
 

American Journal of Advanced Multidisciplinary 

Innovation and Research (AJAMIR) 

 
E-ISSN: XXXX-XXXX   ●   Website: www.ajamir.com   ●   Email: editor@ajamir.com 

 

AJAMIR Volume 3, Issue 1, January-February 2022 67 

 

Graph Intelligence for Mapping Hidden 

Dependencies in Complex Organizations 
 

Dr. Lucas M. Rivera 
 

Associate Professor, Boston University, USA 

 

Abstract 

Contemporary organizations operate through dense and often partially invisible webs of interdependence 

that connect people, teams, digital systems, decision routines, vendors, compliance processes, and 

resource flows. Although formal organizational charts describe reporting structures, they rarely capture 

the hidden dependencies through which work is actually coordinated and risks are propagated. These 

latent dependencies become especially consequential in complex organizations where disruption in one 

unit can cascade into delays, compliance failures, operational bottlenecks, decision congestion, or 

service deterioration in other units. This study examines how graph intelligence can be used to reveal, 

model, and interpret hidden organizational dependencies that remain obscured in conventional process 

maps and hierarchical management frameworks. The paper conceptualizes graph intelligence as the 

combined use of graph data modeling, network analytics, community detection, centrality analysis, and 

dependency-path interpretation to represent organizational relationships as dynamic and analyzable 

structures rather than isolated workflows. 

 Because access to a verified organizational dependency dataset was not available, the research is 

explicitly designed as a simulation-based methodological study. A synthetic directed multilayer 

organizational graph comprising 18 functional units, 126 inter-unit dependency links, and six 

dependency categories was developed. Four analytical dimensions were evaluated: dependency 

visibility, bottleneck identification, disruption-propagation awareness, and coordination-readiness 

improvement. The simulated results indicate that graph-intelligence methods substantially improve the 

ability to identify structurally influential units and non-obvious dependency channels. In the synthetic 

model, Information Technology Infrastructure and Data Analytics emerged as the most structurally 

central units, while Operations, Compliance, and Procurement displayed high disruption-propagation 

sensitivity due to their positions in cross-functional workflows. A simulated scatter analysis showed a 

strong positive relationship between dependency centrality and disruption propagation. The study argues 

that graph intelligence is valuable not only for describing organizational structure but also for improving 

governance, resilience, change management, and strategic decision-making. The paper concludes that 

hidden dependencies should be treated as a core managerial and analytical concern, especially in 

organizations undergoing digital transformation, process integration, or risk-intensive operations. 
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1. Introduction 

Organizations are commonly represented through organograms, reporting lines, business-process charts, 

and departmental boundaries. These representations remain useful for clarifying formal authority, yet 

they often fail to describe how work actually moves across an organization. Real organizational activity 

depends on a wide range of unseen relationships: a finance approval may depend on an analytics-

generated alert; a compliance review may depend on data produced by operations; customer service may 

depend on an internal knowledge system maintained by information technology; and procurement 

decisions may indirectly shape timelines in product development, service delivery, or legal review. 

These dependencies are frequently dispersed across digital platforms, functional silos, and informal 

coordination routines. As a result, organizations may underestimate how deeply connected their 

operational, informational, and decision systems truly are. 

 The consequences of hidden interdependence become particularly visible during disruption. A 

seemingly localized failure in one domain can trigger cascading effects in unrelated or only weakly 

visible parts of the enterprise. A delayed vendor input may compromise inventory decisions, which then 

affect service continuity, compliance reporting, and customer experience. Likewise, the unavailability of 

a data-validation process can silently impair downstream decisions in finance, human resources, or 

policy implementation. Traditional management systems often detect the consequences of such 

disruptions only after performance has already deteriorated. This creates a strong need for analytical 

approaches that reveal not merely formal structure, but relational dependency structure. 

 Graph intelligence offers one promising response to this challenge. By representing 

organizational entities as nodes and their interdependencies as edges, graph-based approaches allow 

analysts to examine how information, approvals, resources, risks, and influence move through a complex 

system. In contrast to static charts, graph models can represent multiple types of relationships 

simultaneously and can be interrogated through centrality measures, path analysis, clustering methods, 

community detection, and propagation modeling. Scholars such as Wasserman and Faust, Borgatti, 

Newman, and Barabási have shown that network structure fundamentally shapes how resources, 

influence, and vulnerability are distributed across systems. Their insights provide a strong foundation for 

organizational dependency analysis. 

 Recent developments in graph analytics and graph-based machine intelligence further extend this 

potential. Multilayer and attributed graph models allow analysts to incorporate workflow, 

communication, technological, and governance relationships into a single analytical framework. This is 

particularly valuable in complex organizations where dependencies are not homogeneous. Some are 

process-based, others are technological, and still others are knowledge-based or regulatory. A 

department may appear peripheral in one layer but become highly central in another. Consequently, a 

meaningful organizational analysis must move beyond single-layer workflow mapping toward integrated 

dependency intelligence. 

 This study therefore investigates how graph intelligence can be used to map hidden dependencies 

in complex organizations through a simulation-based methodological framework. Rather than claiming 

field-validated empirical findings, the paper develops a reproducible analytical structure that 

organizations can later adapt to real operational environments. The goal is to demonstrate how graph 
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thinking can strengthen managerial visibility, identify structurally critical units, improve disruption 

awareness, and support more resilient coordination across complex organizational systems. 

 

2. Objectives of the Study 

2.1 To Identify Hidden Dependency Structures in Complex Organizations 

The first objective is to examine how graph intelligence can reveal dependency relationships that are not 

visible in conventional hierarchical charts or isolated process diagrams. The study is concerned with 

workflow, data, approval, knowledge, compliance, and technological dependencies that materially 

influence organizational functioning. 

 

2.2 To Evaluate Structurally Critical Units and Dependency Risks 

The second objective is to assess how graph-based measures such as centrality, path connectivity, and 

community structure can identify bottleneck units, dependency bridges, and high-risk nodes whose 

failure may trigger cascading operational effects. 

 

2.3 To Develop a Practical Graph-Intelligence Framework for Organizational Analysis 

The third objective is to construct a methodological framework that organizations can use to model 

hidden dependencies, monitor inter-unit fragility, and improve resilience-oriented decision-making 

through graph intelligence. 

 

3. Review of Literature 

3.1 Organizational Networks and Hidden Coordination Structures 

The foundations of organizational network analysis were laid by scholars who emphasized that formal 

hierarchy does not fully explain organizational performance. Wasserman and Faust established the 

methodological basis for social network analysis, while Granovetter's work on embedded social ties and 

Burt's theory of structural holes demonstrated that relational position often influences access to 

information, opportunity, and coordination capacity. In organizational settings, Cross and Parker later 

showed that invisible networks of collaboration, advice, and trust frequently shape performance more 

strongly than official reporting arrangements. These contributions support the argument that hidden 

organizational dependencies are not anomalies; they are normal features of complex work systems. 

 Borgatti and Halgin further clarified that network analysis provides a way to understand how 

structure influences outcomes such as coordination, knowledge sharing, influence, and vulnerability. In 

this perspective, organizational dependency is not just a managerial inconvenience but a structural 

property of the system. The literature suggests that performance bottlenecks, innovation blocks, and 

resilience failures often arise not because organizations lack formal processes, but because they do not 

sufficiently understand the networked dependencies through which those processes actually operate. 

 

3.2 Graph Analytics, Centrality, and Multilayer Complexity 

Graph theory and modern network science have significantly expanded the analytical tools available for 

organizational mapping. Newman's work on networks and Barabási's research on network science 

helped establish centrality, clustering, path length, connectivity, and network resilience as core structural 
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concepts. In practical organizational analysis, centrality measures are especially important because they 

help identify which units occupy influential or fragile positions within the network. 

 The literature also shows that real systems are frequently multilayer rather than singular. Kivelä 

and colleagues, along with Boccaletti and co-authors, demonstrated that many complex systems involve 

multiple overlapping network layers. An organizational department may therefore occupy one position 

in a communication network, another in an approval network, and a third in a technology-support 

network. This insight is highly relevant for hidden dependency mapping because a department that 

appears operationally marginal may still be highly central as an information broker or technological 

intermediary. 

 Community-detection methods, including the work of Clauset, Newman, and Moore and the 

Louvain method advanced by Blondel and colleagues, add another important dimension. These 

approaches allow analysts to detect structurally cohesive groups that may not align with formal 

departmental boundaries. In organizations, such communities may represent cross-functional 

dependence clusters that are highly relevant for change management and disruption planning. 

 

3.3 Graph Intelligence in Organizational Decision Environments 

The concept of graph intelligence moves beyond descriptive network mapping toward analytic 

interpretation and decision support. Graph intelligence combines graph representation with domain 

reasoning to derive managerial insights from structural patterns. In practice, this may involve using path 

analysis to estimate cascade routes, centrality measures to rank dependency-critical actors, graph 

embeddings to summarize relational patterns, and graph databases to support complex relational queries. 

 In related fields, process mining research led by van der Aalst has shown the value of event-

based process discovery for understanding actual organizational flows rather than assumed flows. Graph 

representation learning, as discussed by Hamilton, and surveys of graph neural networks such as the 

work of Wu and colleagues, further indicate that graph-based intelligence can eventually support 

prediction, anomaly detection, and structural pattern recognition. Although the present study remains 

methodological and does not train a graph neural network, the literature makes clear that graph 

intelligence is evolving from a descriptive framework into a broader analytical ecosystem. 

 Taken together, the literature supports three propositions. First, hidden dependencies are 

structurally significant and not fully captured by formal charts. Second, graph analytics provide suitable 

tools for detecting centrality, bottlenecks, and relational clusters. Third, graph intelligence can be 

operationalized as a governance and resilience mechanism in complex organizations. 

 

4. Research Methodology 

4.1 Research Design 

This research adopts a simulation-based methodological design. Because access to confidential 

organizational relational data was not available, the study created a synthetic complex-organization 

graph for demonstration purposes. The simulated organization consisted of 18 functional units 

distributed across strategy, finance, operations, customer service, human resources, information 

technology, compliance, procurement, analytics, and support functions. The graph was directed, 
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weighted, and multilayered, allowing a single unit to participate in several forms of dependency 

simultaneously. 

 Six dependency categories were incorporated into the synthetic model: workflow dependency, 

information dependency, decision dependency, technology dependency, vendor dependency, and 

compliance dependency. Each dependency edge represented the extent to which one unit materially 

relied on another for successful task completion, decision quality, or service continuity. 

 

4.2 Analytical Variables and Graph Measures 

Four analytical variables were selected for evaluation. The first was dependency visibility, defined as the 

degree to which graph modeling revealed previously obscured inter-unit relationships. The second was 

bottleneck identification, referring to the ability of graph analysis to detect structurally central or 

bridging units. The third was disruption-propagation awareness, which captured how effectively the 

analysis indicated likely cascade routes following failure or delay in a key node. The fourth was 

coordination-readiness improvement, representing the potential managerial usefulness of the resulting 

graph map for cross-functional planning. 

 The graph analysis employed degree centrality, betweenness centrality, closeness patterns, and 

community structure. A composite dependency centrality score was calculated by combining normalized 

in-degree, out-degree, and bridging significance. A disruption-propagation index was then simulated to 

estimate how strongly disruption in one unit could spread across downstream functions. 

 

Table 1: Methodological Framework for Simulated Graph Intelligence Analysis 

Component Description 

Research design Simulation-based organizational graph analysis 

Number of organizational 

units 
18 

Number of dependency 

links 
126 

Graph type Directed, weighted, multilayer organizational dependency graph 

Dependency categories Workflow, information, decision, technology, vendor, compliance 

Core graph measures Degree centrality, betweenness, path dependency, community structure 

Main evaluation variables 
Dependency visibility, bottleneck identification, disruption awareness, 

coordination readiness 

Nature of data Fully synthetic and illustrative 

 

Source: Author’s simulation design. 
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4.3 Procedure and Ethical Position 

The simulation proceeded in three stages. First, functional units and dependency categories were 

defined. Second, weighted dependency edges were generated to represent plausible inter-unit 

interactions in a complex organization. Third, graph measures were computed and summarized into 

interpretable organizational metrics. The analysis then focused on the eight most structurally relevant 

units for concise presentation in the main results. 

 No real employee data, surveillance data, message logs, or private organizational records were 

used. The study therefore does not claim field deployment or human-subject participation. Future 

empirical work should apply the framework using properly authorized organizational data, privacy 

safeguards, role-based access controls, and transparent governance procedures. 

 

5. Analysis 

5.1 Structural Visibility of Hidden Dependencies 

The synthetic graph model revealed that formal managerial salience and structural dependency salience 

were not identical. Some departments that would typically receive primary managerial attention, such as 

Finance or Operations, remained important, but graph analysis showed that Information Technology 

Infrastructure and Data Analytics occupied even more central dependency positions than their formal 

authority might suggest. This occurred because numerous processes relied indirectly on digital systems, 

data availability, reporting mechanisms, and system maintenance. 

 The graph also identified hidden bridging relationships. Procurement, for example, was not the 

largest unit in the synthetic organization, yet its dependencies linked vendor inputs, compliance 

processes, operational continuity, and cost controls. In a conventional chart, these links would likely 

appear fragmented. In the graph model, they became structurally visible. 

 

5.2 Bottlenecks and Disruption Propagation 

The simulated results indicated that structurally central units tended to exhibit higher disruption-

propagation potential. Information Technology Infrastructure, Data Analytics, and Operations showed 

the highest values, indicating that interruptions in these areas could affect multiple downstream units. 

Compliance displayed a slightly different profile: its direct workload centrality was lower than that of IT 

or Operations, but its bridging role across regulated workflows increased its propagation sensitivity. 

 

Table 2: Simulated Dependency Intelligence Results for Key Organizational Units 

Organizational 

Unit 

Composite 

Dependency 

Centrality 

Hidden 

Dependencies 

Identified 

Disruption 

Propagation Index 

Review 

Priority 

IT Infrastructure 0.88 17 92 Very High 

Data Analytics 0.81 15 86 Very High 

Operations 0.74 13 78 High 
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Organizational 

Unit 

Composite 

Dependency 

Centrality 

Hidden 

Dependencies 

Identified 

Disruption 

Propagation Index 

Review 

Priority 

Procurement 0.69 11 74 High 

Compliance 0.58 10 71 High 

Finance 0.63 9 67 
Moderate-

High 

Customer Service 0.54 8 59 Moderate 

Human 

Resources 
0.49 7 48 Moderate 

 

Source: Author’s simulated organizational graph analysis. 

These results suggest that graph intelligence can help organizations distinguish between volume-heavy 

units and structurally critical units. A department handling a large amount of visible work is not always 

the same department whose relational position makes it most vulnerable or most influential in disruption 

propagation. 

 

5.3 Graphical Interpretation of Dependency Centrality and Risk 

 

Graph 1: Simulated Relationship Between Dependency Centrality and Disruption Propagation 
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The scatter plot shows a strong positive simulated relationship between composite dependency centrality 

and disruption propagation. Units with higher centrality scores tended to produce stronger downstream 

operational effects when disrupted. IT Infrastructure and Data Analytics appeared in the upper-right 

portion of the graph, indicating both high relational centrality and high cascade potential. Human 

Resources appeared comparatively lower, suggesting that although it remained structurally relevant, its 

disruption effects were less widely propagated in the synthetic model. 

 The graph supports the broader claim that graph intelligence is useful not only for descriptive 

visualization but also for identifying which organizational dependencies deserve strategic monitoring. It 

also demonstrates that risk in complex organizations is often relational rather than merely hierarchical or 

volumetric. 

 

6. Discussion 

6.1 Graph Intelligence Reframes Organizational Visibility 

The results indicate that graph intelligence changes what managers are able to see inside complex 

organizations. Traditional organizational charts largely privilege authority and reporting relationships, 

whereas graph intelligence privileges dependency relationships. This shift is analytically important 

because many organizational failures emerge not from unclear hierarchy but from poorly understood 

interdependence. A graph-based representation makes it possible to identify invisible bridges, 

structurally central service units, and cross-functional dependency clusters that conventional managerial 

tools frequently underrepresent. In this sense, graph intelligence should be understood as a visibility 

technology for organizational structure in use rather than organizational structure on paper. 

 This interpretation aligns with the broader network-analysis literature. Borgatti and Halgin argue 

that network structure shapes access, influence, and constraint, while Cross and Parker show that 

invisible networks often determine actual effectiveness in organizations. The present study extends these 

insights by emphasizing dependency rather than only communication or advice ties. Hidden 

dependencies can include data pipelines, approval routines, system interfaces, or regulatory checks. 

Once these are mapped graphically, management can move from reactive diagnosis toward proactive 

dependency governance. 

 

6.2 Structurally Critical Units Are Not Always Formally Dominant 

A second important implication is that structural criticality does not necessarily coincide with formal 

authority or headcount size. In the simulated organization, IT Infrastructure and Data Analytics emerged 

as highly central, not because they occupied the top of the hierarchy, but because many other units relied 

on them. Procurement and Compliance also displayed significant dependency importance because they 

linked multiple operational pathways. This finding is especially relevant for contemporary organizations 

undergoing digital transformation, where relatively small enabling units often become systemically 

indispensable. 

 The managerial consequence is that resource allocation and risk oversight should not rely solely 

on formal organizational importance. Units with modest visibility may require stronger resilience 

planning, succession design, process redundancy, or monitoring precisely because their hidden 

dependencies are extensive. Graph intelligence therefore contributes to a more structurally grounded 
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model of organizational risk. It also helps explain why some change initiatives fail despite executive 

sponsorship: the initiative may neglect dependency-critical units that are not visible in formal strategic 

narratives but are central in the actual graph of work. 

 

6.3 From Dependency Mapping to Organizational Resilience and Governance 

The broader value of graph intelligence lies in its potential contribution to resilience and governance. 

Once hidden dependencies are identified, organizations can use the resulting knowledge to redesign 

workflows, establish contingency routes, reduce bottleneck pressure, diversify support mechanisms, and 

improve cross-functional coordination. Graph intelligence can also support transformation initiatives by 

revealing where integration friction is likely to occur. Rather than treating dependency maps as static 

diagnostics, organizations can incorporate them into ongoing governance routines, including change 

review, business continuity planning, compliance oversight, and digital architecture management. 

 At the same time, the study has important limitations. The analysis is simulation-based and 

therefore cannot be treated as evidence that the exact same dependency patterns will arise in any real 

organization. Real networks are influenced by institutional culture, political dynamics, data quality, 

evolving processes, and informal behavior that may not be fully captured in a synthetic graph. Future 

empirical research should therefore apply graph intelligence to longitudinal organizational data, compare 

formal and hidden dependency maps, and investigate whether graph-informed interventions measurably 

improve resilience, coordination quality, or operational performance. Even with these limitations, the 

methodological contribution remains important because it demonstrates a reproducible framework for 

transforming hidden organizational complexity into analyzable relational intelligence. 

 

7. Conclusion 

Complex organizations are held together not only by authority structures and formal processes but by 

large and often invisible dependency networks. These networks connect units through work routines, 

information exchanges, approvals, technological platforms, compliance obligations, and external 

resource channels. When such dependencies remain hidden, organizations become vulnerable to 

misdiagnosed bottlenecks, poorly anticipated cascades, and ineffective coordination. 

 This study has shown that graph intelligence provides a useful framework for making these 

hidden structures visible. By representing functional units and their interdependencies as a graph, 

analysts can identify structurally central nodes, bridging units, cross-functional communities, and likely 

disruption pathways. The simulated results indicated that graph intelligence improves dependency 

visibility, bottleneck identification, and risk awareness, while also providing a more relational basis for 

managerial decision-making. 

 The paper also demonstrated that structurally critical units are not always the same as formally 

dominant units. Enabling functions such as IT Infrastructure, Data Analytics, Procurement, or 

Compliance may exert wide systemic influence because of their relational position. This insight has 

important consequences for resilience planning and organizational design. Resource prioritization, 

governance attention, and change planning should therefore be informed not only by formal hierarchy 

but also by networked dependency structure. 
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Because the present study is simulation-based, its quantitative values are illustrative rather than 

empirical. Nevertheless, the methodological lesson is clear: graph intelligence enables organizations to 

move from fragmented process awareness toward integrated dependency awareness. Future research 

should validate the framework in real organizational contexts and extend it with dynamic graph analysis, 

temporal event data, and graph-based predictive modeling. In increasingly interconnected organizations, 

understanding hidden dependencies is not a peripheral analytical exercise; it is a strategic requirement 

for resilient and intelligent management. 
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