et al., 2020). 369 

 370 

Layer 5 functions as the executive governance layer; humans have the option of accepting, 371 

rejecting, modifying or escalating the synthesis produced by the machine. For issues relating to 372 

capital, safety, contractual agreements, regulation and strategy, decision-making powers remain 373 

clearly defined. The system keeps a record of the final decision, the authority responsible for it, 374 

the reasons given and any deviation from the recommended action. Research into human-centred 375 

AI suggests that combining computational support with clear human control is effective, and 376 

studies in organisationalbehaviour indicate that the integration of AI depends on relational and 377 

institutional design (Shneiderman, 2020; Makarius et al., 2020). 378 

 379 

The decision outcomes are sent back to the evidence and assurance sections. In the case where an 380 

executive rejects an interpretation on the grounds that a key dependency was missing, the system 381 

should call for a correction to the data or rules rather than making only a change to the prompt. 382 

Whenever there are repeated requests for a drill-down, this can be used to improve the visual 383 

design. Relevant indicators are briefing preparation time, the proportion of claims that can be 384 



 

 

traced back to authoritative sources, the number of data conflicts detected before review, 385 

executive comprehension, the number of unsupported outputs, the length of the decision cycle, 386 

the number of human overrides and the number of actions that are closed. 387 

 388 

The implementation must also proceed in stages, with each stage being approved by the 389 

governing body. In the first phase, a pilot project should set up authoritative data sources, 390 

identify the permitted use cases, assign responsible owners and establish procedures for dealing 391 

with failures. In the second stage, the generated briefs should be checked against the existing 392 

executive packs, noting any factual discrepancies, missing context, user corrections and the time 393 

saved. Only when the system has performed satisfactorily should it be used for scenario 394 

comparison or for drafting recommendations. In the third stage, feedback from executives, 395 

project controls, legal, cybersecurity and domain specialists should be incorporated into a 396 

controlled operating model. Periodic audits should then look at the source coverage, any changes 397 

to the model, access patterns, unsupported claims and the patterns of human override. This 398 

approach transforms the adoption of the system from a simple technology rollout into a 399 

continuously monitored process of organisational learning, one that is in line with the 400 

governance and readiness evidence found in the reviewed literature. 401 

 402 

The approach does not rely on a single overall AI score since a quick system might be unsafe, a 403 

system that is highly trusted might be depended on too much, and an appealing system might 404 

hide missing evidence. Instead, effectiveness should be evaluated in terms of speed, 405 

understanding, traceability, the level of challenge and accountability. 406 



 

 

407 
Figure 2. Governed human-AI decision loop with provenance, uncertainty, access and audit 408 

guardrails. 409 

Table 2. EVDS design requirements across the executive decision cycle 410 

Decision 

stage 

Generative 

function 

Preferred visual 

form 

Required 

assurance 

Human 

responsibility 

Sensemakin

g 

Retrieve and 

summarise 

current evidence 

Exception card + 

source links 

Freshness, 

completeness, 

source authority 

Confirm 

relevance and 

materiality 

Diagnosis Compare records 

and describe 

plausible drivers 

Causal map + 

evidence panel 

Separate 

observation from 

hypothesis 

Challenge 

causal 

interpretation 

Option Draft Scenario Explicit Define feasible 



 

 

Decision 

stage 

Generative 

function 

Preferred visual 

form 

Required 

assurance 

Human 

responsibility 

framing alternatives and 

consequences 

comparison 

panel 

assumptions; no 

invented 

probabilities 

options and 

constraints 

Decision Condense trade-

offs and 

unresolved 

issues 

Decision card + 

uncertainty 

markers 

Trace every 

material claim and 

number 

Accept, reject, 

modify or 

escalate 

Action Translate 

decision into 

owned next steps 

Action register + 

milestone delta 

Owner, deadline 

and system-of-

record link 

Assign 

accountability 

and monitor 

closure 

Learning Compare 

outcomes with 

assumptions 

Decision trail + 

variance view 

Preserve history 

and overrides 

Review lessons 

and update 

controls 

 411 

6. Discussion and implications 412 

The review treats executive visual communication as an information-governance issue using a 413 

visual interface, rather than as a graphics problem involving an AI engine. Although generative 414 

systems are very good at producing coherent representations, coherence can lessen cognitive 415 

effort but may also mask disagreements between sources. That is why the EVDS framework puts 416 

assurance before generation and governance afterwards: executives only gain the advantage of 417 

compression once the organisation has decided what can legitimately be compressed. 418 

What this means for programme leaders is that they should start by making limited decisions 419 

rather than implementing them across the entire organisation. Good examples of early 420 



 

 

applications would be regular executive reviews in which the evidence is organised, for instance 421 

by means of schedule exceptions, change-control summaries or risk escalations. In such 422 

situations the outputs produced automatically can be compared with the existing reports after 423 

being examined by a person. Research into automated construction reporting shows that 424 

generative models are able to reduce the amount of documentation needed when they are linked 425 

to observable project evidence (Xiao et al., 2024). Expansion should come only after traceability 426 

and comprehension have been demonstrated, not because of the visual appeal. 427 

A further consequence is that systems should be designed with a challenge in mind. 428 

Explainability must allow an executive to find out what has changed, what evidence backs up a 429 

particular statement, what aspects are uncertain, what alternative options were examined and 430 

who is responsible for the next step. Ehsan et al. (2021) demonstrate that organisational context 431 

is an important element of an explanation, whereas Kaur et al. (2020) show that interpretability 432 

tools can be misinterpreted. A helpful visual integrates a brief narrative with the ability to drill 433 

down, shows provenance and includes the decision history. Complexity should be kept available 434 

when needed rather than being discarded. 435 

The third point relates to the development of capability. Organizations require individuals who 436 

are able to link together project controls, data engineering, model governance, information 437 

design and the processes involved in executive decision-making. This is in line with the finding 438 

that AI capability relies on a range of complementary resources rather than on technology alone 439 

(Mikalef and Gupta, 2021). Felemban (2025) reaches a similar conclusion, identifying absorptive 440 

capacity, training, collaboration and management support as readiness factors. A centre of 441 

enablement could establish approved patterns, test models, keep the retrieval controls, provide 442 

training to users and examine incidents, while the business owners would remain accountable. 443 

The fourth point is about institutional memory. By means of a governed generative layer, current 444 

exceptions can be connected with previous decisions, assumptions and outcomes, thus enhancing 445 

continuity during changes in leadership and when working with contractors. It is necessary to 446 

retain disagreements and outdated reasoning rather than rewrite history into a single story. As 447 

algorithmic-control research has shown, information systems have an effect on what is visible 448 

and on organisational power (Kellogg et al., 2020). Governance should therefore look into which 449 



 

 

data are included, which issues attract the attention of executives and the way in which the 450 

outputs influence escalation. 451 

In terms of research, the unit of analysis should change from model accuracy to decision-system 452 

performance. Future studies could compare traditional reporting with EVDS-supported reporting 453 

by looking at comprehension, decision time, the recall of uncertainty, the quality of challenges, 454 

reliance behaviour, action closure and traceability. Experiments might be carried out to find out 455 

whether making an independent judgement before being exposed to AI reduces the conformity 456 

effects suggested by research into human-AI collaboration (Fugener et al., 2021). Field studies 457 

could investigate how Saudi construction readiness factors affect adoption and whether greater 458 

digital-twin integration leads to better factual grounding. 459 

7. Limitations and future research 460 

There are three limitations to this review. The first is that there has been only a limited amount of 461 

direct empirical research into the use of generative AI for executive visual communication in 462 

Saudi giga-projects; the framework has therefore incorporated evidence from related areas such 463 

as construction AI, explainability, organisational studies and professional knowledge work. It is 464 

necessary to test, not merely assume, the transferability of this evidence. The second limitation is 465 

that the rapid development of multimodal models means that specific technical capabilities could 466 

change more quickly than organisational evidence does. As a result, the framework places a 467 

focus on durable controls—namely provenance, assurance, human challenge and auditability—468 

rather than on particular model brands or architectures. The third limitation is that the review 469 

makes use of a curated integrative corpus instead of carrying out a bibliometric census, so it has 470 

been designed for conceptual depth rather than for complete coverage. 471 

Future research should verify the EVDS framework by means of longitudinal pilot studies. One 472 

such study could look at the briefing cycles both before and after the implementation has taken 473 

place, recording the time taken for preparation, the ability to trace sources, levels of 474 

comprehension, and the time lag before a decision is made. Another study could vary the visual 475 

displays of uncertainty in order to find out their impact on executive confidence and on the 476 

tendency to escalate. A third study could test out different sequences involving humans and AI, 477 

for example by having a human make an independent judgement before the machine carries out 478 

synthesis, in order to examine the effects on conformity and diversity. The research should also 479 



 

 

investigate Arabic-English bilingual generation, cross-organisational data rights, confidentiality, 480 

model drift, and the way in which generative interfaces interact with digital twins. The most 481 

compelling evidence will be obtained from actual project decisions where the quality of 482 

communication can be connected with the subsequent actions and outcomes. 483 

8. Conclusion 484 

Generative AI has the potential to serve as a useful communication layer for the leadership team 485 

involved in Saudi's giga-project, but the extent of its contribution will depend on it being 486 

carefully integrated with project evidence and governance procedures. As the literature indicates, 487 

AI can enhance the processes of synthesis, reporting and professional productivity, since the 488 

digitalisation of construction is creating richer data environments for decision support. On the 489 

other hand, hallucinations, opacity, misaligned trust, a tendency towards conformity and 490 

insufficient organisational readiness can cause efficient content generation to turn into unreliable 491 

communication for management purposes. 492 

To deal with this tension the EVDS framework connects five layers: project evidence, assurance, 493 

generative reasoning, visual communication and executive governance. Its main idea is that 494 

generative AI should simplify complexity without at the same time reducing accountability. 495 

Executive visuals must therefore show provenance, uncertainty, alternatives, ownership and 496 

decision history even if the main presentation stays concise. Final judgement is still the 497 

responsibility of humans, alongside the system providing support for synthesis, challenge and 498 

learning. 499 

With Vision 2030, the value of this approach is not so much due to any technological innovation 500 

as rather to the extent and level of coordination required when delivering giga-projects. A 501 

generative interface that is properly governed can enable leaders to transition from scattered 502 

information to quicker, more coherent and more inspectable deliberations. At present the focus of 503 

the research is on empirical evidence to determine whether such systems reduce decision-making 504 

delays and enhance understanding while at the same time preserving independent judgement, 505 

traceability and the ability for responsible escalation. Only if these conditions are satisfied can 506 

generative visual communication strengthen support for executive decision-making without 507 

turning into an unaccountable replacement for it. 508 



 

 

It also ensures that there is a consistent level of executive action across various programmes by 509 

taking as the deciding factor for confidence, challenge, escalation and any final decision the 510 

quality of the evidence rather than the fluency of the language generated. 511 

 512 
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